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FOREWORD 


This collection contains papers presented at the 
International Machine Learning Workshop held June 22-24, 
1983 at Allerton House, the residential conference 
center of the University of Illinois. This was the 
second such Workshop. The first was held at Carnegie­
Mellon University in Pittsburgh, July 16-18, 1980. 
Machine Learning Workshops serve as a forum for exchange 
of ideas and for presenting current research in machine 
learning from an artificial intelligence perspective. 

We are grateful to the Office of Naval Research for 
sponsoring both Workshops, and to the Department of 
Computer Science of the University of Illinois for 
providing organizational help in this Workshop. Special 
thanks go to James N. Snyder, Richard Canaday, June 

Wingler and Donna Hart for their invaluable help and 


. support. We are also indebted to Research Assistants 

of the Intelligent Systems Group who assisted in 
innumerable ways. 

Ryszard S. Michalski 
Jaime G. Carbonell 
Tom M. Mitchell 
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LEARNING BY AllGl\tENTING RULFS AND ACCUMULATING CENSORS 

Patrick H. Winston 
Artificial Intelligence Laboratory 
Massachusetts Institute of Technology 
545 Technology Square 
Cambridge, MA 02139 

ABSTRACT 

This paper is a synthesis of several sets of ideas: ideas 
about I~arning from precedents and exercises. ideas 
about learning using near misses, ideas about 
generalizing if-then rules, and ideas about using censors 
to prevent procedure misapplication. 

The extensions are as follows: (1) If-then rules are 
augmented by unless conditions. creating augmented 
if then rules. An augmented if-then rule is blocked 
whenever facts in hand directly demonstrate the truth of 
an unless condition. When an augmented if-then rule is 
used to demonstrate the truth of an unless condition. 
the rule is called a censor. Like ordinary augmented 
if-then rules. censors can be learned. (2) Definition 
rules are introduced that facilitate graceful refinement 
The definition rules are also augmented if-then rules. 
They work by virtue of unless entries that capture 
certain nuances of meaning different from those 
expressible br necessary conditions. Like ordinary 
augmented if-then rules, definition rules can be learned. 

Key terms: Learning, analogy, if-then rules, 
censors. 

KEY IDEAS 

This paper builds primarily on a previous paper that 
introduced a theory of learning from precedents and 
exercises using constraint transfer [Winston 1981J, The 
theory addresses the analogy process at work when we 
exploit past experience in fields like Management. 
Political Science. Economics, Medicine. and law. as 
weJl :IS from everyday life. 

Two extensions to the theory are described. Work 
on the first extension was stimulated by some of the 
apparent blunders of the extant system. Work on the 
second extension was stimulated by some problems 
encountered in making definitions. 

Arter a brief review of the overall theory, J present 
an example showing that the rules generated by the 

unextended learning system can be misapplied. Next, J 
discuss various solutions to the misapplication problem. 
including the introduction of censors. At this point 
augmented if then rules are discussed. Each augmented 
if-then rule contains not only ifand then parts. but also 
an unless part. Before a rule acts, censors determine if 
any existing facts directly demonstrate that an unless 
relation is true. Ifso. the rule is blocked. 

This leads to the development of definition rules 
based on augmented if-then rules and a discussion of 
their relevance to the problem of concise definition 
versus unlimited nuance. 

Next, it is shown that censors can block censors 
and that censors can be learned. both by precedent and 
exercise and by near miss. 

Finally. J describe precedents for this work itself, 
including ideas that stimulated what I have done, such 
as Minsky's ideas on the role of censors in problem 
solving [Minsky 1980]. as well as other ideas that I 
reinvented or borrowed from as my work progressed. 
such as Goldstein and Grimson's ideas on generalizing 
if-then rules [1971J. 

There are references throughout to an 
implemented system that actually does acquire and use 
censors. This implemented system inherits some key 
ingredients from previous work: 

o 	 Analogy-based reasoning using constraint transfer. 
Analogy requires the ability to determine how two 
situations that arc similar in some respects may be 
similar in other respects as well. Here the 
determination is done by transferring constraints 
from the precedent situation to the exercise 
situation. 

o 	 Learned if-then rules. In contrast to current 
practice in Knowledge Engineering, if-then rules 
emerge automatically as problems are solved. 
Teachers supply precedents ~nd exercises. leaving 
the work of formulating the jf-then rules to the 
system. 
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o 	 Actor'object representation. Situations are 
represented using relations between pairs of 
situation parts. Supplementary descriptions can 
be attached to the relations when elaboration is 
needed. 

a 	 Importance'dominated matching. The similarity 
between two situations is measured by finding the 
best possible match according to what is important 
in the situations. Importance is determined by 
causal connections in the situations themselves. 
Causal connection is viewed as a common 
importance-determining constraint 

LEARNING FROM PRECEDENTS 

Let us begin by reviewing the sort of task performed by 
the theory as previously reported. Consider the 
following precis of Macbe{h, given by a teacher as a 
precedent: 

MA is a story about Macbeth. 
Lady-macbeth, Duncan. and Macduff. 
Macbeth is an evil noble. Lady-macbeth is a 
greedy, ambitious woman. Duncan is a king. 
Macduff is a noble. 

Lady-macbeth persuades Macbeth to want 
to be king because she is greedy. She is able 
to influence him because he is married to her 
and because he is weak. Macbeth murders 
Duncan with a knife. Macbeth murders 
Duncan because Macbeth wants to be king 
and because Macbeth is evil. Lady-macbeth 
kills herself. Macduff is angry. Macduff 
kills Macbeth because Macbeth murdered 
Duncan and because Macdu ff is loyal to 
Duncan. 

Next. consider the following exercise: 

Let E be an exercise. E is a story about a 
weak noble and a greedy lady. The lady is 
married to the noble. In E show that the 
noble may want to be king. 

Told by a teacher that Macbeth is to be considered a 
precedent, it is announced that the precedent suggests 
that the noble maY want to be king. Then a 
principle-capturing if-then rule is created suggesting 
that the weakness of a noble and the greed of his wife 
can cause the noble to want to be king. The rule loob 

like this: 

Rule 
RULE-l 

if 
[LADY-4 HQ GREEDY) 

[NOBLE-4 HQ WEAk] 

[[NOBLE-4 HQ MARRIED] TO LADY-4] 


then 
[NOBLE-4 WANT [NOBLE-4 AKO KING]] 

case 
MA 

The exercise problem could have been handled by 
this rule directly, without recourse to the Macbeth 
precedent, were it available when the problem was 
posed. Thus the rule adds power. Unfortunately, it also 
adds blunder, as when the following exercise is given: 

Let E be an exercise. E is a story about a 
weak noble and a greedy lady. The lady is 
married to the noble. He does not like her. 
In E show that the noble may want to be 
king. 

This situation is different because we know that it is 
difficult for a person to influence someone who does 
not like him. Evidently, the rule is overly general, ready 
to reach conclusions when it should not 

This paper introduces extensions to the existing 
theory such that the implemented system behaves 
correctly on the given example and many others. The 
improved system works because of the following: 

o 	 The blocking principle: Suppose a rule, derived 
from a precedent, seems to apply to a problem. 
Consider the relations in that part of the 
precedents's causal structure involved in forming 
the rule. If any such relation corresponds to a 
relation that is either' false or manifestly 
implausible in the problem situation, then the rule 
based on the precedent does not apply. 

a 	 The prima facie conjecture: A relation is 
manifestly implausible if its negation can be 
shown by a direct, one-step inference from 
relations already in place. 

Thus the improved system works, satisfying one 
imponant criterion for success, and it works because it 
exploits identifiable ideas. satisfying another. 

CREATING RULES USING ANALOGY 

Let us review how rules are generated. Consider the 

Macbeth precedent, given earlier, together with the 
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i" King 

Macbeth want .1ako 

i Macbeth Greedy

pcrs~e~1111111 Ihq 

Lady-Macbeth Lady-Macbeth 

hq ! 
f 
to ..!innu'nce 

Macbeth Able!! Macbeth 

!

~l1lllllll tool 


hq Lady-Macbeth ... +hq 

Weak Married 


/' King 


Man w:'t 
 +.0 

? ........

• I Man Greedy

\ .... 

:~~~~~------1 hq 

I Woman ,I 
+ • 

Mu I' Mu 

hq r""-------'~om.n ------1 hq.,.1... 

Weak Married 

Figure 1: Problems are solved by transferring the 
existing cause relations of a precedent (crossed lines, 
part a) onto the problem to be solved (dotted lines. part 
b). HQ =Has Quality. AKO =A Kind Of. 
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exercise, both expressed in semantic-network form. as 
shown in figure 1. When asked to demonstrate that the 
man may want to be king. given the Macbeth precedent, 
the system proceeds as follows: 

o 	 1l1e people in the precedent are matched with the 
people in the exercise. More genera1ly. precedent 
parts are matched with exercise parts. 

o 	 The causal structure of the precedent is mapped 
onto the exercise. 

o 	 It is determined that the mapped causal structure 
ties the relation to be shown to relations known to 
be true. 

o 	 A ru Ie is constructed. with generalizations of the 
exercise relations used becoming if parts and a 
generalization of the relation to be shown 
becoming the Ihen part 

When a single precedent cannot supply the total causal 
structure needed. the system attempts to chain several 
together. In the example, if it were not known already 
that the woman is greedy. as required for application of 
the Macbeth precedent, greed might be established 
through another precedent or already-learned rule. A 
previous paper explains this in detail [Winston 1981]. 

ENABUNG CENSORS 

So far we have established that rules can be generated 
and that they need to be blocked in certain 
circumstances. There are three obvious ways to arrange 
for blocking: 

First, expand the if part of an offending rule. 
restricting its use. One problem with this idea is that 
rules can become bloated with endless tests for 
increasingly unlikely minutiae. Such bloat makes rules 
obscure and hard to criticize. debug, and improve, for 
both us people and for reasoning programs. 

Second, attach censors to each rule. Have the 
censors check the problem to be solved for 
contraindications to the rules the censors are attached 
to. One problem is that the rules can become bloated 
with censor names: these censor names would give no 
explicit insight into when the rules do not apply. 

Third. have censors watch for particular relations. 
Forbid any rule or precedent to work toward 
establishing a relation that a censor objects to. One 
problem is that the rules continue to look silly, 
containing no hint about when they do not apply. . 

Censors can Block Augmented If-then Rules 

A better, less obvious idea, is this: 

o 	 Augment each rule at the time it is generated with 
entries that correspond to all relations i~ the 
causal structure lying between relations that enter 
the ifpart of the rule and the relation that enters 
the then part of the rule. Negations of these 
intermediate entries constitute the unless part of 
the rule. According to the blocking principle. if 
any entry in the unless part ofthe rule corresponds 
to something that is manifestly true, then the rule 
does not apply. 

Clearly a relation is manifestly true if the existing facts 
indicate that the relation is true. But introspectively. it 
seems unreasonable to go deeply into reasoning about 
unless entries. Hence the implemented system adheres 
to the folJowing specialization of the prima facie 
conjecture: 

o 	 If any entry in the unless part of a rule 
corresponds to a relation that can be shown to be 
true by another rule working directly from 
relations already in place. then. block the rule. 

Suppose, for example. that a rule's unless part is 
triggered when someone is unable to influence another. 
Such a rule will be blocked if the person to be 
influenced does not like the other. The augmented 
form ofRULE-! is: 

Rule 
RULE -1 

if 
(LADY-4 HQ GREEDY] 
[NOBLE-4 HQ WEAK] 
[[NOBLE-4 HQ MARRIEO] TO LADY-4] 

then 
[NOBLE-4 WANT [NOBLE-4 AKO KING]] 

unless 
[[LADY-4

PERSUADE 
[NOBLE-4 WAHT [NOBLE-4 AKO KING]]]

HO FALSE]
[[[LADY-4 HQ ABLE]

TO 
[LADY-4 INFLUENCE NOBLE-4]]

HO FALSE] 
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The blocking rule is: 

Rule 

RULE-2 


if 
[[PERSON-B LIKE PERSON-7] HQ FALSE]


then 

[[[PERSON-7 HQ ABLE]


TO 

[PERSON-7 INFLUENCE PERSON-B)]


HQ FALSE] 

A rule becomes a censor when it blocks the 
application of another rule. Since censors look just like 
any other rules. censors can be learned. stored. and 
retrieved in the same ways. 

Note that when the illustrated rule is used to block 
another. it only works if it is known at the time of use 
that there is dislike. There is no attempt to demonstrate 

. dislike when not already known. 
Note that the viability of the prima Jacie 

conjecture depends on having a rich vocabulary of 
relations. It would be difficult to demonstrate anything 
in one step if all relations were reduced to canonical 
constellations of small-vocabulary primitives. This 
opens the question of just how rich the vocabulary 
should be, a question answered operationally by using 
freely those relations for which there are common 
natural-language words. 

The viability of the prima facie conjecture also 
depends on having all solid facts available before 
backward-chaining problem solving begins. This means 
that all solid facts are either given facts or deduced 
already by forward chaining from given facts using 
reliable, potentially relevant rules. Reliability is insured 
by forward chaining only with rules that reach 
unassailable conclusions. Relevance cannot be insured. 
but can be rendered more likely. One way is to use the 
context mechanism described in an earlier paper 
[Winston 1981]. 

Censors can mock Censors 

Actually, it is possible to be influenced by someone you 
dislike if for some reason you trust them in spite of the 
dislike. Perhaps the real able-to-influence censor 
should look like this: 

Rule 

RULE-2 


if 

[[PERSON-B LIKE PERSON-7] HQ FALSE] 


then 

[[[PERSON-7 HQ ABLE] 

TO 
[PERSON-7 INFLUENCE PERSON-8]] 

HQ FALSE] 

unless 


[PERSON-S TRUST PERSON-7] 


Such a censor could be blocked by another censor 
which states that you believe someone if they have the 
ability to convince you: 

Rule 
CENSOR-! 

it 
[[PERSON-6 HQ A8LE]

TO 
[PERSON-6 CONVINCE PERSON-5]] 

then 
[PERSON-5 TRUST PERSON-6] 

To illustrate how these can interact, consider the 
following situation: 

Let E be an exercise. E is a story about a 
weak noble and a greedy lady. The lady is 
married to the noble. He does not like her . 
The lady is able to convince the noble. In E 
show that the noble may want to be king. 

This produces the following scenario: 

o First, the problem is posed and 
fetched. Its ifparts are satisfied. 

RULE-1 is 

o Next, the unless part of RULE-1 is examined. The 
line involving ability to influence causes RULE·2 
to be fetched. Its ifparts are satisfied. RULE-1 is 
about to be blocked. 

o 	 But RULE-2's unless part must be examined. The 
line involving believing causes CENSOR-} to be 
fetched. Its if parts are satisfied. Thus 
CENSOR-1 blocks RULE-2, preventing RULE-2 
from blocking RULE-I. 

o 	 Finally, RULE-} succeeds, establishing the 
relation originally asked about 

Augmented If-then Rules are not Rules or Inference 

It is tempting to write censors in the following way: 

or alternatively. 

where the As are in the !fpart of the rule and the Bs are 
in the unless part. 
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Logical notation is deceptive, however, for in the use of 
augmented if-then rules, the As and Bs get· treated 
differently from each other, in contrast to the 
conventions of traditional logic: unlimited effort is to be 
put into showing the As are true; only one-step effort is 
put into showing that the Bs are true, with the Bs 
assumed false on failure. 

Note that rules used as censors are not permitted 
to create new objects. This insures that the amount of 
computation added by the application of censors to 
unless entries is bounded even though censors have 
their own unless parts that must be checked by censors. 
I believe it is likely that censor computations will prove 
in practice to be broad and shallow, as well as bounded, 
suggesting parallel implementation. 

Augmented Rules suggest an Approach to certain 
Dennition Problems 

Winograd has discussed the difficulty of definition 
using the word bachelor (Winograd 1976). To be sure. a 
bachelor is an unmarried adult man, but Winograd 
notes that such a definition can cause trouble if used 
when someone says, "Please invite some nice bachelors 
to my party," for it would be strange to invite certain 
kinds of bachelors. For example, Catholic priests and 
misogamists, while satisfying the dictionary definition. 
are clearly not what a party giver has in mind. 

Since the exception possibilities seem limitless. 
Winograd feels it is inappropriate to rest a definition of 
bachelor on a clearly defined, small set of primitive 
propo~itions. arguing that it is better to think of using 
some abstract measure of closeness to an extensible set 
of exemplars. Woods takes issue with Winograd's view, 
feeling that correct understanding must involve an 
explicit selection of a particular word sense. rather than 
closeness to a generally applicable exemplar set [Woods 
1981]. 

The augmented-rule idea may offer a slightly 
different approach to the problem. Consider the 
following definition of bachelor, stated as an augmented 
if-then rule: 

Rule 
RULE-2 

if 
[MAN-lO AKO MAN] 
[[MAN-lO HO MARRIED] HO FALSE]
[MAN-lO AKO ADULT] 

then 
[MAN-IO AKO BACHELOR] 

unless 
[[[MAN-IO HO MARRIED] HO EXPECTED] 

HO FALSE]
[[[MAN-IO HO ABLE] TO [MAN-lO HO MARRIED]] 

HO fALSE] 

With this definition. the conclusion can be avoided. 
even though the if part of the rule is fully satisfied, 
providing that the individual involved is not able to be 
married or is not expected to be married. This takes 
care of the priest and the misogamist problems, given 
the following censors: 

Rule 
CENSOR-I 

if 
[PERSON-I AKO MISOGAMIST] 

then 
(([PERSON-l HO MARRIED] HQ EXPECTED] 

HO FALSE) 

Rule 
CENSOR-2 

if 
[MAN-4 AKO PRIEST) 

then 
([[MAN-4 HQ ABLE] TO (MAN-4 HQ MARRIED)]

HO FALSE) 

Evidently, it is possible to have a simple, stable 
definition of bachelor. while at the same time allowing 
for knowledge relevant to bachelors to interact with the 
definition, when appropriate, as that knowledge is 
accumulated. As more is learned, the definition is used 
more intelligently, and. in a sense. the definition is 
never closed. ' 

How does capturing the meaning of bachelor with 
an augmented if-then rule compare with other 
approaches? One point of view is that Winograd's 
exemplars correspond to rule-generating precedents, 
and learned augmented if-then rules correspond to 
Woods's selectable word senses. We will tum to 
learning about bachelors from precedents in a moment 

CeMOrs can Improve Precedent Reasoning 

While censors were originally investigated in this work 
in order to cure the apparent silliness of some learned 
rules. they help in another context too. When ordinary 
precedent-exercise problem solving is in progress, the 
analogy part of the system works back through the 
causal structure in the precedent. looking for relations 
that correspond to relations in the exercise. Each time 
there is no corresponding relation, before the system 
moves further through the causal structure, it does a . 
censor check. 

o 	 If a relation is encountered in the causal structure 
of the precedent that corresponds to a relation that 
is manifestly improbable in the exercise. then the 
precedent cannot support a conclusion. 



LEARNING AUGMENTED RULES 


Since censor rules and definition rules are just rules 
used in a special way, they can be learned just like any 
other rules. This may be by direct telling. or it may be 
by precedent and exercise, or it may be by near-miss. 

Augmented Rules can be Learned by Precedent and 
Exercise 

Here is a precedent and an exercise for learning the 
bachelor definition rule: 

Let S be a story. S is a story about Casanova. 
Casanova is a bachelor because he is a man 
and because he is expected to be married. 
He is expected to be married because he is 
able to be married. He is able to be married 
because he is an adult and because he is not 
married. 

Let E be an exercise. E is a story about 
Henry. He is a man and an adult. He is not 
married. In Eshow that Henry is a bachelor. 

Of course, one might argue that providing the 
precedent involving Casanova is unrealistic spoon 
feeding. Indeed, it may well be, so it is important to 
understand that the same bachelor rule can be learned 
using several independent precedents: 

Let S be a story. S is a story about a man. 
He is a bachelor because he is expected to be 
married. He is a bachelor because he is a 
man. 

Let S be a story. S is a story about a man. 
He is expected to be married because he is 
able to be married 

Let S be a story. S is a story about a man. 
He is able to be married because he is an 
adult and because he is not married. 

Alternatively, the bachelor rule can be learned using 
se~eral previously-learned rules: 

Rule 
STORY-! 

if 
[MAN-! AKO MAN] 
[[MAN-! HQ MARRIED] HQ EXPECTED] 

then 
[MAN-! AKO BACHELOR] 

Rule 
STORY-2 

if 
[[MAN-2 HQ ABLE] TO [MAN-2 HQ MARRIED]] 

then 
[[MAN-2 HQ MARRIED] HQ EXPECTED] 

Rule 
STORY-3 

if 
[MAN-3 AKO ADULT]
[[MAN-3 HQ MARRIED] HQ FALSE] 

then 
[[MAN-3 HQ ABLE] TO [MAN-3 HQ MARRIED]] 

Also, it is possible to learn a rule that allows a married 
Moslem. seeking an additional wife, to be considered a 
bachelor. 

Augmented Rules can be Learned by Neal"'miss 

Ofcourse, there should be some way of recovering if an 
impoverished definition is acquired early on. The 
near-miss idea seems useful in such situations. 
Consider this scenario: 

o 	 A teacher tells the system that a bachelor is an 
unmarried, adult man. This produces an 
impoverished definition of bachelor, one without 
anything in the ulliess part. 

o 	 The teacher complains when the system identifies 
a Catholic priest as a bachelor. 

o 	 The system notices that the only robust difference 
between the priest and other people who are 
correctly identified as bachelors is that the priest is 
not able to be married 

o 	 The system guesses that bachelors must be able to 
be married and puts an appropriate entry in the 
unless part of the bachelor definition. 

Of course, this is a particularly simple situation since 
there is but one object involved and the descriptions are 
such that the near-miss-causing relation is the only 
relation that is caused by something and not deemed 
plausible in a situation where the rule does apply. It is 
not known how difficult it would be to identify the right 
difference in general. Recent work by Berwick on 
syntax acquisition [1982] and by Minsky in concept 
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learning (unpublished draft] suggest that if it is difficult 
to identify the right difference, a learning system should 
'simply give up, waiting for more transparent examples 
to come along. 

THE IMPLEMENTED SYSTEM 

The example precedents. exercises, rules. and censors in 
this paper are shown in the exact English fonn used by 
the implemented system. Translation from English into 
the semantic net representation used by the system is 
done by a parser developed and implemented by Boris 
Katz (Katz 1980. Katz and Winston 1982), The 
grammar used by the parser is also used by a generator. 
which produces English versions of the rules. For 
example, the generator converts 

Rule 
RULE-2 

if 
[MAN-lO AKO MAN] 
[[MAN-lO HQ MARRIED] HQ FALSE] 
[MAN-10 AKO ADULT] 

then 
[MAN-lO AKO BACHELOR] 

unless 
[[[MAN-10 HQ MARRIED] HQ EXPECTED] 

HQ FALSE] 
[[[MAN-lO HQ ABLE] TO [MAN-lO HQ MARRIED]] 

HQ FALSE] 

into 

Rule-2 concerns a man. If the man is not 
married and he is an adult. then he is a 
bachelor, unless he is not expected to be 
married or he is not able to be married. 

So far, the system knows a few dozen censors,. 
most of which it is told, all of which it can learn from 
precedents or rules and exercises. Clearly the number is 
enough to do surface-scratching experiments and to 
illustrate the ideas, but an order of magnitude or two 
more will be required to demonstrate the ideas. 

OPEN QUESTIONS 

It is plain that this work is only a beginning. Work is in 
progress on several related fronts: 

o 	 In collaboration with Boris Katz: the problem of 
retrieving precedents from a data base so that they 
need not be given by a teacher. 

"and Boris Katz: the problem of creating 
appearance descriptions from functional 
descriptions, precedents, and examples. 

o 	 In response to a suggestion by 1. Michael Brady: 
an augmentation of the rules with an jfrelevant 
part in addition to the unless part described in this 
paper. The idea is that the ifrelevant part will 
somehow keep track of the ultimate goals a rule 
may be relevant to, so that the rule is used in 
forward chaining only if one of the potential 
ultimate goals is involved in the problem to be 
solved. This would make the rules look like this in 
logical notation: 

Al A ... AAn 


A -.(B1V ... V Bn) 

A(G1 V ... VGn) 

.. C, 

where the As are in the ifpart of the rule, the Bs 
are in the unless pan. and the Gs are in the 
ifrelevant part; and where it is understood that 
only one-step effort is to be put into the Bs and 
as. 

This would complement the existing context 
mechanism explained previously (Winston 1981]. 

In addition, the following open questions,' 
enumerated in a previous paper. remain open 
(Winston 1981): 

o 	 There is no way to handle degree of certainty of 
cause. Moreover, there is no way to handle 
subcategories of cause such as those sketched by 
Rieger [1918). 

o 	 There is no way to handle constraints about 
quantities such as those constraints that appear in 
the work of Forbus [1982). 

o 	 There is no way to summarize an episode in a 
story so as to make a general precis leading to 
more abstract rules. Lehnert's summarization 
work should be tried [Lehnert 1981]. 

o 	 Th~re are no satisfying ideas about the role of 
abstraction in doing matching and indexing and 
retrieving. 

o In collaboration with Tomas O. Binford (Stanford 
University). Michael Lowry (Stanford University). 
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o 	 The representation for time is impoverished. 
Similarly quantification. negation. disjunction. 

. and perspective are missing. 

CONCLUSION: SIMPLE Il)EAS HAVE PROMISE 

This paper is about a set of ideas that enable 
improvement in the reliability of learned rules. The 
extended theory enables improved performance in 
those domains subject to problem solving by analogy. 
Such domains satisfy certain restrictions: 

o 	 The situations in the domain can be represented 
by the relations between the parts together with 
the classes and properties of those parts. 

o 	 The importance of a part of a description is 
determined by the constraints it participates in. 

o 	 Constraints that once determine something will 
tend to do so again. 

Things that involve spatial. visual, and aural 
reasoning do not seem to satisfy all the restrictions. 
Things that involve Management, Political Science. 
Economics. Law, Medicine. and ordinary common 
sense do seem to satisfy the restrictions. however, and 
are targets for the learning and reasoning ideas of the 
theory: 

o 	 Actor-object representation. 

o 	 Importance-dominated matching. 

o 	 Analogy-based reasoning using constraint transfer. 

o 	 If-then rules learned by solving problems. 

o 	 If-then rules improved by modifications based on 
near misses. 

o 	 If-then rules augmented by unless parts. 

o 	 Blocking censors that create fences around rules 
using prima facie evidence. 

RELATED WORK 


This work builds on the MACBETH system [Winston 
1980, 1982]. which concentrated on analogy and rule 
acquisition. Also, Minsky's views on censors had a 
major influence [Minsky 1980]. To a lesser extent, the 
idea of learning by near miss is involved [Winston 
1970]. 

The augmented if-then rule is a special case of the 
annotated if-then rule introduced by Goldstein and 
Grimson in a paper on flight simulation [1977]. They 
had the idea that if-then rules should exhibit certain 
unless-like conditions (which they called caveats). as 
well as rationales. plans. and control information. The 
work of Brown and VanLehn on explaining subtraction 
bugs is a more recent precedent for using censors to 
block rules, although their censors (which they call 
critics) are triggered by what a rule does. rather than by 
unless conditions [Brown and VanLehn 1980). 

The idea that censors should work only with the 
facts in hand is a variant on the theme of reasoning 
using limited resources, an idea that is discussed widely. 
particularly in the expert-systems literature. 

John Mallery observed in conversation that the 
definition of bachelor really should say something about 
being expected to be married, stimulating me to try 
handling the bachelor problem within the unless 
framework. Boris Katz pointed out that the prima facie 
conjecture does not make sense unless all reliable, 
potentially relevant forward chaining is done first. 
Jonathan H. Connell suggested using the designator 
unless. rather than ifplausible. which was used in a 
p'revious version of this paper. 
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Abstract 

Derivational analoriY. a method of solving problems based upon 
the transfer of past experience to new problem situations. is 
discussed in the context of other general approaches to 
problem solving. The experience transfer process consists of 
recreating lines of reasoning. including decision sequences and 
accompanying justifications, that proved effective in solving 
pnrl ir;ul3r problems requiring similar initial analysis. The 
derivational analogy Approach is advocated as a method for 
instructing expert systems, as an alternative approach to current 
pai,1staking knowledge acquisition methods of handcrafting. 
testing And tuning individual, domain specific heuristic rules. 

'1. Introduction: The Role of Analogy in 
Problem Solving 

The term "problem solving" in artificial intelligence has been 
used to denote disparate lorms of intelligent action to achieve 
well·defined goals. Perhaps the most common usage stems from 
Newell and Simon's work [22] in which problem solving consists 
of selecting a sequence of operators (from a pre· analyzed finite 
set) thai transforms an initial problem state into a desired goal 
state. Intelligent behavior consists of a focused search for a 
suitable operator sequence by analyzing the states resulting 
from the application of different operators to earlier states.1 

Many researchers have adopted this viewpoint [12, 26. 23]. 

However, a totally different approach has been advocated by 
McDermott [19] and by Wilensky [32. 33] that views problem 
solving as plan instantiation. For each probl.em posed there are 
one or more plans that outline a solution, and problem solving 
consists of identifying and instantiating these plans. In order to 
select, instantiate, or refine plans. additionals plans that tell how 
to im:tantiate other plans or how to solve subproblems are 
brought to bear in a recursive manner. Traditional notions of 
search ar,. totally absent from this formulation. Some systems, 
such as the counterplanning mechanism in POLITICS [6, 3J. 
provide a hybrid approach, instantiating plans whenever 
possible, and' searching to construct potential solutions in the 
absence of applicable plans. 

A third approach is to solve a new problem by analogy to a 
previously solved similar problem. This process entails 

11n means· ends analysis. the current state is compared to the !)Oal state and 
one or more operators that reduce the difference are selected, whereas in 
heuristic search, the present state is evaluated in isolation and compared to 
allernate states resulting from the applieation 01 dHferent operators to states 
generated earlier in the search, and the search for a solution continues from the 
highest·rated slate, 

seClJching lor related past problems and transforming their 
solutions into ones potentially applicable to the new problem 
[24]. I developed and advocated such a method [7, 8] primarily 
as a means of bringing to bear problem solving expertise 
acquired from past experience. The analogical transformation 
process itself may require search, as it is seldom immediately 
claar how a solution to a similar problem can be adapted to a 
new situation. 

A useful means of classifying different problem solving 
methods is to compare them in terms of the amount and 
specificity of domain knowledge they require. 

• If no strucluring domain knowledge is available and 
there is no useful past experience to draw upon; 
weak methods such as heuristic search Hnd means· 
ends analysiS are the only tools that can be brought 
to bear, Even in these knowledge· poor situations, 
information about goal states. possible actions, their 
known preconditions and their expect!ld outcomes 
is required. 

• If specific domain knowledge in the form of plans or 
procedures exists. such plans may be instantiated 
directly, recursively solving any subproblems that 
arise in the process. 

• If gene,.al plans apply, but no specific ones do so, 
the general plans can be used to reduce the 
problem (by partitioning the problem or providing 
islands in the search space). For instance, in 
computing the pressure at a particular point in a 
Huid statics problem, one may use the general plan 
of applying the principle of equilibrium of forces on 
the point of interest (the vector sum of lhe forces = 
0). But, the application of this plan only reduces the 
original problem to one of finding and combining 
the appropriate forces, without hinting how that may 
be accomplished in a specific problem [5]. 

• 	II no specific plans apply, but the problem 
resembles one solved previously, apply analogical 
transformation to adapt the solution of that similar 
past problem the new situation. For instance, in 
some studies it has proven easier for students to 
solve mechanics problems by analogy to simpler 
solved problems than by appealing to first principles 
or by applying general procedures presented in a 
physics text (9), As an example of analogy involving 
composite s!~ills rather than pure cogn:tion, 
considdr a person who knows how to drive a car 

http:gene,.al
http:probl.em
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and is asked to drive a truck. Such a person may 
have no goneral plan or procedure for driving 
trucks, but is likely 10 perform most of the steps 
correctly by transferring much of his or her 
automobile driving knowledge. Would that we had 
robots that were so self· adaptable to new, if 
recognizably related tasksl 

Figure 1-1: Problem solving may occur by a) instantiating 
specific plans, b) analogical transformation to a 
known solution of a similar problem, c) applying 
general plans to reduce the problem, d) applying 
weak methods to search heuristically for a 
possible solution, or e) a combination of these 
approaches. 

Clearly. these problem solving approaches are not mutually 
exclusive; for instance, one approach can be used to reduce a 
problem to simpler subproblems, which can in tum be solved by 
the other methods. In fact, larkin and I [5] are developing a 
general inference engine for problem solving in the natural 
sciences that combines all four approaches. 

As discussed earlier, only direct plan instantiation and weak 
methods have received substantial attention by AI practitioners. 
For instance. Newell and laird's recent formulation of a 
universal weak method [17] as a general problem solving engine 
is developed completely within the search paradigm. Expert 
systems, for the most part, combine aspects of plan instantiation 
(often broken into small rule·size chunks of knowledge) and 
heuristic search in whatever manner best exploits the explicit 
and impliCit constraints of the specific domain [30, 11, 20]. I am 
more concerned with the other two approaches, as the they 
could conceivably provide powerful reasoning mechanisms not 
heretofore analyzed in the context of automating problem· 
solving processes. The rest of this paper focuses ona new 
formulation of the analogical problem solving approach. 

2. Analogy and Experiential Reasoning 
The term analogy often conjures up recollections of artificially 

contrived problems asking: "X is to Y as Z is to ?" in various 
psychometric exams. This aspect of analogy is far too narrow 
and independent of context to be useful in general problem 
solving domains. Rather, I propose the following operational 
definition of analogical problem solving consistent with past AI 
research efforts [16. 34. 35. 13,4,8]. 

Definition: Analogical problem solving consists of 
transferring Imow/edge from past problem solving 

episodes to new problems that share significant 
aspects in common with corresponding past 
experience. 

In order to make this definition operational, the problem solving 
method must specify: 

• what it means for problems to 	"share significant 
aspects in common .. , 

• what knowledge is transferred from past experience 
to the new situation, 

• precisely 	 how the knowledge transfer process 
occurs. 

• and how analogically related experiences are 
selected from a potentially vast long term memory of 
past problem solving episodes. 

The remainder of this paper discusses two major approaches 
to analogical problem solving I have analyzed in terms of these 
four criteria. The first approach has been successfully 
implemented in ARIES (Analogical Reasoning and Inductive 
Experimentation System). and we are actively experimenting 
with the other approach. This short paper focuses on a 
comparative analysis of the two methods, rather than discussing 
implementation techniques or examining our preliminary 
empirical results. 

2.1. Analogical Transformation of Past Solutions 
If a particular solution has been found to work on a problem 

similar to the one at hand, perhaps it can be used, with minor 
modification, for the present probtem. By "solution" I mean only 
a sequence of actions that if applied to the initial state of a 
problem brings about its goal state. Simple though this process 
may appear, an effective computer implementation requires that 
many difficult issues be faced, to wit: 

1. Past problems descriptions and their solutions must 
be remembered and indexed for later retrieval. 

2. The new problem must be matched against large 
numbers of potentially relevant past problems to 
find closely related ones, if any. An operational 
similarity metric is required as a basis for selecting 
the most suitable past experiences. 

3. The solution to a selected old problem must be 
transformed to satiSfy the requirements of the new 
problem statement. 

In order to achieve these objectives, the initial analogical 
problem solver [81 required a partial matcher with a built-in 
similarity criterion, a set of possible transformations to map the 
solution of one problem into the solution to a closely related 
problem, and a memory indexing mechanism based on a MOPS­
like memory encoding of events and actions [28). The solution 
transformation process was Implemented as a set of primitive 
transform operators and a means· ends problem solver that 
searched for sequences of primitive transformations yielding a 
solution to the desired problem. The resultant system, called 
ARIES·I, turned out to be far more complex than Originally 
envisioned. Partial pattern matching of problem descriptions 
and searching in the space of solution transformations are 
difficult tasks in themselves. . 

In terms of the four criteria, the solution transformation 
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process may be classified as follows: 

1. Two problems share significant aspects if they 
roatch within a certain preset threshold in the initial 
partial matching process. 

2. The knowledge transferred to the new situation is 
the sequence of actions from the retrieved solution, 
whether or not that sequence is later modified in the 
analogical mapping process. 

3. The knowledge transfer process is accomplished by 
copying the retrievoo solution and perturbing it 
incrementally according to the primitive 
transformation steps in a heuristically guided 
manner until it satisfies the reljuirements of thc n(;w 
problem. (See [B) lor detailS.) 

4. The selection of relevant past problems is 
constrained by the memory indexing scheme and 
the partial pattern matcher. 

Since a significant fraction of problems encountered in 
mundane situations and in areas requiring significant domain 
expertise (but not in abstract mathematical puzzles) bear close 
resemblance to past solved prcblems, the ARIES·I method 
proved effective when tested in various domains, i.lcluding 
algebra problems and route planning tasks. An experiential 
learning component was added to ARIES that constructed 
simple plans (generalized sequences of actions) for recurring 
classes of problems, hence allowing the system to solve new 
problems of this class by the more direct plan instantiation 
approach. However, no sooner W'dS the solution transformation 
method implemented and analyzed than sOme of its 
shortcomings became strikingly a~lparent. In response to these 
deficiencies, I started analyzing more sophisticated methods of 
drawing analogies, as discussed in the following sections. 

3. The Derivational Analogy Method 
In formulating plans and solving problems, a considerable 

amount of intermediate information is produced in addition to 
the resultant plan or specific solution. For instance, formulation 
of subgoal structures, generation and subsequent rejection of 
alternatives, and access to various knowledge structures all 
typically take place in the problem solving process. But, the 
solution transformation method outlined above ignores all such 
information, focusing only upon the resultant sequence of 
actions and disregarding, among other things, the reasons for 
those actions. Why should one take such extra information into 
account? It would certainly complicate the analogical problem 
solving process, but what benefits would accrue from such an 
endeavor? Perhaps the best way to answer this question is by 
analysis of where the simple solution transformation process 
falls short and how such problems may be alleviated or 
circumvented by preserving more information from which 
qualitatively different analogies may be drawn. 

3.1. The Need for Preserving Derivation Histories 
Consider, for instance, the domain of constructing computer 

programs to meet a set of pre-defined specifications. In the 
automatic programming literature, perhaps the most widely used 
technique developed thus far is one of progressive refinement 
[2,1.15]' In brief. progressive refinement is a multi·stage 
process that starts from abstract specifications stated in a high 

level language (typically English Qr some variant of first order 
logic), and produces progressively more operational or 
algorithmic descriptions of the specifications committing to 
control decisions, data structures and eventually speCific 
statements in the target computer language. However, humans 
(well, at least this writer) seldom lollow such a long painstaking 
process, unless perhaps the specifications call for a truly novel 
program unlike anything in one's past experience. Instead, a 
common practice is to recall similar past programs and 
reconstruct the new programming problem along the same 
directions. For instance, one should be .able to program a 
quicksort algorithm in LISP quile easily if one has recently 
implemented quicksort in PASCAL Similarly, writing LISP 
programs that perform tasks centered around depth-first tree 
traversal (such as testing equality of S·expressions or finding 
the node with maximal value) are rather trivial for LISP 
programmers but surprisingly difficult for those who lack the 
appropriate experience. 

The solution transformation process proves singularly 
inappropriate as a means of exploiting past experience in such 
problems. A PASCAL implementation of quicksort may look very 
different than a good LISP implementation. In fact, attempting to 
transfer corresponding steps from the PASCAL program into 
LISP is clearly not a good way to produce any LISP program, let 
alone an elegant or efficient one. Although the two problem 
statements may have been simkr, and the problem solving 
processes may preserve much of the inherent similarity, the 
resultant solutions (i.e., the PASCAL and LISP programs) may 
bear little if any direct similarities. . 

The useful similarities lie in the algorithms implemented and in 
the set of decisions and internal reasoning steps required to 
produce the two programs. Therefore, the analogy must take 
place starting at earlier stages of the original PASCAL 
implementation. and it must be guided by a reconsideration of 
the key decisions in light of the new situation. In particular, the 
derivation of the LISP quicksort program starts from the same 
specifications, keeping the same divide and conquer strategy, 
but may diverge in selecting data structures (e.g. lists vs arrays), 
or in the method of choosing the comparison element, 
depending on the tools available in each language and their 
expected effiCiency. However. future decisions (e.g. whether to 
recurse or iterate, what mnemonics to use as variable names. 
etc.) that do not depend on earlier divergent decisions can still 
be transferred to the new domain rather than recomputed. Thus, 
the derivational analogy method walks through the reasoning 
steps in the construction of the past solution and considers 
whether they are still appropriate in the new situation or whether 
they should be reconsidered in light of significant differences 
between the two situations. 

The difference between the solution transformation approach 
and the derivational analogy approach just outlined can be 
stated in terms of the operational knowledge that can be 
brought to bear. The former corresponds to a person who has 
has never before programed quicksort and is given the PASCAL 
code to help him construct the LISP implementation, whereas 
the latter is akin to a person who has programmed the PASCAL 
version himself and therefore has a better understanding of the 
issues involved before undertaking the LISP implementation. 
Swartout and Balzer [31] and Scherlis [25J have argued 
independently in favor of working with program derivations as ' 
the basic entities in tasks relating to automatic programming. 
The advantages of the derivational analogy approach are quite 
evident in programming because the of the frequent 
inappropriateness of direct solution transformation, but even in 
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domains whether the latter is useful, one can create problems 
that demonstrate the need for preserving or r~onstructing past 
reasoning processes. 

3.2. The Process of Drawing Analogies by Derivational 
Transformation 

Let us examine in greater detail the process of drawing 
analogies from past reasoning processes. The essential insight 
is that useful experience is encoded in the reasoning process 
used to derive solutions to similar problems, rather than Just in 
the resultant solution. And, a method of bringing that experience 
to bear in the problem solving process is required in order to 
make this form of analogy a computationally tractable approach. 
Here we outline such a method: 

1. When solving a problem by whatever means store 
each step taken in the solution process. including: 

• The subgoal structure of the problem 

• Each decision 	made (whether a decision to 
take action, to explore new possibilities, or to 
abandon present plans), including: 

o Alternatives considered and rejected 

o The reasons for the decisions taken 
(with dependency links to the problem 
description or information derived 
therefrom) 

o The start of a false path taken (with .the 
reason why this appeared to be a 
promiSing alternative, and the reason 
why It proved otherwise, again with 
dependency links to the problem 
description. Note that the body of the 
false path and other resultant 
information need not be preserved.) 

o Dependencies of later decisions one 
earlier ones in the derivation. 

• Pointers to the knowledge that was accessed 
and proved useful in the eventual 
construction of the solution 

• The resultant solution itseff 

o In the event that the problem solver 
proved incapable of ·solving the 
problem, the dosest approach to a 
solution should be stored, a10rig with 
the reasons why no further progress 
could be made (e.g., a conjunctive 
subgoal that could not be satisfied). 

o In the event that the solution depends. 
perhaps indirectly, on volatile 
assumptions not stated In the problem 
description (such as the cooperation of 
another agent; or time·dependent 
states) store the' appropriate 
dependenciee. 

. 2. When a new problem is encountered that does not 

lend itself to direct plan instantiation or other direct 
recognition of the solution pattern, start to analyze 
tho problem by applying general plans or weak 
methods, whichever is appropriate to the situation. 

3. If after commencing the analysis of the problem, the 
reasoning process (the initial decisions made and 
the information taken into account) parallels that of 
past problem situations, retrieve the full reasoning 
traces and proceed with the derivational 
transformation . process. If not, consider the 
possibility of solution transformation analogy or, 
failing that, proceed with the present line of non· 
analogical reasoning. 

• Two problems are considered similar if their 
analysis results in equivalent reasoning 
processes, at least in its initial stages. This 
replaces the more arbitrary context-free 
similarity metric required for partial matching 
among problem descriptions in drawing 
analogies by direct solution transformation. 
Hence, past reasoning traces (henceforth 
derivations) are retrieved if their initial 
segment matches that the first. stages of the 
analysis of the present problem. 

• The retrieved reasoning processes are then 
used much as individual relevant cases in 
medicine are used to generate. expectations 
and drive the diagnostic analysis. Reasoning 
from individual cases has been recognized as 
an important component of expertise [29], but­
little has been said of the necessary 
information that each case must contain, let 
alone providing a simple method of retrieving 
the appropriate cases in a manner that does 
not rely on arbitrary similarity metrics. Here. I 
take the stand that cases must contain the 
reasoning process used to yield an answer, 
together with dependencies to the particular 
circumstances of the problem, pointers to 
data· that proved useful, list of alternative 
reasoning paths not taken, and failed 
attempts (coupled with both reasons for their 
failure and reasons for having originally made 
the attempt). Case-based reasoning is nothing 
more than derivational analogy applied to 
domains of extensive expertise. 

• It is important to know that although one may 
view derivational analogy as an interim step in 
reasoning from particular past experience as 
more general plans are acquired, it is a 
mechanism that remains forever useful, since . 
knowledge is always incomplete and 
exceptions to the best formulated general 
plans require representation and use of 
individual reasoning episodes. 

4. A retrieved derivation is applied to the current 

situation as follows. For each step in the derivation, 

starting immediately after the matched initial 

segment, check whether the reasons for performing 

that silep are stili valid by tracing dependencies In 

the retrieved derivation to relevant parts of the old 
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problem description or to volatile external 
assumptions made in the initial problem solving. 

• If parts of the problem statement or external 
assumptions on which the retrieved situation 
rests are also true in the present problem 
situation, proceed to check the next step in 
the retrieved derivation. 

• If there is a violated assumption 	or problem 
statement, check whether the decision made 
would still be justified by a different derivation 
path from the new assumptions or statements. 
If so, store the new dependencies and 
proceed to the next step in the retrieved 
derivation. The idea of tracing causal 
dependences and verifying past inference 
paUlS borrow heavily from TMS [10) and some 
of the non·monotonic logic literature [18J. 
However, the role played by data 
dependencies in derivational' analogy is 
somewhat different and more constrained 
than in maintaining global consistency In 
deductive data bases. 

• If the old decision cannot be justified by new 
problem situation, 

o evaluate the alternatives not chosen at 
that juncture and select the an 
appropriate one in the usual problem 
solving manner, storing it along with its 
justifications, or 

o initiate the subgoal of establishing the 
right supports in order for the old 
decision to apply in the new problem2 

(clearly, any problem solving method 
can be brought to bear in achieving the 
new subgoal). or 

o abandon this derivational analogy in 
favor of another more appropriate 
problem solving experience from which 
to draw the analogy or in favor of other 
means of problem solving. . 

• If 	one or 'more failure paths are associated 
with the current decision, check the cause of 
failure and the reasons these alternatives 
appeared viable in the context of the original 
problem (by tracing dependency links when 
required). In the case that their reasons for 
failure no longer apply. but the initial reasons 
for selecting these alternatives are still 
present, consider reconstructing this 
alternate solution path in favor of continuing 
to apply and modify the present derivation 
(especially if Quality of solution is more 
important than problem solving effort). 

2This approach only works il !he missing or violated premise relates to that 
part 01 the global state under control 01 the problem solver, such as acquiring a 
missing tool or resource, ralher than under the control pi an uncooperative 
external agent or a recalcitrant envirpnment, The discussion 01 strategy·based 
counterplonning gives a more complete account 01 subgoaJing to rectify 
unfullUied expectations [3, 61. 

• In the event that a different decision is taken 
at some point in the rederivation, do not 
abandon the old derivalion, since, future 
decisions may be independent' of some past 
decisions, or may stiD be valid (via different 
justifications) in spite of the somewhat 
different circumstances. This requires that 
dependency links be kept between decisions 
at different stages in the derivation. 

• The 	 derivational analogy should be 
abandoned in the event that a preponderance 
of the old decisions are invalidated in the new 
problem situation. Exactly what the 
perseverance threshold should be is a topic 
for empirical investigation, as it depends on 
whether there are other tractable means of 
solving this problem and on the overhead cost 
of reevaluating individual past decisions no 
longer be supported and mayor may not have 
independent justification. 

5. After an entire derivation has been found to apply to 

the new problem, store its divergence from the 

parent derivation as another potentially useful 

source of analogies, and as an instance from which 

more general plans can be formulated if a large 

number of problems of share a common solution 

procedure [8J. 


3.3. Efficiency Concerns 
An important aspect of the derivational analogy approach is 

the ability to store and trace dependency links. It should be 
noted that some of the inherent inefficiencies In maintaining 
global consistency in a large deductive data base do not apply, 
as the dependency links are intemal to each derivation with 
external pointers only to the problem description and to any 
volatile assumptions necessitated in constructing the resultant 
solution. Hence. the size of each dependency network is Quite 
small. compared to a dependency network spanning all of 
memory. Dependencies are also stored among decisions taken 
at different stages in the temporal sequence of the derivation, 
thus providing the derivational analogy process access to 
causal relations computed at the time the initial problem was 
solved. 

The analogical transformation process is not inherently Space 
ineffiCient. although it may so appear at first glance. The 
seQuence of decisions in the solution path of a problem are 
stored. together with necessary dependencies, the problem 
deSCription, the resultant solution, and alternative reasoning 
paths not chosen, Failed paths are not stored, only the initial 
decision that was taken to embark upon that path. and the 
eventual reason for failure (with its causal dependencies). are 
remembered. Hence, the size of the memory for derivational 
traces is proportional to the depth of the search tree, rather than 
to the number of nodes visited. Problems that share large 
portions of their derivational structure can be so represented in 
memory, saving space and a1lo\!ling similarity·based indexing. 
Moreover, when a generalized plan is formulated for recurring 
problems that share a common' derivational structure, the 
individual derivations that are tolally subsumed by the more 
general structure can be permanently masked or deleted. Those 
derivations that represent exceptions to the general rule. 
however, are precisely the instances that should be saved and 
indexed accordingly for future problem solving [14]. 
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3.4. Implication for Knowledge Acquisition 
At present the only effective means of encoding new 

information into an expert system is to painstakingly formulate 
each and every heuristic rule. test Its function in new and old 
cases, tune and update the information until it integrates 
properly with previous knowledge, and verify that the new 
performance accords with the expert's advice. This is seldom a 
one pass process, since experts find it Quite difficult to elicit 
their knowledge in a general and formal framework required to 
abstract the appropriate rules of behavior. Moreover, experts 
tire of the multiple iterations required to encode the knowledge 
in precisely the right form so that the expert system may make 
use of it in the problem solving process. 

A viable alternative to explicit encoding of domain specific 
rules is to provide the reasoning system with full solutions to 
probiems in the domain .. much like medical cases compiled In 
the literature that include descriptions of the problem, analysis 
performed, justifications for the diagnostic and treatment 
processes, alternatives considered, and outcomes of the 
selected treatment. In iII·structured domains, such as medicine 
and fault·diagnosis in electrical and mechanical systems, expert 
reason much more naturally from cases. In fact the educational 
process is heavily tilted towards this case based reasoning, 
leaving it up to the students to transfer the expertise of their 
teachers to new specific problems bearing appropriate similarity 
to the ones analyzed while learning. Thus, skill and knowledge 
are transferred implicilty. placing less burden on the expert and 
somowh:lt more burden in the student. The derivational analogy 
method proposed in this paper precisely addresses this mode of 
expertise transfer, where the student (expert system) observes 
and emUlates the master (domain expert). gradually acquiring 
his/her/its own expertise. 

3.5. Concluding Remarks 
Derivational analogy bears closer resemblance to Schank's 

reconstructive memory [27, 28) and Minsky's K·lines [21) than to 
traditiorral notions of analogy. Although derivational analogy is 
less ambitious in scope than either of these theories. it is a more 
precisely defined inference process that can lead to an 
operational method of reasoning from particular experiential 
instances. The key notion is to reconstruct the relevant aspects 
of past problem solving situations and thereby transfer 
knowledge to the new scenario, where that knowledge consists 
of decision sequences and their justifications, rather than 
individual declarative assertions. To summarize, let us describe 
the process of derivational analogy in terms of the lor criteria for 
analogical reasoning: 

1. Two problems share significant aspects if their 
initial analysis yields the same reasoning sleps, I.e., 
il the initial segments of their respective derivations 
start by considering the same issues and making the 
same decisions. 

2. The either derivation may transferred to the new 
situation, in essence recreating the significant 
aspects of the reasoning process that solved the 
past problem. 

3. Knowledge transfer is accomplished by 
reconsidering old decisions in light of the new 
problem situation, preserving those that apply, and 
replacing or modifying those whose supports are no 
longer valid in th~ new situation. . 

4. Problems and their derivations are stored in a large 

episodic memory along the line 01 Schank's MOPS 

[28], and retrieval occurs by replication 01 initial 
segments of decision sequences recalling the past 
reasoning process. 
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Abstract 

This paper presents a model of analogical reasoning for 
learning. The model is based on two main ideas. Fint, that 
the analogies used in learning about an unfamiliar domain 
depend heavily on tbe use of previously formed causal 
abstractions in a familiar or base domain. Second. tbat these 
analogies are extended incrementally to related situations as 
needed. The analogical mapping component of CARL, a 
computer program that learns about the semantics of 
assignment statements for tbe BASIC programming language, is 
described as an illustration this kind of causally. driven 
analogical reasoning and learning. Tbe model maps and debugs 
inferences drawn from several commonly used analogies to 
assignment. in response to presented examples. 

Ke),words, Learning, concept formation, analogical reasoning, 
causal abstraction, incremental mapping, debugging, cognitive 
modeling. 

I.Introduetion 
It has been often been said among AI researchers that 

learning one new thing requires knowing an enormous amount 
beforehand. One kind of learning for which this is most 
obviously true in learning by analogy. In this paper, I show 
exactly why this is true as it relates to one specific kind of 
learning by analogy, the formation of new concepts in an 
unfamiliar domain from analogies presented in a text or by a 
teacher. 

In developing the model presented here, I concentrated 
specifically on analogies commonly used in textbooks 
introducing students to computer programming i~ the BASIC 
language. The model was motivated in part by observations of 
students behavior when first introduced fU'St to the BASIC 
language using such analogies. 

Some unresolved problems with earlier models of analogical 
reasoning are addressed in the model. Because of the close 
relationship between our everyday notions of analogy and 
similarity, several models of analogical reasoning in AI have 
been developed around forms of partial pattern matching. 
Algorithms like those of Evans and Winston [Evans 
68, Winston 80) were based on the assumption that a best 
partial match could be found by accumulating evidence for 
each of a number 01 possible object-to-object mappings between 
representations of two situations, and then choosing the one 
that scored highest. In these systems, evidence for a match was 
essentially the number of relational conneetions preserved 
between corresponding objects for a given alignment of objects. 

fb;- ;ork-;;PO'ited' jiere~u.uPiiOr~ Iip;iby iiieAdvallced 
Reseatth Projects AleDa! of the Departmellt of Defeaee, aDd 
moaitored by the Office of Naval Resnrck ullder cOlltract No. 
NOOOl4-75-C-lll. 

The object alignment that placed the largest number of 
relations and attributes in correspondence was considered the 
best match and the thus ¥correct- analogical interpretation. 

This approach has several major drawbacks as a central 
component of a process model for analogical ',aNtin,. First, it 
presupposes that well defined, bounded representational models 
of the situations in botb tbe 6ase or familiar domain and tbe 
tar"t domain are available as inputs. But, in fact, the required 
prior representations of tbe objects and relations in the target 
domain may be wrong or inconsistent with tbe analogy, or may 
not exist at all. The point of presenting an analogy to a 
student is to aid bim in the construction or a representation of 
a target situation or to correct problems in a prior 
representation. Since matching cannot be used to construct 
such a representation where there was none berore, it cannot 
rorm the basis or a general theory or learning by analogy. 

Another problem with theories based principly on the 
matching of descriptions, particularly as the complexity of these 
descriptions increases, is that conceptual representations ror real 
situations may contain many objects not taking part in a 
specific analogy. Winston (Winston 80, Winston 82) suggested 
that attention to important relations, such as those connec:ted 
by causal links, can reduce the computational complexity or the 
matching process to some degree. Yet, even in strictly causal 
models, sub-systems can quite orten be usefully expanded to 
greater and greater levels of detail (deKleer and Brown 
81, Collins and Gentner 82), thereby introducing new objects 
and relationships which mayor may not play roles in the 
analogy. A system taking as input incomplete descriptions of 
analogical situations, such as those presented in texts, but with 
a large body or background causal and other knowledge for 
"filling outW such descriptions, would still require methods for 
narrowing the focus of the comparison. In particular, it must 
be possible to flDd analogical relationships between situations 
without detailed specification and pairing of all of the objects 
potentially present in representations of each situation. 

What is required to address these objections is to replace 
bottom-up matching with an approach based on analogical 
mapp'n" using a set of heuristics to delimit what is to be 
"imported- rrom a base to a target domain at a given time. 
One such heuristic is to map previously formed abstractions, 
such as those embodying causal and planning rules. It can be 
argued that such structures are necessary in any case for 
interpreting and planning in situations in a familiar domain. 
Focusing on such structures, and their associated special cases 
and known problems, allows for a much more top-down form of 
analogical reasoning. This is exactly what is required when 
prior knowledge of the target domain is severely impoverished. 
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2. Student Pl'Otoeol. Used &8 Guidelines 
Analogies round in typical introductory. texts generally 

include statements suggesting correspondences between one or 
several classes or objects in the domains to be related. To be 
userul, these stated correspondences must be combined with the 
presentation or target domain actions or situations described in 
term8 of plausible situations in the ramiliar domain. This is 
illustrated in the rollowing text, used by one author to 
introduce the notion or computer variable. 

\A II Ie ID IE IF 10 IH II 
I 3 I I I I 12 I I I I I 
1....1____ 1____ 1____ 1____ 1____ 1____ 1____ 1____ 1 

IJ IK Il \11 IN 10 IP III \R \ 
\ I \ 7 \ I 1 \ 1 I I 
\_--_\ ____ 1____ 1___.1 ____ 1____ 1____ 1____ 1____ 1 

IS IT \U IV IV IX \Y \Z I 

I \ 1 \ 1 I 6 1 1 I 

1____ 1____ 1____ 1____ 1____ 1____ 1____ 1___.1 

To illustrate the concept or variable, imagine that there are 
26 little 60zes inside the computer. Each box CluI contain 
one number at any ODe time. [Albrecht 781 

This analogy can be paraphrased "A variable is like a 60% 
in that numbers can be inllide variables in some ways similar to 
the way objects can be inside boxes." To be applied in learning 
about assignment, it helps ir specific actions associated with 
variables are also introduced, as in the statement "To put the 
number 5 in the variable X, type 'X-S'," No matter how it is 
presented, however, this kind or given inrormation must be 
combined with a student's ability to access knowledge or the 
"box· domain, including specific concepts developed rrom 
experience in that domain. In this simple case, a student must 
at least be able to interpret statements about putting objects in 
boxes. 

In the protocols I collected while tutoring introductory 
BASIC, I observed a number or plaullible, though orten 
incorrect, explanations being generated by students in response 
to examples and problems presented in the "programming" 
domain. This must in general be the case, since analogies are 
almost by definition imperfect correspondences between 
situations. The errors I observed occurred even with extremely 
simple a.ssignment statements. For example, statements like 
"X=Y· were misinterpreted as indicating that the "box· Y was 
to be "placed inside" the "box· X. Such examples make it clear 
that an important part or the process or developing new 
concepts by analogy must be the incremental debugging or the 
inrerences derived from the analogy, 

Sources or altern!,te hypotheses, including additional 
analogiell, can be quite useful in this debugging process. The 
following protocols illustrate this quite dearly. Arter explaining 
to one subject (Perry, age 10) that there were many boxes in 
the computer, and that each one had a name that he could 
ehoose, the following oc:curred. 

II: 	 Suppose th.r.'s • box call.d X.nd w.'r. going to 

store the nueber I) In th.r•. Holl llould JOu do th.t? 


P: the variabl.s .. uh X •• X••• no 
II: You hlV. to tel tit... 
P: Pld the nueb.r 6 in the varllbl. X. 
II: 	 You have to live i~ I co..and that 11111 eake I~ do th.~. 

Now. h.r.... h.ye In ••••pl •.•. suppose I tJpe '8=10'. 
P: Oh. and If JOu IIln~ to store tbls 10 JOu IIrite .•. 

II: 	 Now I t1Ped thl~ in. SO nOli j~'s going to remember 

that. ok? 


P: ~hlt B equal, 10. 
II: It's go~ I box eill.d I, and inside I~ is 10. 
P: 	 So 10u writ. the box and th.n the nueber that JOu 


IIlnt to store In it' 

II: y.s, Ind you pu~ In an .qult sign to t.11 it to do that. 

Here, three common analogies to variables and assignment 
are mentioned: put.ting numbers in variables is like putting 
objects in boxes, computers use variables to remember things 
they are told, and asBignment statements are like algebraie 
equalities. At first glance, this might seem more confusing than 
helpful. Yet, each analogy can be shown to playa userul, often 
complementary, role in developing a working understanding or 
asBignment. Tutorial textbooks orten use at lea8t two of these 
analogies. If they are not presented explicitly as analogies, the 
normal language of the eomputer sc:ience domain suggests their 
presence. We often speak or computer memor" and the equal 
sign is used in a number of languages to denote assignment. 

The real test of a tutorial analogy is how it arleets one's 
understanding of new situations. The following shows one way 
in whieh having several analogies can be more helprul than 
having just one. As the dialogue above continued, I tried to 
iIIustrat.e a point about transferring values from one variable to 
another. I typed 'P==lO' and then 'Q=-P', and asked: 

M: So, what's in P now? 
P: Oh. Nothing. 
M: No~hing? 

P: 101 and then Q is also. 
M: Vha~ do you think it is? Is it nothing or 10? 
P: Lat's find out, First let's s.a._. 
M: V.II, whIt do you think I~ is? 
P: 	 If you have two boxes. and you moved ... 


You moved or it equal8 tof You lI!ened 

whIt's In P to Q so th.re's nothing in It, 

or did you only put the s••• number in Q 

th.t's in P? I think it's 10. 


M: You think it's 10? 
P: 	 Becaus. you don't say th.t, um, move P at al I •.. 

t.ke P out. You only said that Q equals the 
s••e as P. So if It equals, it has to b. 10. 
bacaus. if ~here's no 10 in it. Q wouldn't be 
.qual to it. 

Here, Perry clearly made the inrerence that iF "Q-p. was 
analogous to moving an object. rrom one box to another, then 
the number that had been in P must now be in Q. Sinee 
objeets, when moved, are no longer at their original loeation, P 
must now be "empty·. 

When pressed, Perry's uncertainty about this conc:lusion 
caused him to come up with an alternate explanation based on 
an entirely dirrerent line or reasoning, using a dirrerent analogy. 
Ir typing "Q-p. is treated as a statement to the eomputer 
that the t.wo variables have equal values, based on the normal 
algebraic interpret.ation, then from the tact that P Was 
originally 10 one eould conclude that Q was also 10, while P's 
value stayed the same. 
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The use of algebra knowledge in the explanation Perry 
settled upon in this exchange did not stop him from further use 
of the box analogy. He continued to use both models in 
analyzing new situations. It was simply the case that algebra 
provided what seemed like a more satisfactory answer to this 
particular problem. 

Such errors and their explanations played an important 
role in developing the process model implemented in CARL. 
Because these incorrect hypotheses represent plausible 
analogical extensions of situations in the base domains, it can 
be assumed that they are produced by the same analogical 
reasoning process that produces correct answers in other cases. 
It was by modeling errors observed in the protocol data, as well 
as correct inferences, that I was able to lormulate the model of 
analogical reasoning presented here. 

3. A Program that Learn8 about Aulgnment 
Many aspects of the overall model are illustrated in the 

behavior of the computer program. CARL learns about varioUl 
kinds 01 assignment statements by building and combining 
inferences drawn from several different auaJogies. The program 
formulates many 01 the hypotheses and a number 01 the errors 
I found students made as they tried to learn from the same 
analogies (see [Burstein 81} lor other examples). The lollowing 
is the English equivalent of one portion of a dialogue that 
CARL engages in (actual inputs are in an extended venion 01 
Conceptual Dependency [Schank and Abelson 11}) : 

» Tha co-putar r..aab.rs I nuab.r b, putting It 
I n I Vlrilbl., 

» A vlrilbla Is Ilk. I box. 
» To put the nu.b.r 6 In the v.rllbl. na..d X. 

t,pa ')(=6'. 
» How do 1011 pt the co-puter to r....b.r the 

nuab.r II? 
CARL: T,pa 'X =II' 
» Suppose I th.n t,pa 'X=6' , 
» Now whit's In the v.rllble X? 
CARL: 6 Is in )( and II Is In X 
» No, the 9 r.pllces the 8 in X. 
CARL: 01( 
»Suppose I t,p. 'Y=6' Ind then 'X=Y'. 
» Now whit's in the v,rilble XT 
CARL: Y is In X 
» No, It ...ns put the nu.ber in Y Into X. 
CARL: 01( 
» Now whit's In the vlriable Y? 
CARL: Noth Ing. 
» Guess Ipln. 
CARL: 6 Is In Y (b, Inllo" to equlllt,) 
» Correct. 
CARL: 01( 

CARL develoPII, with the aid of a tutor, semantic 
representations for mOlt common types 01 _ignment 
statement, It concurrently forms rules about how to parse 
them, infer the logical results of their execution, and generate 
them as components of simple plans. In the process, it makes a 
number 01 the mistakes observed in the protocola 01 people 
learning the same material. 

4. An Initial Strudure Mapping Theory 
The analogical reasoning model in CARL 11'&8 strongly 

influenced by some psychological studies of analogical learning. 
Gentner [Gentner 82, Gentner and Gentner 82J outlined a 
cognitive model of learning from scientilic or "explanatory" 
analogies that dealt with some 01 the problems I have 
mentioned, though not others. The analogies she considered 
included such statements &8: 

The hydrogen atom is like the solar system. 

Electricity flows throllih a wire like water tbrollih a pipe. 

The model Gentner proposed for learning from such 
analogies, unlike the matching-driven models, did not require a 
complete prior representation of the target domain. However, 
it was underspecilied as a process model. By her model, 
relations, or predicates connecting several objects or concepts, 
are mapped ident'call, from one domain to the other under a 
prespecified object-object correspondence. After identical fi~t­
order relations have been mapped to relate correspondIng 
objects in a target situation, second-order predicates, such as 
causal links between relations, are also mapped. Although this 
model does suggest a way to map new structures into an 
unfamiliar domain, it does not give a good account of how 
corresponding objects are first identified, nor does it constrain 
1I.Ihich relations are mapped. It also did not allow for mappings 
between non-identical relations, which I will argue is often 
necessary. 

The need to constrain the set 01 relations mapped can be 
seen lrom Gentner's representation 01 the solar system model, 
and the mapping that she described to a model lor the atom. 

YELLOW, HOT. MASSIVE ~ (do••• 't •• p) 

jcpropert.es) 

SUN -> NUCLEUS 

PLANET -> ELECTRON 

Base Do•• I& 

Here, the sun is related to a planet by the predicate 
HOTTER-THAN, &8 well as ATTRACTS and REVOLVES­
AROUND, two predicates which are themselves causally related 
(not shown). Gentner claimed that the HOTTER-THAN 
relation 11'&8 not mapped to the atomic model, in accord, I 
think, with most people's intuitions about this analogy. 
However, Gentner'a specirICation 01 the mapping process could 
not predict this. It is also clearly the case that many other 
attribute comparisons, auch &8 BRIGHTER-THAN, could also 
be part of a description of a solar system. Presumably, these 
relations wouJd not be mapped either. 

The explanation provided by Gentner lor this was in terms 
of a general condition on the mapping process, essentially that 
"predicates are more likely to be imported into the target if 
they belong to a aystem of coherent, mutually constraining 
relationshiPII, the others or which are mapped." (Gentner and 
Gentner 82} As the above example shows clearly, some. 
heuristics of this form are needed. 
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In CARL, this general condition is reformulated as a top" 
down constraint on the relations considered for mapping. 
When a causally connected structure can be found in memory 
to support a described base domain situation, only relations 
taking part in that structure are considered for mapping. 
Within such a structured set of relations, simple attribute 
comparisons like HOTTER-THAN, LARGER-THAN, etc. are 
not mapped if the objects in the target domain cannot be 
compared on the same scale, and no corresponding attributes 
are suggested by the teacher. ThUll, in applying the box 
analogy, CARL decides that the precondition that num hers 
Ufit" inside variables should be dropped from the caUllal 
structure. 

All of this is made easier in the context of a language 
understanding system that activates memory structures as a 
normal part of the interpretation process. When CARL is 
presented with a statement of a novel analogy, it 115es the given 
object associations and base domain predicates in the analogy 
statement to form a partial description of a base domain 
situation that it can support as plausible with causal and 
goal/plan structures retrieved from memory. 

The result of mapping a causally-connected structure 
found under these conditions is the formation of a new, parallel 
causal structure characterizing the target example. Objects in 
the target ~xampie are made to fill roles in that structure, 115ing 
stated object correspondences between the domains when 
available. Other objeet correspondences are only formed by 
virtue of the roles correspondences between the mapped 
structures. So, for example, from a caUllal abstraction 
indicating that the result of putting a physical object in a 
container is the state "the object is INSfI)E the container,· 
CARL concludes that one result of an assignment is a parallel 
relation between variables and numbers. Thll5, by 
corresponding roles, an indirect correspondence is formed 
between phvsical obieets that co into boxes and numbers. 

This causally directed mapping process is thus able to form 
a new structure where none existed before, while allowing 
correspondences between relations to be formed with some 
consideration of what ill known of the objects and relations in 
the target domain. This approach to analogical concept 
formation parallels Carbonell's work on analogical problem 
solving (Carbonell 83). Carbonell outlined a problem solving 
process whose first step was to be reminded of a solution to a 
similar problem. The process model he proposed then modified 
the components of the recalled plan to satisfy the needs of the 
new problem UlIing a set of operators that preserved, as much 
as possible, the temporal and logical goal/subgoal structure of 
the original solution. Both Carbonell's model and mine were 
strongly innuenced by Schank's theory of human memory 
organization (Schank 82), and the errects of that organillation 
on the processes or interpreting, planning, and learning about 
new situations. 

6. Mapping to Non-Identical Relations 
Another problem with Gentner's model was the claim that 

all relations are mapped "identically" between analogous 
situations. While this might be true in analogies between 
purely spatial descriptions of situations, including the standard 
geometric analogies dealt with by Evans, it is much too strong 
a claim in general. When analogies are formed between 
physically realizable situations and purely abstract ones, as in 
mathematics and computer programming, it is impossible to 
maintain the "identical predicate~ mapping model. 

Probably the most important thing implied by the analogy 
between boxes and variables is the fact that variables can 
"contain" things. That is, the relationship that exists between 
a box and an object inside the box is, in some way, similar to 
the relationship between a variable and the number associated 
with that variable. These relations are similar primarily 
because or the action~ and plans each is involved in. One can 
put things in boxes, and assignment provides a way to to Uput" 
numbers "in~ variables as well. The principle 'unction of the 
relation representing containment in variables is its role in 
abstract plans like STORE-OBJECT. 

Students learning to program are generally aware that 
computers can manipulate numbers, and that the reason one 
learns to program is to be able to direct the computer's actions. 
This knowledge may be used to infer that the action 0' putting 
a number in a variable will be used in plans to manipulate 
numbers. Whether or not this occurs immediately, however, 
the fact that the analogy between boxes and variables relates 
physical objects to abstract concepts (numbers) suggests that 
the actual pre-conditiol\S and side errects of assignment in the 
programming domain may be quite different from the 
conditions on placing objects in boxes. Though students only 
Ilraduallfl discover how these situations differ, it is important 
that such differences not invalidate the analogy entirely. In a 
computational inference system, this must be renected in the 
predicates representing the relations in each domain. 

The problem 'rom the standpoint of Gentner's model, is 
that the relationship which gets mapped from the "box world~ 
to the "computer world~ is exactly that of phflsical 
containment. The interpretation that results from copying this 
relation into the programming domain is that a number is 
physically INSIDE-OF a variable. Under normal circumstances, 
someone first learning to program will have no idea what 
computer variables are, but should know that numbers are not 
physical objects, and not expect that all of the inferences 
involving the relation INSIDE will apply when numbers are 
placed "inW variables. 

This problem can be characterized as one of level" 0/ 
a6straction. Depending on how much is known about the 
objects in the target domain when the analogy is presented, it 
mayor may not be reasonable to map the most specific version 
of a relation from one domain to another. When mapping a' 
relation identically leads to the violation of a constraint on one 
of the slots in that relation, then the relation meant in the 
target domain must be one sharing some of the properties of 
the base domain relation, and not others. 

In CARL, when an attempt to map a relation directly 
results in such a constraint violation, a virtual rdation is 
formed in the target domain that is a "sibling" of the 
corresponding base domain relation, or an ancestor at !lOme 
higher level in the general illation hierarchy of relational 
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predicates. The coDStraints initially plaeed on the slots in new 
virtual relations are determined primarily from the classes of 
the objects related in the target domain examples presented. 

When CARL is given the box analogy, it finds that 
mapping objects to numbers violates a normal constraint on the 
INSIDE relation. Instead, CARL forms a new predicate to 
relate variables and their "contents". This relation, hereafter 
called INSIDE-V AR, is initially given the constraints that the 
"contents" slot be a number, and the "container" slot be a 
variable, based on the objects in aecompanying example 
"X=5" . Inferences are associated with this new relation as 
they are successfully mapped from the box domain, learned 
independently in the new domain, or inherited from other 
analogies. 

The final result of mapping the structure PUT-IN·BOX, 
describing the causal relations involved in putting an object in 
a container, looks roughly as follows. Notice particularly that 
the PTRANS predicate indicating ,AlI8ical transfer was also 
replaced by the more general predicate TRANS because the 
object "moved" in the target domain was not a physical object. 

PUT-III-BOX -----) PUT-Ill-UR 
role-vari,bles: 

R-ACTOR (I HUIAI) PI V-ACTOR (a COIIPUTER) 
R-BOX (a BOX) PIV-IIOX (. VARIABlE) 
R-tOIiTENTS (a PHYSOSJ) PIY-coNTENTS (. NUllBER) 

Ictions: 
(PTRAIIS (TRAilS 


actor R-ACTOR actor PIV-ACTOR 

objec~ RoDBJ object PIV-oBJ 

fro. (uhowa) fro. <-ahowl) 

1;0 (IIiSIDE of R-IIOX)) to (IIiSIDE-VAR of PIV-IIOX» 


preeoed i tlons: 
(onot. (o.ot. 
(INSIDE or R-IIOX is R-oBJ» (IIiSIOE-YAR of PIV-IIOX is PIV-IlBJ» 

(SUlLER than R-oBJ is R-IIOX) - dropped ­

results: 

(IIiSIOE of R-IIO! j Ii R-IlBJ) (IIiSIDE-VAR of PlY-BOX 15 PIV-oBJ) 


8. Overview of the AnaJoU' Mapplns Proe888 
In general, then, CARL develops simple causal or 

inferential structures in a target domain by retrieving structures 
in memory from a familiar domain, and adapting them using a 
top-down mapping process that focuses on the causal/temporal 
links explicitly specified in those structures. The predicates 
mapped are subject to transformation within their abstraction 
hierarchy, as described above. Subsequent use of an analogy 
may occur when new examples are presented for which no 
explanation can be found in the target domain or when 
problems are presented, asking for plans or actioDS to achieve 
specific analogically stated goals. The latter, in this case, is 
generally a request for the generation 01 an assignment 
statement satisfying some specific goals or constraints. 

In answering a question, CARL always 1000 rmt lor 
memory structures in the domain it is learning about. Failing 
this, it tries known analogies. Thus, subsequent access to base 
domains is always lor the purpose of mapping new, related 
structures - related aetion aituatioDS, or more detailed, context­
specific versions 01 previously mapped structures that account 
for additional preconditioDS or results. 

The mapping process tries to form structures in the target 
domain, under the following general constraints: 

• Corresponding predicates must 	be 01 the same class 
(aetion, relation, plan step, plan, goal, etc.). 

• Corresponding predicates in the target structure are 
related together by causal or temporal links 
corresponding to those in the base domain structure. 

• Corresponding 	 case slots of analogically related 
predicates must consistently be filled by parallel 
roles of the two structures related. 

CARL keeps a record called an AMAP detailing all of the 
object, role, and predicate correspondences developed. AMAPS 
are extended as needed to include new correspondences as they 
are round. 

Because the AMAP uses role correspondences as well as 
object class correspondences, the relationships between objects 
01 two domains can aetually change quite subtly in dealing with 
new problems. Several bugs I observed in protocols depend on 
this distinction. In answering the question "How would you put 
one more in X!" I occasionally received the response "X=l". 
Also, when asking questions like "What is in XY" after typing 
"X=7" and then "X==6" , I occasionally heard the answer "13". 

These responses can clearly be interpreted in terms of the 
box analogy. For the first problem, it appears that the answer 
·X=I" was based on the faet that placing another object in a 
box that already contains some objects will cause it to contain 
"one more." However, both these solutions to both problems 
require that the relationship between contents of boxes and 
contents of variables be a mapping from a lIet of objects to the 
cardinalitll of that set. This is quite different from the simpler 
mapping or an object to a number. In modeling these 
responses, it was important that the analogy formation process 
relate objects primarily in terms 01 their lunctional roles in 
specific situations, and only secondarily determine how object 
features corresponded. 

7. Incremental Analoslca. ReasonlDS 
Even when analogies are based on simple actioDS. the 

specific inferences retrieved in support of new examples may 
vary considerably, depending on the context. For example, 
throwing a rock at a brick wall and throwing one at a glass 
window are immediately known to have very different 
consequences. Though an analogy to a thrown rock might 
imply indirectly that the specific inferences made in such 
alternate contexts will have correlates in a target domain, in 
praetice, each such target situation must be explored before one 
can be said to have learned to model the new domain. 

Extendinr; analogies in this fashion is an erro....prone 
process. In the protocols I examined, such errors appeared only 
when the context in the target domain made them potentially 
useful inferences. When I first introduced statements like 
"X-Y" to to Perry, it was necessary that I explain that this 
meant X was given the value that Y had previously. Perry 
then inferred that Y must contain "nothing". CARL also 
extends analogies to such coutext specific inlerences only when 
they form part 01 the interpretation of presented examples. 

This behavior is modeled in CARL by retrieval and 
mappinr; of related causal structures from a base domain. 
CARL first uses the box analogy to support interpreting 
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"X=¥" in terms of the action move one box into another. 
When this is corrected by stating that the contentlJ of ¥ is 
moved, CARL tries mapping an object-transfer model, 
containing the "bug" that the object moved is no longer in 
¥. Information about the mapping of the prototype "put an 
object in a box," saved in an AMAP relating the two domains, 
is used both in finding the structures representing these more 
specific actions and subsequently to map these structures back 
to the programming domain. 

The memory organization used in CARL for knowledge of 
simple action-based domains involving familiar objects is an 
extension of an object-based indexing system developed by 
Lehnert [Lehnert 78, Lehnert and Burstein 79) for natural 
language processing tasks. So that CARL can also retrieve a 
variety of special case situations, the memory .retrieval process 
in CARL was augmented using discrimination networks based 
on the specification hierarchy model of episodic memory 
developed by Lebowitz and Kolodner (Lebowitz 80, Kolodner 
80J. In addition, precondition and result indices were added so 
that actions and simple plans could also be retrieved in 
response to requests for the achievement of specific goals. Any 
or all of these forms of indexing may be used in finding a 
suitable structure to map. For familiar domains, the system 
assumes a large set of fairly specific causal inference structures 
exists in memory at the beginning of the learning process. No 
attempt is currently made to construct composite causal 
structures on the ny, though dearly that might be necessary 
with more complex analogies. 

CARL contains the following' structures describing the 
errects of some simple actions involving containers. 

Situations using BOX as a CONTAINER: 

(PUT-IN-BOX OBJ-IN-BOX TAKE-fROM-BOX) 

I ! ~RANSfER-OBJ-BETVEEN-~OXES 
~ PUT-BOX-IN-BOX ~ 

PUT-MORE-IN-BOX SVAP-OBJ-IN-BOXES 

Part of tha specialization network 
for things "INSIDE" bOles 

In the computer run shown earlier, an initial mapping from 
the box domain was formed from the causal structure PUT-[N­
BOX. Thereafter, specializations of that structure were 
available as new examples were presented. [n addition, once 
the new containment relation was formed for variables, 
expectations were established for the other "primitive" 
situations involving containers. Thus, from the fact that 
variables can "contain" numbers, CARL expected that they 
might also be Mput in" or ~moved." 

Many of the structures formed by the mapping process 
contained erroneous inferences. These structures were 
"debugged" locally, if possible, or simply thrown out. From 
those that were debugged, corrections were allowed to 
propagate downward in the situation hierarchy formed in the 
target domain from the initially formed prototype to variants 
of that structure mapped lIubsequently. For example, the fact 
that 'X-I)' removes the old values of X, rather than "adding" 
to it, also applies to cases like 'X=¥'. The inheritance 
mechanism in CARL that handles this is active only when new 
structures· are formed, so it was important in teaching CARL 
that it be shown these bugs early on. This model seems to 

suggest at least one reason why initial analogical prototypes are 
best kept as simple as possible, and problems in them corrected 
quickly. 

Also as indicated in the first human protocol shown above, 
CARL develops parsing and generation rules for each class of 
assignment statement successfully represented. These rules are 
developed during the final stage of the analysis of each 
example. 

8. Using Multiple Analogies 
CARL often finds better explanations for assignment 

statements using the analogical relationship between 
assignment and equality than it does with the box model. In 
general, the box model does not help much in interpreting 
arithmetic expressions. However, with some exceptions, when 
assignment statements have the effect of associating values 
with variables that previously had none, the correct 
interpretation can be found by interpreting the statement as an 
equality. This is certainly true when all variables to the right 
of the equal sign have known values. 

CARL first notices that algebra might be useful in learning 
about assignment when it sees the "=" sign in statements like 
"X=5". As it builds a new meaning for "=", it discovers the 
earlier definition. Parsing "X=5" as an equality, CARL 
produces the an alternate explanation for the effect of that 
statement on the computer. Interpreting the statement in 
context, by analogy to what a person would do when hearing 
that statement, CARL concludes that the effect of hearing the 
statement is the storing of a new fact, "the value of the 
variable X is 5" . 

Since this inference can only have been made when the 
statement was typed into the computer, its causal/temporal 
errect on the machine can be related to the "physical" model of 
the same assignment statement developed using the box 
analogy. That is, the statement initiates a mental action (or 
sequence) leading to an association between a variable and a 
value. The model formed using the box analogy also resulted 
in a relationship between the "box' X and the number 5, so, by 
comparing the causal errects of each interpretation of the same 
action, CARL forms a mapping from the predicate V AR· 
VALUE in the algebra domain to the predicate [NSIDE-V AR 
that it had previously constructed in the programming domain. 

Once this association is formed. CARL can interpret the 
errects of many other assignment statements by parsing them 
as equalities, using algebra rules to determine effects on 
variables, and then mapping the statement interpretation and 
it's causal effects. The structures mapped are used both to 
replace specific inferences developed from other analogies when 
they are found to be in error, and to develop new structures. 

It should be emphasized here that a causal/temporal 
element must be introduced in going from algebra to 
assignment. To relate the algebraic analogy to the box model 
correctly, it is therefore important that there be an agent 
interpreting the algebra statements and deriving new facts or 
relations from that process. It is only by the noticing that the 
relationship formed between a variable and its value as a relJlJit 
of this interpretation process is like the relationship between 
variables and numbers developed previously that CARL decides 
the the analogy may be useful. This analysis is supported by 
and makes use of the third analogy CARL knows of, the 
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analogy between the computer and a human information 
processor. It is because people can interpret alsebra statements 
that CARL, and Perry, deemed it reasonable that the computer 
could as well. 

The interactions between the three analogies used by 
CARL are summarized in the following diagram. It should be 
noted that the each analogy is represented and related at 
several levels of description, but that the functions served by 
each are quite different. The box model provides the initial 
causal model of the assignment domain. The algebra domain 
provides knowledge or numbers, the operations that can be 
performed with them, and the symbols for representing them. 
The human processor model is active primarily at the planning 
level, providing rea.!!Ofl.!! for doing many of the operations that 
computers can perform. 

Interactions between Three Analogies 

pl,n level: 

STORE (obj) --> STORE (nu.) <-- REMEMBER(concept)
.. t A 
put-plan plrt-pl.n 

let level: I I 
PUT-IN- BOX (obj) --> PUT-IN-VAR(nu.) •• 

~esult:IN-VAR <-- VALUE~OF('lr.nu.) 

described-by described-by 

recognition 


level: {. ~ 

"<,Ir>=<nu.>" < == > "<'Ir>=<nu.>" 


D. Conclusions 
In developing CARL, I have been concerned with a number 

of related ilJ6ues in the learning of b8llic concepts in a new 
domain by a combination of incremental analogical reasoning, 
and the use of multiple analogical models. I have tried here to 
motivate the need for top-down use of abstractions in this 
procelJ6. This W811 found to be necelJ6ary in forming rules about 
assignment in CARL, both to limit the analogical reasoning 
required to create initial models of concepts in the new domain, 
and to allow for incremental debugging of the many errors that 
can result (rom the use of analogies. The proc:elJ6 described 
here is heavily teache ... directed, but allows for fairly rapid 
development of a working understanding of b8llie eoneepts in a 
new domain. 

AeknowledgemeDta: I would like to thank Dr. Chris Riesbeek and 
Larry BirDbaum for many helpful commeDts OD drafts of this paper. 
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ABSTRACT 

Analogy is one tool that automatic programming 5yS­
tem~ can use to learn from experience, just as programmers 
do. \Ve illustrate how analogies between program 
specifications can be used to debug incorrect programs, 
lIIodify existing programs to perform different tasks, derive 
abstract schemata from given sets o( cognate programs, and 
instantiate schemata to solve new problems. 

An analogy between the specification of a given program 
and that of a new problem is used as the basis for modifying 
the given program to meet the new speci6cation. Debugging 
is a special case of modification: ir a program computes wrong 
results, it must be modified to achieve the intended results. 
For program abstraction, an analogy is sought between the 
specifications of the given programSj it may then be used to 
transform an existing program into an abstract schema that 
embodies the shared technique. By comparing the 
specification of the derived schema with a given concrete 
,;pecificatinu" -tnd formulating an analogy between them, an 
instantiation of the schema may be found that yields the 
desired concrete program. 

Key term.!: learning, analogy, automatic programming, pro­
gram modification, debugging, abstraction, instantiation, pro­
gram transformations, program schemata. 

Analogy perllade, all our thinking, our ellulldall 
,peecA and our trivial conclu,;on, a, well a. 

orti.ttc wall' 0/ ezpre"ton and tAe lligAe.' 
•eientijic aeAievementl. 

-George Pollia 

1. INTRODUCTION 

Programming begins with a specification of what the 
envisioned program ought to do. It is the programmer's job is 
to develop an executable program satisrying that speci6cation. 
Yet, only a small fraction of a programmer's time is typically 
devoted to the creation of original programs ez nillilo. 
H,,:ber, most of his etfort is normally directed at debugging 
incorred programs, adapting known techniques to specific 
problems at hand, modifying existing programs to meet 
amended specifications, extending old programs for expanded 
capabilities, and abstracting ideas of general applicability into 
"subroutines. " 

-This res.arch supported in part by the National Science Foundation 
under Grant MCS.79·04897. 

The goal of research in "automatic programming" is to 
formalize methods and strategies used by programmers so 
that they may be incorporated in automatic, and interactive, 
programming environments. In our view, program develop­
ment systems should incorporate formal tools for transrorm­
ing and manipulating programs. In this paper, we illustrate 
how analogies might be used by such a sysiem for that pur­
pose. 

The importance of analogical reasoning has been stressed 
by many, from Descartes to Polya. The use or analogy in 
automated problem solving was proposed in [Kling71). Other 
works employing analogy as an implement in problem solving 
include [Brown76), IMcDermott79), and [Winston801. The use 
of analogies to guide the modification of programs was pro­
posed in IMannaWaldinger7S] and pursued in [Dershowitz­
Manna77] and {L'lrichMoll77]. 

Programmers improve with experience by assimilating 
programming techniques that are encountered, and judiciously 
applying the ideas learned to new problems. One way in 
which knowledge can be applied is by modifying a known pro­
gram to achieve some new goaL For example, a program that 
uses the "binary-search" technique to compute square-roots 
might be transformed into one that divides two numbers. We 
show how to modify programs by first finding an analogy 
between the specification of the existing program and that of 
the program we wish to construct. This analogy is then used 
as a basis for transforming the existing program to meet the 
new specification. Program debugging is a special case of 
modification: if a program computes wrong results, it must be 
modified to achieve the intended results . 

All our programs are assumed to be annotated with an 
output .peeijication (stating the desired relationship between 
the input and output variables upon termination of the pro­
gram), an input .pecijication (de6ning the set of legal inputs 
on whkh the program is intended to operate). and invariant 
auertion. (relations that are known to always hold at specific 
points in the program for the current values of variables) 
demonstrating its correctness. The invariant assertions play 
an important role in deriving analogies. 

The idea that programs should be constructed by a 
series of transformations has been widely promoted. 
Modification ditfers from such transformations in that correct­
ness with respect to the original specification is not preserved. 
What we want is for the resultant program to be correct with 
respect to the tran,/ormed specification. Correctness­
preserving transformations and specification-changing 
modifications are thus complementary. A scenario of 
computer-aided programming and debugging appeared in 
[Floyd711· The HACKER system [Sussman7S\ constructed 
programs by trying out alternatives and attempting to debug 
them when necessary; other knowledge-based or plan-based 
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debugging systems have been constructed, as well. 
{KatzManna75 I and ISagiv76j describe debugging techniques 
based--like our method-on invariant assertions. 

Program modification is not the only manner in which a 
programmer utilizes previously acquired knowledge. After 
coming up with several modifications of his first "wheel," he 
is likely to formulate for himself (and perhaps for others) an 
abstract notion of the underlying principle and reuse it in 
new, but related, applications. Program "schemata" are a 
convenient form lor remembering such knowledge. A schema 
may embody basic programming techniques and strategies 
(e.g. the "generate-and-test" paradigm or the "binary-search" 
technique) and contains abstract, uninstantiated symbols, in 
terms of which its specification is stated. 

The abstraction 01 a set of concrete programs to obtain 
a program schema and the instantiation of abstract schemata 
to solve concrete problems may be viewed from the perspec­
tive of modification methods. This perspective provides a 
methodology for applying old knowledge to neW problems. 
Beginning with a set of programs sharing some basic strategy 
and their correctness proofs, a program schema that 
represents their analogous elements is derived. Preconditions 
for the schema's applicability are derived from the correctness 
proofs. The resultant schema's abstract specification may be 
compared with a given concrete specification to suggest an 
instantiation that yields a concrete program when applied to 
the schema. If the instantiation satisfies the preconditions, 
the correctness of the new Drol[fam is lruaranteed. 

To date there has been a limited amount of research on 
program abstraction. The STRIPS system [FikesHartNils­
son72j generalized the loop-free robot plans that it generated; 
HACKER "subroutinized" and generalized the "blocks-world" 
plans it synthesized, executing the plan to determine which 
program constants could be abstracted. [Dershowitz.. 
Manna75j suggested using the prool of correctness of a pro­
gram to guide the abstraction process; that idea was pursued 
further in [Dershowitz81J. [Gerhart75 J and others have 
advocated and illustrated the use of schemata as a powerful 
programming tool. A collection of such schemata, along with 
a catalog of correctness-preserving program transformations, 
could serve as part of an interactive program-development 
system. 

In the following sections we trace the life-cycle of an 
example program. The example illustrates some of the kinds 
of transformations programs undergo and how analogy can be 
used as a guide. We begin with an imperfect program to 
("ompute the quotient of two real numbers. After the pro­
gram is debugged, it is modijUld to approximate the cube-root 
of a real number. Underlying both the division and cube-root 
programs is the binary-search technique; by ah,tractiR(I these 
two programs, a binary-search schema is obtained. This 
schema is then iRllaRtiated to obtain a third program, one to 
compute the square-root of an integer. 

2. DEBUGGING 

Consider the problem of computing the quotient IJ of 
two nonnegative real numbers c and d within a specified 
(positive) tolerance e. These requirements are conveniently 
expressed in the form of the following skeleton program: 

PI: besIn commeDt rell/-divinon specification 
_I't 05c<d, e>O 
achieve IcI d-Ill<e vu),m. IJ 
eDd 

The achieve statement, 

achieve Icld-lJl<e vu)'m. IJ, 

contains the output 'pecijicatioR which gives the relation 
between the variables IJ, c, d, and e that we wish to be 
attained at the end of program execution: the (absolute value 
of the) difference between the exact quotient cId and the 
result q should be less than e. The clause vu)'ln. q indi­
cates that or the variables in the specification, only q may be 
set by the program; the other variables, c, d, and e, contain 
input values that remain fixed. The input ,pecijUlation 
defines the set of inputs on which the program is intended to 
operate. Assuming that we wish our program to handle the 
case when the quotient is in the range 0 to 1, that is when the 
numerator c is smaller than the denominator d, the appropri­
ate input specification is contained in the aHert statement, 

...ert 05c5d, e>O, 
attached to the beginning of the program. For the problem 
at hand we assume that no general real-division operator I is 
availabl;, though division by powers of two ("shifts") is per­
missible. 

Now let us imagine that a programmer went ahead and 
constructed the following program: 

Tz: beam eommeDt ,u"ested retll-division pro,ram 
B,: _rt 05c<d. e>O 
purpoH Ic Id-I/I< e 

pUI'POH 1/5cld<l/+ 8, 115e 
(q,,) := (0,1) 

loop L z: .un-1/5cld<I/+' 
untO '5e 
purpoH 1/5c/d<I/+', O<'<'L, 

It d-(I/+ ')5c then 1/ :=- q+, 8 
, :- s/2 

I'epeat 

.u....t 1/5cld<II+', '5e 


Ez: .un.of; Ic/d-ql<e 

end 

The pur-po.. statement, 

purpoH !c/d-I/!<e, 
is a comment describing the intent of the code following it. 
The statement 

.u....t Ic/d-lIl<e 
contains the programmer's contention that the preceding code 
actually achieves the desired relation, i.e. the relation 
Ic/d-q!<e holds ror the value of II when control reaches the 
end of the program. The comment 

pUl'poH I/Sc/d<l/+ B. ,5e 

indicates that the programmer's intention is to achieve the 
desired relation Ic/d-I/I<e by aehieving the subgoaltl 
1/ 5 cId51/+, and '5 e• Achieving these relationtl is sufficient 
(or Ic/d-I/I<e to hold. For this purpose the programmer 
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constructed an iterative loop intended to keep the first reI.,... 
tion invariantly true while making progress towards the 
second. The suggested invariant is contained in the state­
ment 

_uue_t q$,cld<g+ 8 

at label L z. The goal or the loop body is 

purpose lI$,cld<lI+ 8, O<B<BL., 

where BL. denotes the value or the variable B when control 
was last at the label L z• This means that the value or B is to 
be less than it just was at the head of the loop. The two 
loop-body statements are a.ccordingly repeated (zero or more 
times) until the test B $, e becomes true, at which point the 
loop will be exited. 

We know what the above program was intended for, and 
we know that it does not always fulfill those intentions. How­
ever, before we can debug it, we need to know more about 
what it a.ctually does. This can be a.ccomplished by examin­
ing the code and annotating the program with the discovered 
invariant relations (see [DershowihMannaBl]). It is not 
difficult to derive the loop invariant d·II$,C<d·(1I+2·8). This 
remains true when the loop exit is taken; along with the exit 
test 8$,e, it implies that upon termination the output invari­
ant Icld-ql<2'e holds. Note that the desired relation 
Icld-lIl<e is nol implied. 

Now that we know something about what the program 
does, we can try to debug it. Our task is to find a correction 
that changes the actual output invariant 

URn Icld-ql<2'e 

to the desired output invariant 

_uuat Icld-fl<t. 

We go about this by first looking for a way to transform the 
actual invariant into the desired one; we then try to apply the 
same transformation to the program, hopefully correcting the 
error thereby. Accordingly, we would like to find an analogy 
between the a.ctual output invariant and the desired 
specification; we write 

Icld-fl<2'e ~ Icld-ql<e. 

The obvious difference between the two expressions is that 
where the first has 2'e, the second has just e. So, we can 
reduce the analogy. to simply 

2'e ~ t. 

We can, therefore, transform the insufficient Icld-III<2·e into 
the desired Icld-lIl<t by repla.cing e with e12, i.e. by apply­
ing the transformation e-:;"tI2. 

So far we know that the transformation e-:;" e12, applied 
to the output il!variant Icld-ql<2'e, yields the desired output 
specification Icld-ql<e. That same transformation is now 
applied to the whole annotated program. The symbol e 
appears once in the program text: the exit clause 8<e a.ccord­
ingly becomes 8 $, t 12. The symbol also appears fo;r times in 
the invariants; for example, the input assertion e>0 
transforms into t 12>0 which is equivalent to e >0. The 
transformed program is 

PI: bealn comment rellt-diviBion progrom 
8 1: ...ert O$,c<d, e>O 

purpose ;cld-gl<e 


purpt'. q $,c Id <q+ 2'8, 2'8 $, e 
h,.r) '= (0,1) 
loop L I : a_t d'g$,c<d'(9+2'8) 

untU 8$,e12 
purpo.e g$,cld<q+2'8, 0<B<8£, 

It d '(9+ 8 )$,c then q :== g+ 8 It 
8 := 812 

repeat 

auert q$,cld<9+ 2'8, 2'B$,e 


E I : a_t Icld-ql<e 

end 


(We have also changed the program's purpose statements to 
rellect reality.) It can be shown that a transformation such as 
e-:;,. e 12 preserves the relation between the program text and 
invariants, i.e. the transrormed assertions are invariants o( the 
transformed program. 

3. MODIFICATION 

Consider the (ollowing specification: 

03: 	besln comment cube-root apeci/ico/ion 
auen II ;;::0, e >0 
achieve 11I1/3-r l<e var;ylnl r 
end 

We would like to use the corrected real-division program as a 
basis for the construction of the specified program tor 
computing cube-roots. (We assume, of course, that the cube­
root operator is no-. primitive.) To this end, we first compare 
the specifications ot the two programs. The output 
specification or the di-rision program is 

...en Icld-ql<e, 


while the output specification of the desired program is 


achIeve 11l'/3_r l<e var;yml r. 

The obvious analogy between the two is 

9 ~ 
cld ~ 

i.e. where the former specification has q, the other has r, and 
whe~e the (ormer has cld, the other has 0 1/ 3• 'One way to 
obtain a cube-root program from the division program is via 
the transformations 

II -:;,. r 

"III -:;,. ,,1/3 

c -:;,. II, 

where by ulu-:;,.u'/3 we mean that every occurrence o( the 
(general) division operator I is replaced by the cube-root 
operator applied to what was the numerator. Transform.,... 
tions that involve specific functions such as division, are not 
however, guaranteed to yield a correct program, since the p~ 
gram may be based on some property that holds for division 
but not ror extracting roots. Such transformations are heuris~ 
tic in nature; they only suggest a possible analogy between 
the two programs. Indeed, when applied to the division pro­
gram PI we get a program that computes aId, not 111/3. 

What must be done in such cases is to review the derivation 
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of tbe program, exprelilsed by the programmer in purpOM 
statements, and see where the analogy breaks down. 

The purpose of the division program was IcI4-91<r 
wbicbtransformed into 141/3-r l<r as desired. The program­
mer achieved IcI4-91<r by breaking it into the subpls 
given in the statement 

purpoee 9'5.cI4<9+ 2'1, 2·''5.e, 

part of which became the exit test for the loop and part. 
became a loop invariant. These subgoals transform into 

purpoee r'5. 41/3< r+ 2", 2·''5.r, 

which indeed imply the transformed goal 101/3-rl<e. The 
purpose of tbe loop body of the division program was 

purpOM 9'5.cI4<9+2·" 0<'<'£1' 

In otber words, the loop body reachieves the invariant while 
making progress towards the exit test by decreasing ,. The 
loop-body subgoal of the transformed program, then, is 

purpoee r '5.01/3<r+ 2", 0<,<,£,. 

At this point the divisioa program introduces a coaditional 
with tbe 

purpoee 9'5.cI4<9+' 

and halves ,. 

It is here that the analogy breaks down. The division 
program achieves the above purpose in two cases, by testing if 
4-(9+ ')'5.c or not. For example, if 4'(9+ ')'5.c does not hold, 
then cl4 < 9+ " as desired. On the other hand, the fact that 
4'( r + ')'5. a does not hold in the cube-root program tells noth­
ing about /11/3< r+ 8. We look, therefore, for a transformation 

that makes 4·(r+8»4 imply ol/3<r+8,orthe equivalent to 
a«r+ ,)3. Matching what we have with what we want tells 
us that the implication would hold if we could transform 
4·(r+8}=t>-(r+,)'. Thus, where the division program has the 
function U''', the cube-root program requires 1/3• We complete 
the analogy by adding the transformation 

U·" =t>­

which is applied to the conditional test. 

There remains one problem: a transformed program can 
only be expected to satisfy the output specification for those 
inputs that satisfy the transformed input specification. In our 
case, we can solve this if we can find an alternative manner 
by which to initialize the invariant r'5.41/I<r+ 2" prior to 
entering the loop. To achieve the subgoal r'5.41/3, we can let 
r=O. Then to achieve 41/3<r+2',=2'8, we can let 
.=(0+ 1)/2. (This requires additional knowledge about cube­
roots.) The complete cube-root program is: 

Q,: bealn comment reel cube-root pro,rom 
B3: _ri 0 ;::0, e>0 
(r ,8) :- (0.( 0+ 1)/2) 
loop L3: _rt r'5.01/3<r+ 2'8 

untU 11 '5. e12 
It (r+ 8)3S 4 then r :- r+ 88 
11:= 1112 
repeat 


Ea: _ri 101/3-r l< e 

end 


4. ABSTRACTION 

At this point, we have two programs, PI for finding quo­
tieats and Q3 for liDding cube-roots. Both programs utilize 
the binary-search technique. It would be nice if one could 
extract an abstract version of the two programs that captures 
the esseace or the techBique, but is not specific to either prob­
lem. The resultant abBtraet program schema could be used ns 
a model of binary search for the solution of future problems. 

For this purpose, consider the complete analogy that we 
(ound between the specifications of PI and Q,: 

9 ~ r 

ulll ~ ul /3 


c ~ 0 

U'I/ ~ 113. 

Since both u/" and UI
/ 

3 are functions, we try to generalize 
them to an abstract function 1(u,II). Similarly the generaliza­
tion of u'" and '" is another function .s(U,II). Both 9 and r 
are output variables and arc generalized to an abstract output 
variable z; the input variables c and II are generalized to an 
abstract input variable z. This gives the following set or 
transrormations ror generalizing the division program: 

9 =t>- z 
alII .. -,(U,II) 

c =t>- Z 

U'II =t>- .s(U.II). 

Applying these transformations to the specificatioD 

achieve Ic 14-91< eV&r1'm l 9 

of the division program yields 

achieve l-,(z,4}-:I< e V&r7ml :. 

This will be the abstract output specification of the schema. 
Substituting the abstract functions '( and 6 into their respec­
tive positions in the division program Ph does not, however, 
result in a schema that will work for all instantiations or '( 
and 6. This is because the original program relied upon racts 
specific to multiplication and division. We must therefore 
determine under what conditions the abstract schema does 
achieve its specifications. 

To begin with, the transformed initialization u.signment 
does not achieve the desired loop invariant. We therefore 
replace the loop initialization with the subgoal 

achieve .s(4,:)'5.z<1I(4,H 2") V&r7.... ",I, 

leaving~or the time being at least-the specifics or how to 
initialize the loop invariant unspecified. For the loop-body 
path to be correct, the truth of the invariant must imply that 
the invariant will hold next time around; this can easily be 
shown to be the case for any function 6. For the loop-exit 
path to be correct, we must have that the loop invariants, 
plus exit test, imply that the output invariant holds. For this 
to be the case, it suffices to establish the condition 

~w,u)'5."lii!! US-,(II,W). 

In this manner, we have derived a general program 
schema for a binary search for the value or ')'(,,4) within a 
tolerance e: 

http:t>-.s(U.II
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S.: beam comment &ino,,-,e.,cII ,cllemo 
B.: a_rt e>O, 6(W,II)~1I1iI 1I~1(II,III) 
achieve 6( d ,I )~:<6(d ,1+ h) y..,.1q 1,' 
loop L.: ....rt 6(d,,)~:<6(d.1+ h) 

untU ,~e/2 
If 6(d,l+ I)~: the. 1 :- 1+ I 8 
, :== ,/2 
repeat 

E.: "Hrt h(z,d}-ll<e 

end 


O( course, (or this schema to be executable, the function $ 
appearing in it must be primitive; otherwise, it should be 
replaced. Similarly, the unaehieved subgoal 

aehleve 6(d,z)~z<6(d,1+ h) var)'lq Z,I 

must be reduced to primitives. 

5. INSTANTIATION 

The binary-search schema just derived (rom the division 
program may be applied to the computation of the square 
root or an integer. The goal is to construct a program that 
finds the integer square-root z of a nonnegative integer 0: 

R,: besln eomment jnteger "II.,e -root 'peci/icotiIJn 
...ert aEN 
aehleve z=L,fliJ va.,.m. z 
end 

w here the (unction LII J yields the largest integer not greater 
than II. 

We cannot direetly mateh this goal with the output 
specification o( the schema 

...ert b(z.d}-ll<e v..,.m. z. 

However, i( we expand the goal .-L,fliJ, using the definition 
o( LII J, we get the equivalent goal 

acbleve .~,fli<.+ 1, .EZ v..,...... :e 

(where Z is the set of all integers), i.e.• should be the largest 
integer not greater than,fli. Since we know that the schema 
achieves the two output invariants 

...ert .~'Y(z,d)<z+ e, 

we can compare these invariants with the above goal. This 
suggests tbe transformations 

1(11 ,II) .. .fij 
z .. 0 

e .. 

to achieve 1 ~,fli<.a 1. In addition, we will have to extend 
the program to ensure that the final value of z is a nonnega­
tive integer. 

The precondition for the schema's correctness is 

a_t e>O, 6(W,II)~1I iii 1I~1(",W); 

instantiating it yields 

......t 1>0, cl(W,II)~" iii lI~fi. 

This condition may be satisfied by taking cl(w,lI) to be 112. 
This completes the analogy, and suggests the additional 
transrormation 

6(W,II) .. II~. 

Applying the instantiation mapping to the schema, we obtain 
the partially written program: 

R ,: besID eo_ent incomplete jnteller ,qIlGre-root progrGm 
Ba: ....rt .eN 
achieve 12~1I «z+ 2·,)2 var;ym. Z,8 
loop La: aBBert Z2~1I«.+ 2·,)2 

untU '~1/2 
If (.+8)2~1I then 1 := 1+ 88 
, :- ,/2 
repqt 

...ert l,fli-11<1 
act.leve IEZ proteetln. 1 ~,fli<1+ 1 var;ym. z 
end 

This program still contains two unachieved subgoal/!. The 
first can be &,chieved by assigning (Z,8) := (O,(H 1}/2). For 
the second, we may perturb the current value of z just 
enough to make it an integer. (The protectina clause means 
that the relation z.~,fli<1+ 1, aehieved by the instantiated 
schema, should Qot be clobbered when achieving the addi­
tional goal zEZ.) Tbis can be done by assigning 

If rzl2~0 then 1 := r.lll elM z := L.l:J 8. 
An alternative approach to completing the above program is 
to insist that ziN hold throughout execution o( R,. This is 
the avenue pursued, for example, in the "structured program­
ming" derivations in [Dijkstra76] and [Blikle78J. 

8. DISCUSSION 

There are a few problems inherent in the use of analogies 
(or program modification and abstraetion. These include 
"hidden" analogies, "misleading" analogies, "incomplete" 
analogies, and "ovenealous" analogies. Hidden analogies 
arise when given specifications (of the existing program and 
desired problem in the case of modification, and of the two or 
more existing programs in the case of abstraction) that are to 
be compared with one another have little syntaetically in 
(ommon. Since the pattern-matehing ideas that we have 
employed are syntax-based, when the specifications are not 
syntactically similar, the underlying analogy would be hidden. 
In such a situation it is necessary to rephrase the 
specifications in some equivalent manner that brings their 
similarity out, before an analogy can be found. This is clearly 
a difficult problem in its own right; in general some form of 
"means-end" analysis seems appropriate. 

At the opposite extreme, a syntactic analogy may be 
misleading. The same symbol may appear in the 
specifications of two programs, yet may play non analogous 
roles in the two programs. Two programs might even have 
the exact same specifications, but employ totally different 
methods of solution. Situations such as these would be 
detected in the course of analyzing the correctness conditions 
for the abstraeted programs. 

Knowing how a program was constructed can help avoid 
overzealously applying transformations to unrelated parts of a 
program. We have seen how the program derivation also 
helps complete an analogy between two programs, only part 
of which was found by a comparison of specifications. 
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ABSTRACT 

This paper discusses methods of reasoning for 
constructing new concepts and theories in 
sc1ence. The metbods include reasoning by 
analogy, reasoning from failed analogy, 
reasoning piecemeal from more tban one analogy, 
and reasoning us1ng a sbared abstraction. Cases 
from the history of science illustrate tbe 
methods, including a lengthy discussion of 
selection theories. Suggestions for 
implementation in AI systems are made. 

KEY WORDS: analogy, theory construction, 
discovery, scientific reasoning, selection 
theories, artificial intelligence. 

1. INTRODUCTION 

As a historian and philosopher of SCience, I 
am interested in the process of the construction 
of new scientific theories. This paper explores 
methods of reasoning to new concepts and new 

. theories in science; the methods of reasoning 
include reasoning by analogy and other patterns 
of reasoning similar to analogical reasoning. 
Suggestions are made as to bow these methods 
could be implemented in artificially intelligent 
computer systems. 

It is possible to reason to new concepts 
using only the data to be explained. For 
example, BACON (Bradshaw, Langley and Simon, 
1980) postulates a new intrinsic property of an 
object by using data about bow that object 
interacts with a number of different, other 
objects. Uniformity of behavior is postulated 
as due to an intrinsic pro·perty. Thus, data 
about relations is decomposed and used as an 
indication of the existence of a new property. 
Uoually, hoWever, souroea other than the data 
themselves are needed to supply new concepts. 
Analogies are one source of such new concepts 
that oan be built into new theories. 

Pb1l osop hers of science have rarely 
discussed diacovery 1n science. A prevailing 
view has been that the discovery of new theories 
is a matter of the individual psychology of the 
SCientists, that there is no "logic of 
discovery. II Karl Popper (1960) is a prom1nent 
proponent of th1s view and Carl Hempel (1966, 
p.14) argued that there can be no mechan1cal 
rules for produc1ng the novel concepts found in 
theories. Althougb N. R. Hanson (1961) 
attempted tciprov1de a logic of discovery, which 
he called "retroductive reasoning," he merely 
hinted at the way plausible hypotheses actually. 
could be constructed. I will pursue two of 
Hanson's hints in this paper: reasoning by 
analogy and reasoning about types of tbeories. 

Tbe existence of an infallible logiC of 
'discovery is unlikely. Instead, a goal of 
"friends of discovery" (Nickles, 1980) sbould be 
to find patterns of reasoning that can produce 
plaudble hypotheses •. The plausible hypotheses 
can 	 then be tested to see it they qualify as 
genuine "discoveries." 

If we are going to understand how analogies 
function in patterns of reasoning in theory 
constrUction, a series of questions need to be 
answered. 

These questions are: 
1. 	 What is an analogy? 
2. 	 Are there types of analogies? 
3. 	 How do we find analogies? 
4. 	 How do we distinguisb good from bad 

analogies? 
5. 	 How do we use analogies to construct new 

scientific concepts and theories? 
6. 	 How can we test a proposed pattern of 

reasoning by analogy to see if it is 
adequate for constructing plausible 
hypotheses? 

I will not be able to completely answer all 
of these questions in this paper, but I want to 
begin the task. Work in both philosophy of 
SCience and AI is relevant. Mary Hesse is the 
philosopher who has dealt most extensively with 
some of these questions. Host of the AI work 
that has dealt with discovery in SCience, auch 
as BACON, DBNDRAL, and HETADBNDRAL (Buchanan and 
Feigenbaum, 1978), bas not used reasoning by 
analogy. Conversely, most of the AI work on 
reasoning by' analogy, sucb as Evans ( 1968) , 
KUng (1970, Genesereth (1980), Carbonelle 
(1982), bas not been directed to understanding 
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scientific discovery. The section of Winston's 
(1980) work on the analogies between water flow 
and electricity brousht together scientific 
reasoning and reasoning by anal08Y, thoush 
Winston's attention was on teaching and learning 
rather than on discovery. 

I will draw on this literature, as well as 
ideas of my own, to devise four methods of 
theory construction. Each method will be 
illustrated with examples frca the history of 
science. Prospects for implementation of the 
patterns will be discussed. If methods of 
reasoning in tbeory oonstruction oan be 
lIIIplemented in AI systems, then it would be 
possible to test the patterns to see if they, 
indeed, can function to yield plausible 
hypotbeses. Philosophy of scienoe and AI bave 
the potential of being joined to produce an 
experimental philosopby of scienoe. 

2. METHODS OF THEORY CONSTRUCTION 

In ber book Mpdels and ApolQgies in SQ1'ngo 
( 1966), Mary Hesse disousses reasoning by 
analoay in theory construction. Besse's key 
pOints are best illustrated by one of ber 
examples. She compares sound waves and ligbt 
waves. Tbe properties which are sllllilar she 
deSignates as the positive analoay; the 
dissllllilar properties constitute tbe negative 
anal08Y; tbe neutral analogy involves the 
properties of tbe analogue whicb mayor may not 
be present in tbe subject field. In her 
example, the properties of ligbt are tbe subjeot 
of investigation. Ligbt bas properties that are 
similar to properties of sound waves and the 
neutral analoay of a medium for the waves to 
travel in provided a plausible, but subsequently 
disproved, hypothesis about the existence of the 
etber. The horizontal relations between the 
analogue and the subjeot are usually those of 
sllllilarlty, althoush oocasionally specifio 
properties may be identical. The vertioal 
relations among properties of tbe analogue 
should be, according to Hesse, oausal relations, 
in the weak sense of a -tendenoy to 
co-occurrenoe. w (Besse, 1966, p.77). Hesse 
indicated that the analogue may be lIIportant, 
not only in tbe original stages of theory 
construction, but also later: if tbe tbeory 
faces anomalies, the neutral analoay may he 
explOitable for furtber theory oonstruotion. 

Hesse's representation sobeme of lining up 
properties of the analogue and subject is muoh 
like frame-structured representation sobemas 
used in AI systems. (Minsky, 1975; Thagard, 
forthooming) One oould construct a frame for 
sound waves with slots for the properties of 
sound waves, such as travels in a medium, and 
values for the slots, with the slot -medium­
having the value -air.· Another frame could be 
oonstructed for ligbt. Hesse' s 1na~stence that 
the properties of .the analogue must be causally 
conneoted is direoted at a key problem witb 
analogical reasoning: whJ, if aome features of 
an analogue and a subject are s1ll1lar, would we 
expeot others to be? In other wor~s, bow oan we 

oonfidently use the neutral analogy to postulate 
plausible features in the subject? By 
restrioting the features to those that have a 
Wtendenoy to oo-ooourrenoe," Hesse attempts to 
solve this problem. Certainly if tight causal 
oonneotions exist between features, then the 
likelihood that the neutral analogy oan be 
transferred is inoreased. Unfortunately, 
Hesse's form of representation bas the 
disadvantage that it does not make clear what 
tbe oauasl interoonneotions are between whioh 
properties. If one puts Hesse's method into a 
frame representation, tben one could add slots 
to the frames to indioate whioh properties are 
oauaslly oonneoted and what the relations are. 
Winston's semantio net form of representation 
bas tbe advantage of olearly showing tbe oausal 
oonneotions by representing entities as nodes 
and relations as aros between the nodes. 

Once such a oausal network bas been lIIIposed 
on the representation of tbe analogue, tben the 
lIIIplementation of reasoning by analoay is very 
straigbt-forward: matoh and transfer. But tbis 
prooeas looks very oanned and does not seem to 
resemble discovery. All the creative work went 
into cboosing the analogue and representing the 
oausal interconnections. The key questions 
become: how do we find good analogues and bow do 
we focus on oertain features of an analogue as 
relevant to the subject at band? 

An even deeper problem about the use of 
anal08ies in disoovery exists. If discovery 
involves finding a s1ll1lar analogue, how is 
anything .&11K ever discovered? One seems to be 
employing the same struotures again and again. 
We need some way of getting new struotures, not 
merely reusing the old ones. 

Hesse does not tall us what we are to do 
when postulated oausal oonneotions fail to be 
empirically oonfirmed, such as ber own example 
of the postulation of the etber as a medium for 
ligbt waves. The pbysicist Robert Oppenhei_r, 
in an insigbtfUl paper of 1956, that Hesse does 
not oite in her 1966 book, discussed the role of 
analogies in disoovering new theories. 
Analyzing the stages in the construotion of the 
wave theory of light, Oppenhelller proposed that 
soientists oame to the study of light phenomena 
with past experience of the nature of waves. 
But when the postulated _dium for light waves 
was not found, it forced soientists to revise 
their previous view of neoesserJ oonneotions, to 
sever the notion of a wave from that of a 
medium. Thus, a portion of the oausal network 
failed to transfer. This failure foroed 
soientists to a creative new concept. But, 
humans oame to this new conoept of a med1umlesa 
wave with reluotanoe. It will be diffioult to 
devise oriteria for a .yst_ to usa to enable 
it to ohoose between a failed analogy that 
sbould be -disoarded and a failed analogy that 
oan be used to sever oausal oonneotions 
previously thought to be neoessary. 

From Hesse and Oppenheimer we oan extraot 
two _thode of tbeorJ oonstruotion bJ analoay: 
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look for a relevantly similar analogue and 
exploit the neutral analogy; if this prooess 
fails, oonsider severing oonneotions between 
properties that were previously thought to be· 
necesaary conneotions. But these methods are 
limited. A relevantly similar analogue may not 
exist. Also, the severing of what we thought 
were causally correlated properties is not a 
kind of reasoning that occurs frequently in 
scienoe. Thus, these methods will have limited 
scope. 

3. PIECEMEAL THEORY CONSTRUCTION 

Little disoussed in the analogy literature 
is the possibility of using more than one 
analogue, in a piecemeal or modular way, to 
oonstruct a new theory out of old, but 
previously unrelated, pieces. Piecemeal theory 
construction using more than one analogy gives 
meaning to the cliche that creativity may result 
from putting old ideas together in new ways. 

Charles Darwin's theory of natural 
selection illustrates theory construction by 
piecemeal relations. There are two conditions 
required for natural selection to occur. First, 
organisms must have hereditary variations. 
Secondly I more organisma must be produced than 
can survive. Coupling these two conditions 
gives natural selection: those organisms with 
variations advantageous in the struggle for 
existence will tend to survive and reproduce. 

Darwin had two different souroes for the 
two different conditions that make up his 
theory. Malthus's ideas about overpopulation in 
humans served as the source of Darwin's idea of 
a struggle for existenoe. The relation between 
Malthus I s ideas and Darwin'sis actually 
stronger than analogical: Darwin generalized to 
all organisms what Malthus proposed for humans. 
Thus, the relation is generalization and 
specialization rather than analogical. 

The other source for Darwin's theory was 
the analogy ·to artificial breeding which had two 
functions. First, it provided evidence of the 
existence of heritable· variations. Darwin 

,argued that both domesticated organisms and 
organisms in the wild had numerous individual 
differences, many of which were passed on to 
offspring. Secondly, artifioial breeding showed 
that selection of some of the hereditary 
variants and elimination of others could result 
in the formation of new varieties that 
perpetuated .themselves. By analogy, natural 
selection could be expected to do likewise. But 
the agent of selection in nature had to be 
different from the human agents in artificial 
selection. The MalthUSian idea, generalized, 
supplied the missing piece: the struggle tor 
existence in nature served to select some 
variants and eliminate others. Darwin's theory 
thus had piecemeal relations to two other areas: 

·Halthus's ideas and artificial selection. 

Another case of the piecemeal conatruction 

of a new concept is the discovery of viruses. 
This case differs from those previously 
discussed Since the discovery is of a new entity 
at a new level of organization, not the 
construction of a new theory. Categories 
available in medical microbiology by the end of 
the nineteenth century were that of 
microorganism or chemical toxin. Microorganisms 
were visible in the light microscope, didn't 
pass through filters, were· infeotious, and grew 
on cul ture media. Chemical toxins were 
submicroscopic, were filterable, didn't multiply 
in the affected organisms, and didn't grow on 
media. When filterable, submicroscopic but 
infectious agents were discovered, they 
presented a real puzzle. Those favoring a 
microbe explana tion suggested that these were 
just smaller than previously discovered microbes 
and, with Suitable work, a medium could be found 
on which to grow them. Those favoring a 
chemical toxin explanation suggested that the 
agents weren't infectious, but were toxic in 
very small quantities, and thus it only appeared 
that they multiplied in the infected organism. 
Braver souls were willing to postulate a new 
entity, midway between a microorganism and a 
chemioal substance, that was filterable, 
submicroscopic and infectious. Thus, a new 
concept was constructed piecemeal, in between 
two levels of organization. Subsequent work 
changed the essential characterization of the 
virus from a fil terable infectious agent to ar 
entity with structure visible in the electron 
mioroscope which is unable to multiply outside 
of other living cells. (Hughes, 1977). 

The pattern of reasoning provided by this 
case is that of transfer of properties piecemeal 
between two levels of organization to create a 
new concept that shares some properties from 
each. After the new concept is established, 
then new properties of its own may be added as 
new data emerges. This pattern of reasoning has 
a similar structure to reasoning piecemeal from 
two different analogues; however, it is more 

. constrained since the sources of the transferred 
properties must be related in a hierarchy of 
levels of organization. A new concept 
constructed by this interlevel, piecemeal 
analysis may be more plausible than one 
constructed by analogy, since concepts at new 
levels of organization have often been found, 
e.g., oells, enzymes, macromolecules 

4. TYPES OF THEORIES 

Thus far, we have been considering an 
analogy as a relation between two similar 
analogues. An alternative analysis of what an 
analogy is provides us with a fourth method of 
theory construction. Michael Genesereth has 
explicitly stated an alternative analysis of 
analogy which has been implicit in some AI work. 
According to Genesereth. "many analogies are 
best understood as statements that the 
situations being compared share a common 
abstraction.- (Genesereth, 1980, p.208). Mary 
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Hesse. in addition to characterizing an analogy 
as a direct mapping between a subject and its 
analogue based on the similar properties, also 
mentioned formal analogies in which two things 
share only the same uninterpreted mathematical 
formalism. Genesereth' s apstractions are. not 
merely Hesse's formal analogies, sinoe 
Genesereth's abstractions may have more semantic 
content than an uninterpreted formalism. He 
gave an example: "when one asserts that the 
organization chart of a corporation is like a 
tree or like the taxonomy of animals in biology, 
what he is saying is that they are all 
hierarchies. With this view. the problem of 
understanding an analogy becomes one of 
recognizing the shared abstraction." 
(Genesereth, 1980. p.208). (Prior Al discussion 
of analogy as a shared abstraction can be found 
in Kling, 1971. Kurt and Brown, 1979; and 
Winston, 1980) 

Genesereth shares a view explicitly 
discussed by the psychologist Dedre Gentner in 
an excellent paper entitled "The Structure of 
Analogical Models in Science." (1980) in which 
she argued that the relations between the 
analogue and the subject are those of identity 
rather than similarity, but identity at an 
abstract level. When Hesse mentioned that in 
some cases the relations between the directly 
mapped properties were those of identity rather 
than similarity, those were identity relations 
at the specific. not the abstract. level. 

The system that Genesereth envisions has 
various abstractions built into it, as well at: 
criteria for choosing and applying an 
abstraction in a particular problem situation. 
Thus, the idea of analogy as shared abstraction 
supplies another method of theory construction: 
Explicitly devise abstractions of theories or 
other things that might serve as analogues in 
theory construction. In the first stages of 
theory construction, search through the set of 
abstractions to see if an appropriate one 

'(according to some criterion) is tound. It so, 
then instantiate it for the case in hand. If a 
single abstraction is inadequate. then try to 
use more than one piecemeal. 

Before conSidering scientific examples ot 
abstractions of theories, it is instructive to 
compare the direct mapping method that results 
from comparing two analogues and the shared 
abstraction method. Although humans can 
spontaneously see relations between two 
analogues, for an AI system to be able to do 
direct mapping. the two analogues must be 

.represented in some way, The representation, 
such as a frame system suggested above for 
waves. already has an abstract form built into 
it. Thus, the analogical reasoning that the 
system is able to do seems to be a re~ult of 
building a shared abstraction into the 
representation scheme. Consequently, the direct 
mapping method is not as different from the 
shared abstraction method as at first it ~eemed 
to be. The step of taking a concrete analogue 
and constructing a representation of it for use 

in the analogical reasoning becomes a key 
component in the direct mapping method. It is 
difficult to see how an AI system. rather than 
the designer of the system, could carry out this 
abstracting step. 

Theory construction involves not only the 
original construction of a theory. but also its 
subsequent development in the light of new 
evidence and anomalies. The direct mapping 
method holds the promise of being able to aid in 
anomaly resolution. since the analogue may 
contain negative or neutral components that were 
not used in the original theory construction. 
When anomalies arise, these additional 
properties may be used ,for further theory 
construction. It one is wo:l:ing only from the 
abstraction, which contaim only the shared: 
properties, then this additional source of 
information is lost. The direct mapping and 
shared abstraction methods could be combined to 
use the best features ot each. Build a system 
that has both the detailed analogues and the 
shared abstractions represented. If the 
abstraction does not contain sufficient 
information to resolve an anomaly, then conduct 
the search at the more detailed level by 
searching through the negative or neutral. 
properties in the detailed analogue to see it 
any can be ot use. 

5. ABSTRACT FORM OF SELECTION THEORIES 

Although use ot analogies and use of formal 
mathematical models are common methods in 
SCience, explicit use of semantically rioh 
abstractions is not. Thus, case studies for the 
use of abstractions are racking. But it is very 
interesting to ask whether abstractions could be 
devised and to look at the ways they map onto 
actual soientific theories. In devising an AI 
system to do theory construction, a key question 
becomes whether this method could have been used 
to produce known sOientific theories, even 
though the disooverers did not use it. 

Once Darwin had constructed the theory of 
natural selection, be established a new type of 
scientitic theory. We may consider one way of 
ebstraoting the components of selection 
theories: 

I. An array of variants is generated. 
1. Kumber of variants 
2. Humber of types of variants. 
3. Amount of difterence between variants. 
II. Mechanism of generation of variants. 

II. Selection of a subset of variants occurs. 
1. Agent of selection 
2. Criteria of selection 

III. Atter selection, the pool of variants is 
different. 

EaOh of these abstract components can be 
instantiated in different ways. Some of the 
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different possible instantiations yield 
al ternative evolutionary theories that have 
actually been proposed historically. 

For (I), the generator or the cause ot the 
variants will determine the number of variants, 
the number of different types ot variants, how 
much each variant differs from another. 
Different evolutionary theories have differed in 
their claims about such properties of the 
variants. Darwin proposed numerous small 
variations, which he called "individual 
differences," as the most important type of 
variation that natural selection acts on. Hugo 
de Vries, in his Mutation .l'.ll.i.Qr.x (1903, 1904), 
proposed an alternative to Darwinian natural 
selection by proposing that large scale 
mutations occurred that could give rise to a new 
species in 'a single generation. Thus, the 
selection step played a minor role in de Vries's 
theory, serving merely to eliminate the least 
advantageous species. Mendelian genetics did 
not support de Vries's claim for the existence 
of such large scale mutations. 

Additional alternatives to small variants 
are still being proposed. Stephen Gould (1977) 
recently suggested that large scale changes in 
developmental timing may be more important in 
evolutionary change than small scale point 
~utations. According to Gould, humans have many 
~:roperties of baby apes: maybe a large scale 
change kept our ancestors from reaching ape 
~aturity. Selection would still operate on such 

. developmental changes. Thus, these views of 
Gould's differ from Darwin's with respect to 

. (I), the generation of the variants. 

There is a temporal rela tion between steps 
I, I! and II!. It step I yields certain types 
of variants, then step I! may be unnecessary. 
For example, if the generator of variants had 
the capacity to produce only adapted variants, 
then the subsequent step of selection would not 
be necessary in either domestic or natural 
selection. It the second step is not needed, 
then the theory proposed is not a selection 
theory. Compare, for instance, so-called 
Lamarckian evolution, (Lamarck's theory was 
actually more complex): characters that are 
acquired as a result of an adaptation to an 
environment during the life of an individual are 
passed on to offspring. In such a theory, the 
generator of variants eliminates the need for 
selection since the criterion of selection 
(adaptation) has been incorporated into the 
mechanism of generation. Mendelian genetics has 
provided no evidence for such a mechanism for 
the inheritance of acquired characters. 

AI though it failed, such a so-called 
Lamarckian theory represents, nonetheless, an 
alternative type of theory to the selection 
type: a good analogy to human activity would 
be not domestic selection but human 
tool-making. Fashioning a tool to fit a need 
is analogous to an organism developing a 

characteristic in response to an environmental 
demand. The criteria that would have operated 
in the selection process have been incorporated 
into the mechanism of generation of variants; 
the need for the selective step is eliminated. 
Thus, when faced with a problem of explaining 
the origin of new adapted somethings , either of 
two abstractions can be evoked: the selection 
type or the tool-fashioning type. 

(Note at a metalevel: we have also found a 
way of obtaining a new abstraction: certain 
instantiations of parts of one abstraction may 
produce a new type of theory which obviates the 
need for the rest of the abstraction to be 
instantiated. A new abstraction with the 
tool-fashioning nature of the generator of the 
variants can be constructed; the new abstraction 
is no longer a selection theory abstraction.) 

For step I!, the selection mechanism has 
subproperties which include the agent of 
selection (that sounds a bit anthropomorphic; 
perhaps a more neutral term can be found) and 
the criteria on the basis of which some variants 
are selected. Contemporary controversies about 
evolutionary mechanisms between neutralists (see 
King and Jukes, 1969) and selectionists have 
focused on whether variants can become fixed in 
a population as a result of random processes 
rather than selection of adapted variants. 
Though random drift results in the pool of 
variants differing in succeeding generations, 
that pool does not share a set of 
characteristics as a result of a selective 
process. Thus, if there is no criterion for 
choosing among the variants and those that 
survive do so because of random processes, then 
the theory is not a selection theory. This case 
shows us that Step II could be made more 
abstract to read: a subset of the variants are 
retained. Selection or random choice among the 
variants would be alternative instantiations of 
this more abstract Step II. 

(Note at a metalevel: once again we can 
construct a new abstraction by varying a step of 
the original abstraction. This time step II is 
changed and made even more abstract.) 

Step III, a different array of variants, is 
the product of a causal mechanism operating to 
produce a different state of affairs at a 
SUbsequent time. In domestic and natural. 
selection, the most important temporal dimension· 
is the next generation of organisms; thus 
variability that is passed from parent to 
offspring, i.e., inherited variability, is the 
only variability important for selection. But 
in the abstraction of selection theories, no 
requirement for different generations is 
included. I have chosen to express the 
components sufficiently abstractly so that they 
apply to additional theories that do not include 
different generations of organisms but only a. 
different pool of variants at a later time. The 
abstraction could be formulated at a lower level 

http:l'.ll.i.Qr
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-
and include transmission of selecteu 
characteristics to a subsequent generation; but 
fewer theories would be instanoes of the lower 
level abstraction. Another level of oomplexity 
is introduced in the biological case, since the 
variants can be oonsidered either genes or 
phenotypes, Controversies about the level of, 

'selection (Lewontin, 1970; Hull, 1980) focus on 
this question of what is to count as the 
variant. Hull suggested a distinction between 
the "replicator" and the "interactor" in 
biological evolution; the abstraction discussed 
here suggests that "variator" should alao be a 
key abstract component. 

It steps I-III, oonsidered as a temporal 
procese, begin a second time, with the poel of 
variants (or their descendants) produced by the 
previous run as the starting point, then 
selection continues in the aame direotion. It 
the criterion of selection changes (as in 
environmental changes), then the direction 
shifts. Since the generator of veriants and the 
criterion of selection can ohange independently 
in some insta.nt1ations, the range of variants 
produced is potentially very large. 

In paseing it is worth noting that John 
Holland (1975) constructed an abstract form of 
adaptive theories that differs from mr abstraot 
form of selection theories. Holland construoted 
his abstraction by drawing upon tbe oontemporary 
theory of evolution. Its components include: 
the environment of tbe system undergoing 
adaptation, tbe adaptive plan "whioh determines 
suocessive structural modifications in response 
to the environment,· and ·a measure of the 
performance of different structures in the 
environment." (Holland, 1975, p.20) He has much 
more focus on the environment that my 
abstraotion does; the environment becomes the 
agent and provides tile oriterion of selection 
within my abstraction. It is diffioult to map 
my generator of variants into bis soheme; the 
adaptive plan must contain the generator. 
Holland t s .abstraction mayor may not be 
instantiated by a seleotive stepi thus the 
adaptive theories whioh he is charaoterizing may 
or may not be selection theories. In fact, his 
abstraction also characterizes tbe type of 
theories I called ·tool-fashioning·: the 
adaptive plan has a generator that oan faabion 
variants in responae to the environmental 
deaand; no seleotive step is neoessary.' 
Conversely, mr abstraotion may or may not be 
instantiated to resUlt in adaptive theories, 
depending on the oriterion of selection. It is" 
interesting to note that two people, both 
drawing on the theory of evolution, oonstruct 
markedly different abstraotions. CoUld we devise 
an AI system that could construct different 
abstraotions from the same particular theory? 

6. EXAMPLES OF SELECTION mSORIES 

A surpr1sins miIIIber of different theories 
are specializations of the abstraot type of 
selection theory given in steps I-III. A 
biolOlioal theory that fits this type 
beautifUlly is Jerne's (1955) natural selection 
theory of antibody formation, subsequently 
modified by Burnet (1957) to the theory of 

'clonal selection for the produotion of 
antibodies. The problem is to explain how the 
body tONS antibodies that are able to 
deactivate large numbers of invading foreign 
substanoes, called antigens, while not attacking 
the body's own substances. Jerne, in reflecting 
on the reasoning he used in the formation ot the 
theory, said: "three mechanisms must be 
assumed: (1) a random ..chanin tor ensuring 
the limited synthesis ot antibody molecUles 
possessing all possible combining sites, in the, 
absenoe ot antigen, (2) a purging meohanin for 
repressing the synthesis ot suoh antibody 
molecUles that happen to fit auto--antigens, and 
(3) a seleotive mechanin tor promoUng the 
syntbesis ot those anUbody molecUlse that make 
the beat tit to any antigen entering the 
animal.· (Jerne, 1966, p.301). Jerne's theory 
may be expressed in our stepa I-III. Jerne 
proposed (I) a mechanism tor producing an array 
of antibodies, (II) both negative seleOtion to 
elimillate antibodies against bodily sUbstanoes 
and positive aelection tor produotion of 
antibodie. that fit an invading anUgen, with 
the (Ill) resUlt that the original array ot 
antibodies is altered after seleotion. Jerne's 
theory proposed that natural antibodies 
CircUlating througb-out the body would attaob to 
an antigen, carry it to a phagocytic cell and 
cause that oell to produoe more antibodies like 
the selected one. (Jerne, 1955, p.8'9). 

Although Burnet endorsed muob of Jerne's 
theory, be objeoted to tbe meobanin of 
production of antibodies and proposed an 
alternative at the level ot tbe oell ratber than 
the moleoUle. Burnet said: the ·major 
objeotion is the absenoe of any precedent for, 
and tbe intpinsic unlikelihood of the 
suggestion, tbat a moleoUle of partially 
denatured antibody ooUld stimUlate a oell into 
whicb it bad been taken to produce a series of 
replicas ot the molecUle.... It would be more 
aetistaotory if tbe replicating elements 
essential to any such theory were oellular in 
obaraoter .u J.AU1.Q rather than extracellular 
protein whicb can replicate only when taken into 
an appropriate oell... •[this idea is developed, 
bere] fl'Oll What might be oalled tbe 'clonal t 

point ot view." (Burnet, 1957 t p.67). Burnet 
proposed tbat the mecbanism ot variation was 
aomatio mutation, namely ohanges within oells ot 
the body. The seleotive mechanism operated by 
moleoUles on the oell surtace reoognizing. 
anttaens. Atter a type of oell reoognized an 
antigen, it would be stimUlated to reproduoe 
into a clone ot its type. Of this theory Burnet 
said: ·Suob a po:l.nt of view:l.s basically an 
attempt to apply the conoept ot population 
.eneUca to the olones of Maenobymal 
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cells within the body.- (Burnet, 1957, p.68). 
Thus, Burnet explicitly appealed to the analogy 
between mutation with natural selection and his 
theory of somatic mutation and clonal selection. 

Burnet argued against a prior theory of 
antibody tormation that was of the 
tool-fashioning type. (Burnet, 1957, p.67). 
The template theory of antibody formation 
proposed that the body fashions an antibody on 
the invading antigen which seMes as the 
template. The Jerne-Bul'net selection theory, 
not the template theory, was subsequently 
confirmed and expanded. (Golub, 1981). 

A number of other theories can be seen as 
selection theories. Additional historical' 
research wUl be required to determine whether 
direct mapping to Darwin's theory of natural 
selection, use of the abstract type of selection 
theories, or other methods of theory 
construction played a historical role in the 
construction of these theories. Hare I will 
merely call attention to the fact that their 

. structure tits that of the abstraction for 
selection theories. 

Darwin in .IAa. ~ At: Movement .1A na.ut.a. 
(1881) explained, for example, the coiling of a 
pea tendrU around a wire as a result ot natural 
complete circular movement of tendril being 
altered (selected) after encountering an object, 
so that subsequent movement was in the direction 
of the wire. The variant pool was complete 
circular movement, the object encountered 
provided the selective agent in that direction, 
and the altered pool was the subsequent movement 

,only in that direction. (Gbiselin, 1969, 
p.196). 

Operant conditioning works by selectively 
reinforcing some behaviors out of an original 
array to alter the subsequent behaVior. The rat 
in a maze, for example, engages in random 
movements. Those in the direction of a food bar 
are reinforced, untU the rat learns to move 
non-randomly. The original array of variants is 
thus random movement. Humans are the agents of 
selection, in the experimental case, and the 
criterion for sel'ection is movement toward the 
food bar. The altered array ot variants is the 
movement after the reinforcement. Memory plays 
the role of heredity in 8upplying the altered 
pool of variants on which subsequent selection 
steps act. 

Various attempts to apply seleotion theories 
to social phenomena have been made as far baok 
as social Darwinism in the nineteenth oentul'Y 
and as reoently as sociobiology in the last few 
years. Wbether the mechanism for producing and 

, transmitting types of SOCial behavior is genetiC 
or environmental has been hotly debated. 

A final type of selection theory is 
evolutionary epistemology. Stephen Toulmin in 
.Ilwaarl UnderstBpd1 ns argued tor a view of the 

development of knowledse as a result of "a dual 
process of conoeptual variation and intellectual 
selection.- (1972, p.200). Neither Toulmin nor 
others within tbis epistemological tradition 
have had much to say about the mechanism for the 
production of new coneepts. I have been arguing, 
that use of analogical reasoning may provide a 
means of constrained generation of plausible new 
ideas that then may be sel.ected according to the 
criteria scientists use for justifying theories. 
Whether selection-type theories or 
tool-fashioning theories wUl ul timately be of 
use in understanding the growth of knowledge 
remains to be seen. 

Recursive self-reference is proving to be a 
powerful technique in artificial intelligence. 
Having new come full-circle to my starting 
pOint, namely a discussion of the way analogies 
may be used as a mechanism to generate new 
ideas, it is no doubt time to stop. 

7. CONCLUSION 

In conclusion, I would like to suggest that 
AI and phUosophy of science can work together 
in coming to understand the heuristics in 
discovery or patterns of reasoning in theory 
construction. AI is sometimes called 
experimental epistemology, and I believe it 
holds the promise of making philosophy of 
science an experimental discipline. If a 
pattern of reasoning can be buUt into an AI 
system that can construct plausible hypotheses, 
then that would serve as an experimental test of 
the pattern. Philosophers will have to be much 
more precise and detailed in their 
specifications of patterns of reasoning if those 
patterns are to be implemented in AI systems. 

Of the methods of theory construction that I 
have discussed, the one that wUl probably be 
easiest to implement is theory construction by 
shared abstraction. Phllosophers of science and 
people in AI could cooperate in finding ~ At: 
tbegrles, such as the selection type and 
tool-fashioning type that I have mentioned. 
Also, they could work together in developing 
criteria for when a particular type is to be 
evoked and instantiated in a particular problem 
domain. 

The method that holds the greatest promise 
for producing sometbing new or creative is the 
pieoemeal construction using more than one 
analogue. New ideas often result from putting 
old ideas together in new ways. The 
implementation of piecemeal theory construction 
seems huder to me, but potentially very' 
exciting. 

On this optimistic note for future' 
intel'tield interactions, let me close. 
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DISCOVERING PATTERNS IN SEQUENCES OF OBJECTS 

1bomas O. Dietterich 
Depanment of Computer Science 
Stanford University 
Stanford. CA 94305 

Abstract 

A more general kind of sequence-prediction problem-the non' 
deterministic prediction problem-is defined, and a general 
methodology for its solution presenlCd. The methodology, called 
SPARC, employs multiple description models to guide the search for 
phlusible sequence-generating rules. 1bree dilTerent models are 
prescnlCd along with algorithms for inst.1ntiating them to discover 
rules. The instantiation process requires that the initial input sequence 
be substantially transformed to make explicit important features of the 
sequence. Four different data transfolmation operdtors are described. 
The architecture of a system c.'dled SI'ARC/E is presented, which 
implements most of the metlltJdology for discovering sequence­
generating Illies in the card game Eleusis. Examplcs of the execution 
ofSPARC/E are presented. 

1.lnlroduction 
Indu..:tive learning-that is, learning by generalizing specific facts or 

obscrvations-is ,I fundamcnlai strategy by which we acquire 
knowledge about the world. TIlis form of learning is rapidly becoming 
one of the central research topics in 11.1. Most research on computer 
models of inductive learning has addressed the problem of inducing a 
general description of a concept from a collection of independent 
instances or that concept (the so-called training instances). Thus. the 
research has dealt with learning concepts that represent a certain class 
of instances. The instances can be specific physical object\" 
interactions. actions. processes, and so on. The learned concepts are 
general descriptions ofclasses ofsuch instances. 

Learning problems ofthis type include 

• learning a checkers evaluation function (Samuel, 1963. 
1967) that assigns to a given class of board situatiollll a 

celtain value, 

• learning descriptions of block structures [Winston. 1970~ 

• determining 	 rules for interpreting mass spectrograms 
(Buchanan and Mitchell, 1978~ 

• formulating 	 diagnostic niles for soybean diseases 
(Michalski and Chilausky,1980J. and 

• discovering heuristics to guide the application ofsymbolic 
integration operators (Mitchell. Utgoff, and Banerji, 1983). 

In Samuel's checkers program, for example. each training instance 
was a board sitUlltion rcpresented as a vector of 16 attributes. The 
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learned concept wa.~ an evalu'ltion function that computed the "value" 
of any board position for the side whose turn it was to move. No 
relationships between dilTerent board positions were considered. 
Similarly. Michalski's AQll program [Michalski and Chilausky, 1980} 
was given independent training instances, each describing a diseased 
soybean plant in terms of 35 multi-valued attributes. Each plant could 
have one of 19 J)OllSible soybean diseases. From several hundred 
training instances. the program inferred general diagnostic rules for 
each of these diseases. 

This type of inductive learning can be called instance-to-class 
gelleralization. A review or several methods for such instance-to-c1ass 
generali1..ation can be found in (MichalSki, Carbonell, and Mitchell. 
1983]. A comprehensive review of learning research is given in 
(Dktterich, London. C1<lrkson. and Dromey, 1982). 

Another type of inductive learning involves cOllstructing a 

d~'SCription of a whole object hy observing unly selected parts of it 

For example. given a set of fragments of a scene, the problem is to 

hypothesize the description of the whole scene. A very important ;;;ase 

of such part-to- whole generalizatiol/ is where the "part" consists of a 

fragment of a sequence of objects (or a process evolving in time) and 

the problem is to induce the hYPolhetical description of the whole 

sequence (the process). Once such a description is found, it can be 

used to predict the possible continuations of the given sequence or 

process. TIlis class of part-to-whole inductive learning problems we 

will call prediction problems. 


This paper investigates the prediction problem for a sequence of 
objects characterized by a finite set of attributes. An elementary 
problem of this type is letter·sequence prediction. ill which each object 
in the sequcnce is charactcrizcd by only one attribute: the name of the 
letter. For example, given a SI.'Quence of letters such as 

ABXBCWCDV ... 

the learning program must discov~r a "pattern"-that is, a rule that 
governs the generation of lett~rs ill the sequence. In this ca.c;e. such a 
rule might state that the SI.'<Iuence is a periodically repeating 
subsequence of three letters in which the first two letters are successors 
of the letter appearing in the previous period. while the third letter is 
the predecessor of the corresponding letter in the previous period. 
Early papers by Simon and Kotovsky [1%3. 1972, 1973} show that just 
a few relationships (such as successor. predecessor. and equality) are 
sufflCicnt to rcpresent most such patterns. Related work by 
SolomonolT [1964] an" Hedrick [1976] has investigated gmmmatical 
approaches to describing letter sequences. 

The sequence prediction problem becomes more diffICult when the 
sequence consists not of simple objects wiUI only a single relevant 
attribute (Uke the problem just described), but instead of objects with 
many relevant attributes. Further complexity is introduced if the 
pattern describing the sequence also involves a variety of relationships 
among these attributes. For example. the pattern may involve the· 
periodicity of recurrence of certain properties or the dependence of 
the next object in the sequence on the properties of objects preceding ._-_._----­
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it at somt' arbitrary distallce in the past. A sequence prediction 
problem exhibiting the above-mentioned complexities arises in the 
card game F.leusi~ (Abbott, 1977; Gardner, 1977]. Examples from this 
game wili be used to illustrate the general methodology of discovering 
patterns in sequences described in this paper. The rules for Elcusis arc 
briefly explained in scction 2.1. 

flcfore we fOlmulatc precisely this problem of discovering patterns 
in sequences, let us first explain why it is important for current AI 
research. There arc three major AI problems that must be addressed 
in any solution to this discovery tLlsk: (a) the representation problem, 
(b) the problem of performing model-driven inductive learning with 
multiple models. and (c) the problem of reasoning about temporal 
processes. TIle specilic representation problem of interest here is that 
of automatically determining an appropriate series of transformations 
of the initial sequence description so that the pattern can be found. 
The multiple-model inductive learning problem arises because no 
single model can provide sufficient guidance to the search for 
plausible descriptions in this domain. The relationship of this 
problem to rea~()nil)g about time is not as strong as the other two 
problems. However. since temporal processes include as a special case 
discrete-time linear sequences. some of thc techniques developed for 
sequence prediction may be relevant to the more general problem. 

In the next two sections. we discuss in detail the representation 
problem and the problem of multiple-model induction as they arise in 
this domain_ 

1.1. Task·oriented transformation of description space 
The problem of transforming the initial problem description arises 

in many practical domains in which the given dat.1 (e.g.• the training 
instances in inductive learning) are observations or measurements that 
do not include the information most relevant to the task at hand. For 
example. in character recognition, the input typically consists of a 
matrix of light intensities representing a character. but the relevant 
infomliltion includes position-invariant properties of letters such as 
the presence of a line on the left or right of a character, occurrence of 
line endings. closed contours, and so on (e.g.•(Karpinski and 
MichalSki. 1966]). These position-invariant properties can be made 
explicit by applying task-oriented transformations to the raw data. 

An <:xample of a learning program that performs task-oriented 
transtbnnations is INTSUM (a part of the Meta-DENDRAL system. 
{Buchan:m and Mitchell. 1978}). INTSUM is presented with raw 
training instances in the form of chemical structures (graphs) and 
as.~iated mass spectra (represented as fragment masses and their 
intensities). For each fragment in the mass spectnlm. INTSUM must 
determine the bonds that could have broken to produce that fragment 
A simple mass spectrometer simulator is used to develop these 
hypothesiz.ed bond breaks. Each of the resulting transformed training 
instances has the form of a chemical structure and a set of bonds that 
broke when that structure was placed in the mass spectrometer. It is 
this in formation that is provided to the remaining parts of the Meta­
DENDRAL system (progmms RULEGEN and RULEMOD). 

In character recognition programs and in Meta-DENDRAL, the 
data transfomlations are fixed in advance. Future learning systems. 
however. may not know the proper transformations a priori. These 
learning systems will need to select or invent appropriate task-oriented 
transfolmations for each leaming situation. 

This description-space transformation problem has been called by 
various authors the data iflterpretalioll problem (Dietterich. et al.. 1982) 
or the reformulation problem (Amare!. 1968). We prefer the teml 
task-orieflted lran.ifonnatiolZ problem. since it emphasizes that the 
proper choice of data transformations depends upon the task being 
performed. In the sequence prediction problem discussed in this 

paper. the desired sequencc-generating rules are described in 11 

language quite different from the language used to describe the raw 
scquence. The learning system determines appropriate data 
lr.lnsfOimations from four general classes of transformations and 
applies them to the raw sequence to produce a transformed sequence 
amenable to pattern discovery. 

The task-oriented transformation problem is part of a spectrum of 
problems faced by learning programs. The simplest learning 
algorithms (e.g .• linear regression) determine the coefficients for a 
predetennined. fixed set of variables. Slightly more sophisticated are 
learning algorithms. such as the Aq algorithm (Michalski and Kulpa. 
1971] or the candidate elimination algorithm (Mitchell. 1978]. that are 
able to determine which terms arc relevant and how they should be 
combined (i.e .• with operators such as A and V). Learning algorithms 
that perform interpretative transformations (e.g.. Soloway (1981]. 
Meta-DENDRAL (Uuchanan and Mitchell. 1978) augment these 
basic inductive algorithms by applying a set of predetermined 
transformations to the data prior to inductive generalization_ Not yet 
developed are learning algorithms that could sclect description-space 
transformations under guidance of special heuristics. And very few 
researehers have addressed the problem of discovering new deSCriptors 
(predicates. functions. operators. etc.). Table I-I shows this spectrum 
ofinductive learning problems. 

L Determine coefficients 

2. Select relevant variables and combine 

3. Apply predetermined transformations 

4. Select transformations under heuristic guidllnce 

S. Discover new descriptors 

Table 1-1: Spectrum of learning problems in increasing order of 

difficulty. 

The method presented in this paper falls under eategory 4, since it 
searches four general classes of transfOmlations and employs heuristics 
reflecting domain-specifIC knowledge. 

1.2. Learning with multiple models 
The second major problem that arises in sequence prediction is the 

problem oflearning using multiple description models. lbis pl'Oblem 
has not received much attention in previous AI research. Most 
existing systems employ a single model that provides guidance to the 
induction algorithm as it searches a space of possible descriptions. 
Many systems. for example, use conjunctive descriptions to represent 
concepts. By constraining the search to consider only conjunctive 
descriptions, the learning problem is greatly simplified. Michalski 
(Michalski and Kulpa, 1971] constrains descriptions to be in 
disjunctive normal form withfoweSI disjunctive lemlS. This constraint 
is satisfied (approximately) by having the induction algorithm find 
first one conjunction. and then another. and so on until all of the 
training instances are covered. Meta-DENDRAL [Buchanan and 
Mitchell. 1978) employs a fairly elaborate model of the operation of 
the mass spectrometer to guide its seareh for cleavage rules. In 
general, all of these systems usc a single model. and very few authors 
have made their models explicit 

One researcher who has employed multiple models is Persson 
(1966]. He applied four different models to the problem of 
extrapolating number- and letter-sequences. Briefly, these models 
were 

http:hypothesiz.ed
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1. a model that computes the cocllkients and the degree of a 
polynomial by applying Newton's forward-difference 
formula (the degree clln be arbitrarily large); 

2. an extended model tliat discovers exponential rules of the 
form AnC, where A is a polynomial of degree 4 or less and 
Band C are polynomials of degree 1 or less (i.e., Band C 
arc of the foml ax + b): 

3. a simple periodic model for periods of length 2 (i.e., 
intertwined sequences); and 

4. a generalization of the Kotovsky and Simon model for 
'Iburstone letter-series that can discover simple periodic 
and segmenled sequence-generating laws. 

'nlesc models are applied in an artificiaJlearning situation in which 
the program is given a sequence of sequence-extrapolation problems. 
lhus. in addition to attempting to solve each individual sequence­
extrapolation problem, Persson's program tries to predict the kind of 
sequence-prediction problem that it will next receivt.'-that is, it tries 
to predict which model will best fit the next sequence-prediction 
problem. Hence, when the program is attempting to solve one of the 
base-level problems. it selects models to apply based on its predictions 
about the kind of sequence that it is expecting. 

Persson's work shows the value of employing multiple description 
models to search for sequence-generating rules. The major limitation 
of Persson's approach, however, is that it is specifIC to number- and 
letter-scquence prediction. His methods cannot solve the more 
general problem described in this paper in which objects have 
multiple attributes and the task is to find a nondeterministic sequence­
prediction rule. 

Table 1-2 shows a spectrum of five model-based learning methods. 
The simplest approach is to use a single fixed model. This has been 
the common approach in AI thus fiIr. The next step is to provide a 
learning program with a set of models from which it would choose the 
most appropriate ones. This i~ the approach used by Persson. The 
third level of sophistication would be to have the program generate a 
predetennined set of models, just as the learning program applies a 
predetermined set of data transformations. This could be improved by 
having the program decide which models to generate on the basis of 
special heuristics. Finally, an even more sophisticated program would 
be able to invent new models and apply them to guide the learning 
process. 

1. Single model 
2. Selection from a few models 
3. Predetermined gencration ofmodels 
4. Heuristically-guided generation of models 
S. Discovery of new models 

Table 1-2: Spectrum of model-based methods in increasina 
diff'lCulty 

The approach described in this paper searches a' predetennined 
space of possible models in a depth-first fashion, and hence, falls 
under point 3 of this table. 

. It is the' development of techniques for addressina these two 
probletM-<lf selectina task-oriented transformations and of applyina 

multiple description models-that is the main thcoretical contributioll 
ofthis research. In the rcmaindcrofthis paper, we 

1. define the sequence prediction problem under 
consideration, 

2, describe the methods used for representing and 
transforming the initial training inslances, 

3. prescnt techniques for representing the models and 

sequence·generating rules, and finally, ' 


4. provide the details of the program SPARC/E, which 

implements most of the described methodology. lbe 

program is illustrated by a few selected examples of its 

operation when applied to the inductive card game 

E1eusis. 


2. Problem Statement 
Suppose we arc observing a process that generates some objects, 

one after another, and arranges them into a sequence. Suppose that 
the objects are generated from a known set and that there exists an 
underlying law that specifies at least some of the properties of every 
new generated object. We will caU such a law a sequence-generating 
rule. It is assumed that the law is expressed in terms of properties that 
are either observable properties of objects present in the sequence up 
to the moment when a new object is generated or properties that can 
be derived from such observable properties by some known inference 
rules. 

We are interested in the most general kind of sequence-generating 
law in which the law does not necessarily completely detcrmin.l which 
objects can or cannot appear next in the sequence. The law merely 
Slates some properties that constrain the next object to be a member of 
a restricted set Thus, such a generating rule is nondeterministic. TIle 
task of discovering such a generating law is a difficult learning task. 
requiring task-specifIC data transformations and model-guided 
induction. We will call this learning problem a non-deterministic 
prediction problem (NDP, for short). If the law guiding the generation 
of the sequence completely defines the next object at every point in 
the sequence, then the NDP problem reduces to a deterministic 
prediction problem (DP, for short). In the DP problem, it is assumed 
that there is no randomness in the generation of the next object. lbe 
next object is strictly a function of the past objects. 

Many researchers have previously considered DP problems such as 
leuer-scquence prediction, number-series extrapolation. economical 
prediction. and prediction of the behavior ofa computer system. Most 
recently, the MCON system (Langley, 1980) has addressed a wide 
range of DP problems that arise in seientific discovery situations. 
BACON and most of its predecessors make strong use of the 
constraint that in a DP problem, all attributes of the next object in the 
sequence are determined by the previous objects in the sequence. The 
NDP problem is more difficult to solve. because only a partial 
description of the original sequence is sought Consequendy, many 
more plausible hypotheses must be considered during the inductive. 
learning process. 

Let us illustrate a simple NDP problem by an' example. Suppose we 
are given a snapshot ofan ongoing prncess that has already generated 
the objects (graphs) shown in Figure 2-1. 

The observable properties of each graph are: the NUMBER OF 
NODES, the SHAPE of the graph (f-junction, SQuare, bar. wheel, 
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triangle. star. diamond). the TEXTURE of each node (solid black, blank, 
and cros~), and r.lle ORIENTATION of the graph (applicable only to 
graphs that are elongated in some direction. expressed as degrees 
clockwise from Yertic,ll). Suppose we would like now to predict what 
could be the next object 

_Figure 2-1: A simille NDP problem 

By examining the given string in Figure 2-1. we can observe that it 
can be partitioned into segments of three graphs in length. The nodes 
of the graphs in each triplet have TEXTURE in the order <solid black, 
blank, cros~>. The SHAPES of the graphs are always <T-junction, ., 
bar) (where • denotes any shape). We can also notice that the 
ORIENTATION of the T-junction changes by -4.5 degrecs each time, 
while the ORtENTATION of the bar increases by +4.5 degrees each 
time. Finally. the NUMBER OF NODES in the center graph alternates 
between 4 and 8. If the above regularities indeed constitute the 
generating law. we can hypothesize that the next graph in the 
:iCquence will have 8 blank nodes. and then after that there will be a 
graph that is a slanted bar with crossed nodes and ORIENTATION of 22.5 
degrc~ (slant downwards to left). 111U5, with regard to the first 
predicted object. we know only two properties (NUMBER and TEXTURE 
of nodes). and with regard to the second predicted object. we know it 
completely. It is easy to see that the problem of letter-sequence 
prediction (or extrapolation) is a special case of the NDP problem 
where each object is a letter of an alphabet whose observable property 
is its name. It also has one derived property that is its position in the 
alphabet. (lne order of letters in Ille alphabet is externally-provided 
domain knowledge.) Since each object (in this case a character) is 
defined completely by specifying its name (or its position in the 
alphabet). leiter series prediction is necessarily a OP problem. 

2.1. An exemplary NDP problem: the card game Eleusis 
An interesting NDP problem occurs in the card game Eleusis, 

invented by Robert Abbott (Abbott, 1977; Gardner. 1977). E1cusis is 
an inductive game in which players attempt to discover a "secret rule" 
invented by the dealer. The secret rule is the generating rule for a 
sequence ofcards. Each player. in his or her turn. adds one card to th~ 
sequence, and the dealer indicates whether the card is a correct 
extension of the sequence (Le., satisfies the secret sequence-generating 
rule). Players who play incorrectly are penalized by having additional 
cards added to their hands. The goal of each player is to get rid of a\l 
of the cards in his hand. which is only possible if correct cards are 
played. The cards played during the game are displayed in the form of , 
a layout in which the correct cards fOrm a "main line" and incorrect 
cards form "side lines" branching down from the mllin line at thc card 
that they followed. Figure 2-2 shows a typical f.leusis layout for the 
sequence-generating rule "Play alternating rcd and black cards." In 

this game, the 3 of hearts was played first, followed by a 9 of spades, 
and a Jack of diamonds. All of Illese were correct Following the 
Jack, a .5 of diamonds was played. It appears on a sideline below the 
Jack. because it was not a correct e"lension of r.lle sequence. (At this 
point a black card is required.) lne 4 of clubs wa~ !.hen correctly 
played. and so on. 

Main 11ne: 3N 9S JO 4C 	 JO 2C 100 2C 6H 
Side lines: 60 	 AN AS 8H 

8H 10S 7H 
QD 10N 

Figure 2-2: A sample Eleusis layout 

Eleusis provides a good domain for studying the use of task­
oriented data transformations to aid learning. Frequently, the 
generating law for an Eleusis sequence is stated in terms of descriptors 
that are not present in Ille initial sequence. In this example, for 
instance, the generating law is stated in terms of the color of the cards, 
but the original sequence supplies only the RANK and SUIT of each 
card. Table 2-1 provides some examples of generating laws from 
Eleusis. Note that the terms in which these laws are expressed (e.g., 
"strings of cards of the same suit", "alternating sequence") are quite 
different from terms such as RANK and StilT that described the 
original sequence. To bridge this difference. appropriate deSCription­
space transformations have to be performed. 

• If the last eard was a spade. playa heart; if last card was a 

heart, play diamonds; iflast was diamond. play clubs; and 

iflast was club, play spades. 


• lne card played must be one point higher than or one 

point lower than the last card. 


• If the last card was black, playa card higher than or equal 

to that card; if the last card was red, play lower or equal. 


• Play alternating even and odd cards. 

• Play strings of cards such that each string contains cards all 

in the same suit and has an odd number ofcards in it. 


Table 2-1: Some examples ofsequence-generating rules in Eleusis 

Eleusis ,llso provides a good domain for studying the use of models 
for guiding the induction process. 'Ille space of possible Eleusls rules 
using descriptors such as SUIT, RANK, COLOR, FACEDNESS, PARITY, 
PRIMENESS, and RANK MODULO 3 is very large. In our description 
language, there are more than 10137 possible sequence-generating 
rules involving four or fewer conjunctive expressions1 A breadth-first 
search of this space, such as is conducted by the candidate-elimination. 

~is estimate is based OIl computing the space of all synlaCtically lcgaI VL1 
roojuRClS containing the following set of descriplOOl (aller each descriptor is listed the 
number of clcmenlS ill ils value set and the number of possible sclectolS that can be 
fonned using those e1cments): SOIT (4.9). RANK (13, 91). (X)f..()lt (2..3). FACEDNl!SS (2..3). 
PARITY (2.3). PlUMENIlSS (2..3). RANKMOW (3.7). l>-SllIl\ll (4,9). I>-SOI1l)1 (4.9). I>-RANKOI 

(25,300). D-RANK02 (2S.3OO). S-RANKOI (25.300). S·RJ\NK02 (25.300). O-COLOROI (2..3), 
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algorithm. would clearly be imp()S,~iblc. Fortunately. the rules used by 
people tend to cluster into cel1ain classes Ihat can be well-dC"..cribed by 
three models: periodic rules. decomposition mles, and DNF rules. 
'Thus, a model-directed approach can be used to discover sequence­
generating niles in Eleusis. 

3. Overview of Solution 
This section gives an overview of Ihe approach taken to solving the 

NDI) problem defined in section 2. The approach is a combination of 
bottom-up data transformation, top'dow n model speciali7.ation, and 
data·driven instantiation of the specialized models to fit the 
transformed data. These Ihree processes can be briefly explained as 
follows: 

1. Rottom-up data transformation involves applying various 

tranSf0I111ation operators to the initial sequence 

description to obtain a (Ieriveci sequence descriplion. We 

use four ba~ic data transformations: auding derived 
attributeS" segmenting, splitting, and blocking. Details of 

Ihese arc described in section 4. 

2. Top-down model specialization involves specifying 

particular values for tbe parapleters of general rule models 

to obtain a paralll,?(erizeci model. We use Ihree general 

models: Ihe disjunctive normal form model (DNF), Ihe 

decomposition model, and the periodic model. Each of 

Ihese models ha~ one or more parameters. For example, 

both the DNF and decomposition models have a single 

parameter: Ihe I()()kback, L (i.e .• Ihe number of objects 

back from Ihe given object in Ihe sequence Ihat are 

assumed to determine Ihe next object). The periodic 

model has two parameters: Ihe lookback, L, and the period 
length. P, which indicates Ihe lenglh of tJte repeating 

period jn the sequence. Details of Ihe model specialization 

process arc described in section 5. 

3. The model· Instantiation process attempts to fit Ihe 

parameterized model to Ihe derived sequence description 

to produce an instantiated parameterized model. A model 

Ihat has been parameterized and instantiated serves as a 

sequence-generating rule. lbis process is described in 

section 6. 

The above three steps are illustrated schematically in figure 3-1. 

Model instantiation. as used in Ihis paper. is an extension of the 
well-known AI technique of schema instantiation. Schema 
instantiation has been applied. for example, by Schank and Abelson 
(1975) to interpret naturallangtl<1ge, by Engelmore and Terry (1979) to 
interpret X -ray diffraction data in protein chemistry, and by Friedland 
(1979) to plan genetics experiments. Model inst.1ntiation differs from 
schema instantiation in the complexity of Ihe instantiation process. 

I>-COLOlUll (2.3). D·FACEDNFSSOI (2.1). D-FACllDNFSS02 (2.3). D-PAIUTYOI (2.3), D-PARrrnIl 

(2.3). D-PRIMI;NESSOI (2.1), D-PRIMIiNESSOl (2.1). D-RANKMODHll (3.1), D-RANKMom-m 

(3.7). TIle sure and ItANKMODl descriptor.; are cyclically ordl!l'ed, while the RANK 

descriptor.; are interval descriptors. All others are nominal. In ablock of three adjacent 
cards (with Iookback L= 2). the first seven descriptors appear three times-{)nce for 
c:ach card. Hence. ~ lOtal number j!{ possible conjuncts is (9·91"3"1"3"1"7) • 
(9"3000 3000 30 30 3;1°1) = 2.11211;10 . If there are four conjuncts in a role, then we 
obtain (2.11221°10 I = 1.99·10 • 

Classes 01 models 

Specific 

model 
Fit model 

lOdala 
Derived 

sequence 

Transiorm 

original 

description 

Original sequence 

"'igllrc 3-1: Schematic description of Ihe rule discovery process 

Model instantiation involves not only filling in predetermined slots or 
substituting constants for variables. but also synthesizing a logical 
formula of an assumed type. For example. in order to instantiate each 
of Ihe Ihree models described below. the program must syntbesize a 
conjunction of predicates or a disjullction of Stich conjullctions tJlat 
satisfies certain constraints. ModeHnstantialion melhods share with 
schema' instantiation melhods the advantage Ihat Ihey arc efficient. 
and also eftectivc with noisy and uncertain data .. The constraints 
proviued by the models (or schemas) drastically reduce Ihe size of the 
space Ihat tJle program must search. 

'Ille principal disadvantage of model- and schema-instantiatioll 
melhods is Ihat Ihey require substantial amounts of domain 
knowledge to be built into Ihe program. In order to keep this domain 
knowledge explicit and easily modified, we employ a ring architecture 
in Ihe design of Ihe learning program. as described in section 6. lbis 
architecture facilitates Ihe application of Ihe system to a variety of 
problems by simplifying Ihe process of changing the domain-specific 
parts of the program. 

4. Describing and Transforming Training 
Instances 

Now Ihat we have defined the problem to be solved (the NDP 
problem) and sketched Ihe solution, we launch into Ihe details of that 
solution. This section presents Ihe description language for 
representing Ihe original sequences and Ihe transfonnation operators 
that can be applied to modify Ihat representation. 

4.1. Representing the initial sequence 
A sequence ofobjects is represented as an -indexed sequence2 

<Q!. q2' .... qt) 

It is assumed Ihat Ihe only relevant relationship between two objects is 
Iheir ordering in the sequencc. Each object is described by a set of 
attributes (also called descriptors) fl' f2..... f • which can be viewed as . n
functions mapping objects into attribute values. To state that attribute 
~ of object qj has value r, we write 

[f1(qj)-r]. 

2 A sumR'.ary oI'the notational COn\Clllioru; used in this puper ~pp.lm in J;CctioIl1. 
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This notation is called a selector. For example, if ~ is color and r is red, 
then the selector 

[color(qj)"red] 

states that the r.olor of the j-th object in the sequence is red. 

E.1Ch attribute is only pennitted to "'"Ike on values from a finite value 
set called the domain, D(f;), of that attribute. This constrailll i~ part of 
the background knowledge that has to be given to the program. For 
example, in a deck ofcards, the domain of the svrr attribute is (clubs, 
diamonds, hearts. sp<1dcs}. Additional knowledge about the domain 
set can be represented. In particular. the domain set may be linearly 
ordered. cyclically ordered (i.e.• in a circular. wrap-around ordering), 
or tree ordered. We will see below how these domain orderings arc 
applied to the problem of representing cards in an Eleusis game. 

A complete initial description of a single object. q.. called an event, 
is all expression giving the values for all of the attrib6tes of qr This is 
lIsual\y written as a conjunction ofselectors: 

[fl(qj)-rl][f2(qj)-r2] ••• [fn(qj)-rn]. 

It can also be represented as a vector ofattribute values: 

(rl• r2..... r )·n

This vector notation suggests that each object description can be 
viewed as a point in the event space E: 

E =O(f1) X 0(9 x'.. X D(fn> 

TIlis event space contains all possible events. 

A complete description of the initial sequence is a sequence of 
conjunctions of selectors (or alternatively. a sequence of attribute 
vectors)-one conjunction for each object in the scquence. The space 
of all possible sequenccs can be generated by selecting all possible 
sequences ofevents chosen from E. 

4.2. Transforming the Sequence 
As we mentioned in section I, it is often necessary to transfonn the 

initial sequence into a derived sequence in order to facilitate the 
discovery of sequence-generating rules. Such a data transfomlation 
can be viewed as a mapping T from one set of sequences S, containing 
objects Q. described by attributes F. to another set of derived sequences 
S·. containing derived objects Q', and described by derived auributes F. 

T :<S,Q.F> --> <S·,Q·.F>
P}' .... Pt 

wherc Pl' .•.• Pt are paramcters of the transformation tha~ control its 
application. We have found four basic transformations to be 
especially useful for discovering sequence-generating rules: (a) adding 
derived aUribules. (b) segmenling. (c) splillil/g into phases. and (d) 
blocking. Each oflhese is described in turn. 

4.2,1_ Adding derived attributes 
The simplest transfonnalion docs not change the set of sequences, 

S, or the set of objects. Q. but .onIy thc set of attributes, F. For 
example, in Elcusis, the initial set F contains only two attributes: the 
RANK and SUIT of a card. These can be augmented by deriving such 
attributes as COLOR (red or black). FACEDNESS (faced or nonfaced), 
PARITY (odd or even). and PRIMENESS (prime or not prime in rank)_ 
The adding-derivcd-attributcs transfonnation has no parameters. 

4.2_2. Segmenting 
The segmenting transfonnation derives a new sequence made up of 

a new set of objects. Q'. and described with a new set of attributes, .. ~. 
TIle ncw sequence is produced from the original sequence by dividing 
the original sequence into non-overlapping segments. Each segment 
becomes a derived object in the new sequence. The only parameter of 
the segmenting transfonnation is the segmentation condition that tells 

how the original seqllence should be divided into segments. Three 
types of scgmentation conditions can be distinguished: (a) those that 
use properties of the origil/al objects to detennine where the sequence 
shouldbe broken. (b) those that use properties of the original objects to 
detennine where the sequence should nol be broken. and (c) those 
that use properties of derived objecls to detennine where the original 
sequence should be broken. 

For example. suppose the original sequence consists of physical 
objccts described by attributes such as WEIGHT, COLOR, and HEIGHT. 
An example of each type ofsegmentation condition follows: 

1. Break 	 when 
[we1ght(q1-1»10][we1ght(q1)~10]. 

According to this condition, the original sequence is to be 
broken (betwecn qj-l and q) at the point where the wcight 
ofan object changes from above 10 to under 10. 

2. 	 Don't break as long as 
[color(q1)-color(q1-1)][we1ght(q1»10]. 

This condition states that the original sequence will not be 
broken (between qj-l and qj) if the color stays the same 
and the weight remains above 10. It will be broken at any 
point where these conditions do not both hold. 

J. Break so that [length( q1' )-2]. 

This condition states that derived objects (qj') should be 
subsequcnces of length 2 from the original sequence (i.e.. 
pairs of adjacent objects from the original sequence). 

The choiee of attributes, P. for describing the newly-derived 
objects. Q'. depends on the segmentation condition IIsed to segment 
the sequence. For example. if the [length( q1') -2] condition is 
used, attributes of interest might include the sum of the VALUES of the 
two original objects. the m;lximum VALUE..the minimum VALUE, and 
so on. The LENGTH of the segment would not be of intercst, since by 
definition, it is a constant. However, if the 
[color( q1 )-color( q1-1) J condition is used, the LENGTH of the 
segment could be quite interesting and should be derived. Also, the 
iCOLOR shared by all of Ihe cards in the segment might be of interest 
In our implementation. the user specifics which attributes should be 
derived. All user-speci fied attributes are derived uriless the program 
can prove from the segmentation condition that those attributes would 
not have a well-defined value for each segmCnt in the sequence or else 
would be trivially constant for all segments. 

Often, a segmentation condition leads to the creation of incomplete 
segments at the beginning and end of the original sequence. These 
boundary cases can create diffICulties during model instantiation, so 
they are ignored durine rule discovery. but checked during rule 
evaluation. 

4.2.3. Splitting 
The splitting transfonnation splits a single sequence into a sequence 

of P separate subsequences: <phI' phr ...>. Sequence phi starts with 
object qj (the object at the Hh position in the original sequence) and 
continues with objects taken from succeeding positions at distance P 
apart in the original sequence. Each of the derived sequences is called 
a phase. P is the parameter of the splitting transfonnation that denotes 
the number of phases. Figure 4-1 shows the splitting operation for P 
=J. 
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Original sequence: <ql q2 q3 q4 q6 q6 q7 q8 q9) 

Derived sequence: <phl ph2 phS), where 

phl: <ql q4 q7) 

phZ: <qZ q6 q8) 

phS: <q3 q6 q9) 

lIigure 4-1: Splitting transformation with p= 3 

The objects within each phase retain the linear ordering that they 
had in the original sequence. The phases themselves can be 
considered to be cyclically ordered so that phI precedes ph2, which 
precedes ph:J. and so on, until php' which is followed by phI again. 
Consider, for example, the following sequence: 

<1 8 Z 9 3 10 4 11) 

'nle splitting transformation with P=2 would produce the sequence 
<phl phZ> where 

phl - <1 Z 3 4) 
phZ - <8 9 10 11) 

Since the splitting transformation simply breaks the original sequence 
of objects in to subsequences, no new objects are created. 
Furthermore, no new descriptors are defined. lbe set of descriptors 
used to characterize the objects in each of the phases is the same as the 
set of descriptors used to characteri1.e the objects in the original 
sequence. 

The splitting transformation can be applied to break one sequence­
prediction problem into several subproblems-one for each phase. 
This is how periodic rules are discovered. 

4.2.4. Blocking 
The blocking transformation converts the original sequence into a 

new sequence made up of a new set of objects B' and a 'new set of 
attributes F. The new sequence is created by breaking the original 
sequence into overlapping segments called blocks. Each object bi in 
the new sequence describes a block of L+ 1 consecutive objects from 
the original sequence. starting at object Qi (called the head) and 
proceeding backwards to object Qj'L (where L is the lookback 
parameter of the blocking transformation). Figure 4-2 shows the 
blocking operation for L=2 (Block length ofJ). 

Several attributes are derived to describe each block. For each 
attribute A applicable to the objects in the original sequence, the 
attributes AO. AI, .... AL are defined that are applicable ttl the objects in 
the derived sequence. Ao(bj) has the 5<1me value as A(Q.); Al(bj) has 
the same value as A(Qi-l): and so on until AL(bj), which has the same 
value as A(Qj.L)' In other words, die original attributes are retained in 

Original sequence: <ql q2 q3 q4 q6 q6 q7 qS) 

Derived sequence: (b3 b4 b6 be b7 bS) 
where bl arc derived objects defined as follows: 

b3: <ql qZ AI) 
b4: (q2 q3 .II!) 
b6: (q3 q4 JIi) 
b6: <q4 q6 II) 
b7: (q6 q6 ·AI) 
bS: (q8 q7 .III) 

The underlined object in each block is the head object. 

Figure 4-2: The Blocking Transformation with L=2. 

the new scQuence, but they arc renamed so that they apply to whole 
blocks rather than to individual objects in the original sequence. The 
numerical suffix on the new names encodes the relative position of the 
original ohject Qj in block bi' 

For example, suppose we have the sequence <ql q2 q3 q4 q6> 
with attributes RANK and SUIT, where 

[rank(ql)aZ][su1t(ql)aH] 
[rank(qZ)·4][su1t(qZ)-S] 
[rank(qS)a6][Su1t(q3)·C] 
[rank(q4)a8][su1t(q4)·O] 
[rank(q6)-10][su1t(q6)-H] 

Now suppose we apply the blocking transformation to this sequence 
with L:::2 to obtain the derived sequence of blocks <b3 b4 b6>. 
TIlen the descriptors RANKO, RANKI. RANK2, surro, SUiTt. and SUIT2 
will be derived with the values 

[rankZ(b3)aZ][su1tZ(b3)aH] 
[rankl(bS)a4][su1tl(b3)·S] 
[rankO(b3)a6][su1tO(b3)·C] 

[rankZ(b4)·4][su1tZ(b4)·S] 
[rankl(b4)D6][su1tl(b4)·C] 
[rankO(b4)a8][sU1tO(b4)-O] 

[rankZ(b6)·6][su1tZ(b6)·C] 
[rankl(b6)a8][su1tl(b6)aO] 
[rankO(b6)al0][su1tO(b6).H] 

Tbis transformation leads ttl a highly redundant representation of 
the information in the original sequence. For example, the 
information about SUIT and RANK of the original object q) is repeated 
as SUITO and RANKO of block bl , surn and RANKl of block b4, and 
SUITI and RANK2 of block by However. this derived sequence of 
blocks facilitates the representation of the relationships between 
objects in the original sequence. Many sequence-prediction rules 
involve such relationships. 

To represent relationships between objects, additional descriptors 
called sum and (JijJcrence descriptors are defined. In the case of the 
above sequence, the descriptors S·RANKOl, S'RANK02, D-RANK01, 
D-RANK02, D-SUITOl, and D-SUIT02 are created. The value of 
S'RANKOl(bj) is the sum of RANKo(bj) and RANKI(b j). The value of 
D-RANKOl(bj) is the difference between RANKo(bj) and RANKI(bj). 

l1lus, in addition to the selectors shown above, the following selectors 
would also be derived for the new sequence: 

[s-rankOl(b3).10][s-rankOZ(b3)-S] 
[d-rankOl(b3)-Z][d-rankOZ(b3)-4] 
[d-su1tOl(b3)-1][d-su1tOZ(b3)-Z] 

[s-rankOl(b4)-14][s-rankOZ(b4)-lZ] 
[d-rankOl(b4)-Z][d-rankOZ(b4)-4] 
[d-su1tOl(b4)-1][d-su1tOZ(b4)aZ] 

[s-rankOl(b6)-18][s-rankOZ(b6)-16] 
[d-rankOl(b6)-Z][d-rankOZ(b6)-4] 
[d-su1tOl(b6)-1][d-suit02(b6)-Z] 

From this representation, it is relatively easy to discover that 
[d-rankOl( bi) -2] is true for all blocks bi. 

Ordinarily, sum and difference attributes only make sense for 
attributes such as RANK whose domain sets are linearly ordered. We 
have extended the definition of difference to cover. unordered and 
cyclically ordered domain sets cIS well. For an unordered attribute 
such as COLOR, whose domain set is {red, black}, D-COLOROl takes on 
the value 0 if the COlORo(b.) ::: COLORl(b.) and 1 otherwise. For' 
attributes with cyclically-ordered domain ~ts, such as SUIT (with 
values {clubs, diamonds, hearts, spades}), D-SUITOI is equal to the 
number of steps in the forward direction that are required to get from 
SUITI(bj) ttl SUITO(b j). If SUITl(bj):::diamonds and ~UlTo(bj)=chibs. 
D-SUITOl(b~=3. 

The sum and difference attributes make the ordering of the original 
sequence explicit in the attributes that describe each block. 
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Consequently. it is no longer necessary to represent the ordering 
between blocks. Hence. the model-fitting algorithms discussed below 
treat the derived sequence (of blocks) as an unordered set of events. 

One difficulty with the above approach is that the numericllI suffix 
notation is not very easy to read. especially when it is combinc<l with a 
slim or difference prefix. Hence. we have developed an alternative 
representation that is more comprehensible. In this notation. selllCtors 
that refer to bloch. such as [su1t1(b1 )-H].llre written asselllCtors 
that refer to objllCts in the original sequence. such as 
[GU i t ( q 1-1) "H]. Similarly. selllCtors such as 
[d-rank01(bi )-3] are written as 
[ranJ.:.(q1)-rank(q1-1)+3]. This notation makes the meaning 
of the selectors dellr without having to explicitly mention the blocks 
bi" For purposes of implementation, the first notation is better 
because it enables the program to treat all sequences-including 
derived sequences-uniformly. HOlVever. the second notation is more 
understandable and hence will be used for the rest of this paper. 

5. Representing Sequence-generating Rules 
and Models 

A sequence-generating nile is a function g that assigns 10 each 
sequence of objects. <ql' q2' .... qt>. a non-empty set of admissible next 
objects Qt+l: 

g: {<ql' q2' .... qk>} --> {Qk+l} 

Q
k
+1 is the set of all objects that could appear as the next object in the 

sequence. For example, in the rule "Playa card whose rank is one 
higher than the previous card", g(<... 4C»=Qt+l is the set of cards 
{5C, 51). 5H, 5S}. 

The set Qk+ 1 may contain only one event. or it may contain a large 
set of possible events. If for al\ k. the sequence <ql' q2' ..., qt> is 
mapped by g into a singleton set, then the rule is a deterministic rule; 
otherwise, it is a I/olldetermillistic rule. This paper addresses the 
problem of discovering a nondeterministic sequence-generating rule, 
g. given the sequence <ql' q2' ..... qk>' 

The sequence <ql' q2' .... qk> can be viewed as the set of assertions 

ql E g«» 
Q2E g«q?) 

qm E g«ql' .... Qm-l» 

These assertions arc positive instances of the desired sequencc· 
generating rule_ 

In Eleusis. negative instances are provided by the cards on the 
sidelines-that is, the cards rejected by the dealer for being incorrect 
A sideline card Q3 played after card q3 provides a negative instance 
of the form: . 

q3- ~g«ql'q2,q3» 

The goal is 10 find a description for g that is consistent with these 
training instances and satisfies some preference criterion. 

The preference criterion in our methodology (and ill an learning 
systems) attempts to evaluate a candidate rule in terms of its 
generality. predictive power. simplicity. and so on. These semantic 
properties are ditlkult to compute, however. InstClld, virtually aU 
learning systems employ syntactic criteria that correspond in some way 
to these semantic criteria. Syntactic criteria-such as the number of 
selectors in a conjunction and the number of conjuncts in a 
disjunction-will only correspond to the semantic criteria if the 

representational framework is well chosen (Sec McCanhy [1958]). As 
we noted in the introduction. most previous AI research on learning 
has employed a single rCI)resentational framework or model for 
describing the rules or concepts to be learned. In Eleusis. a single 
framework is insuffICient. Instead. we have developed three basic 
models that were found to be useful: the DNF model. the 
decomposition model. and the periodic model. When these models 
are employed. syntactic criteria can be used to approximate semantic 
criteria during evaluation. 

A model is a logical schema that specifies the syntactic form of a 
class of descriptions (in our case. sequence-generating rules). A model 
consists of model parameters and a set of cOllstraiTIIs that the model 
places on the forms of descriptions. The process of specifying the 
values for the parameters of a model is called parameterizing the 
model. The process of filling in the form of the parameterized model 
is called instantiating the model. A fully-parameterized and fully­
instantiated model forms a sequence-generating nile. Models can be 
instantiated using the original sequence, or. more typically. using a 
sequence derived by applying some of the data transformations 
discussed in the previous section. 

All three models use the representation language VL22 as a 
building block for expressing sequence-generating rules. VU2 is an 
extension to the predicate calculus that uses the selector as its simplest 
kind of formula. The VL22 selector is substantially more expressive 
than the simple selector presented above in section 4.1. The simple 
selector has the form: 

[f1(qj)-r] 

whereas the VL22 selector has the form: 

[f1(x1, x2, "" xn) • r1 v r2 v ••• v rm] 

In the VL22 selector. attributes ~ can take any number of arguments 
(Xl' x2, .... x ). Furthermore. the attributes ~ can take on anyone of a n
set of values {rl' 1'2' .... I'm}. The v denotes the internal disjunction 
operator. ThUs, the selector 

[rank(q1)·9 v 10 v J v Q v K] 
indicates that the rank of object qi can be either 9. 10. J, Q. or K. The 
internal disjunction represents disjunction over the values of a single 
variable. In this case, it could be expressed alternatively as 

[rank( q1 )~g], 

sinec the domain of the RANK attribute ill known to be linearly 
ordered with a maximum value of K (King). To aid 
comprehensibility. VL22 provides the operators <. >. S.~, and~. in 
addition 10 the basic = operalOr. 

Examples oftypical selllCtors include: 

[rank(q1)~rank(q1-1)] 

(paraphrase: the RANK ofqj is different from 

the RANK ofQi-l) 


[su1t(q1)-su1t(q1-1)+1] 


(paraphrase: the SUIT increases by one from ~1 to q~ 


[rank(q1)+rank(q1-2»10] 

(paraphrase: the sum of the RANKs of Qj 


and qi-2 is greater than 10) 


Now that we have introduced the basic notation of VL22. each of 
the three rule models is presented in tum. 

5.1 • The DNF model 
lbe DNF model supports tbe broad class of rules that can be 

expressed as a universally Quantified VL22 statement in disjunctive 
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normal fOlID. l11e DNF modd has one parameter, the degree of 
lookback. L. An example of a DNF rule (with L= 1) is: 

Wi ([color(q1)·color(q1-1)] V 
[rank(qi)-rank(qi-l)]) 

In general. a DNF rule is acolleclion ofconjuncts of the form 

Wi (Cl V C2 V C3 V, •• V Ck) 
The universal quantification over 1 indicates that this description is 
true for all objects qj in the sequence. 

An additional constraint specified in the DNF model is that the 
number of conjuncts, k, should be close 10 the minimum that produces 
a dl!SCription consistent with the data. 

5.2. The Decomposition Model 
The decomposition model constrains the description to be a set of 

implications of the fonn: 

Ll -> Rl 
L2 -> R2 

. 

LIB -> Rat 

where the ->sign indicates logical implication. 

The model states that the left· and right-hand sides. Land R" must 
all be VL22 conjunctions. The left-hand sides must be m~tual1Y 
exclusive and exhaustive-that is, 

Ll V L2 V ..• L =TRUE,andm 

Wj,kO~k =>(Lj A ~= FALSE». 


A decomposition rule describes the next object in the sequence in 
terms of characteristics of the previous objects in the sequence. For 
example, the rule 

Wi([color(qi-l)-black]->[parity(qi}-odd] V 
[color(qi-l)-red] ->[parity(q1}-even]) 

is a decomposition rule that says that if the last card was black. the 
next card must be odd, and if the last card was red, the next card must 
be even. 

The decomposition model has a lookback parameter. L., that 
indicates how far back in the sequence the description "looks" in order 
10 predict the next object in the sequence. The above rule has a 
lookback parameter of 1. because is examines qi-l' 

5.3. The PeriodiC Model 
This model consists of rules that describe objects in the sequence as 

having attribute values that repeat periodically. For example. the rule 
"Play alternating red and black cards" is a periodic rule. The periodic: 
model has two parameters: the period length, P, and the loo!tbact, 
L. The period length parameter, P. gives the rlumber of phases in the 
periodic rule. A periodic rule can be viewed as applying a splitting 
transfonnation 10 split the original sequence into P separate sequences. 
Each separate phase sequence has a simple description. The lookback 
parameter, L., tells how far back. within a phase sequence. a periodic 
rule "looks" in order 10 predict the attributes of the next object in that 
phase. The periodic model imposes the additional constraint (or 
preference) that the different phases be disjoint (i.e .• any given card is 
only playable within one phase). 

A periodic rule is represented as an ordered P·tuple of VU2 
conjunctions. The j-th conjunct describes the j-th phase sequence. 
Therute 

<[color(q1)-red]. [rank(q1)~rank(qi-l)]> 

is a periodic rule with P= 2 and L= 1. which says that the sequence is 
made of two (interleaved) phases. Each card in the first phase is red; 
ellCh card in the second phase has at least as large a rank as the 
preceding card in that phase. Hence. one sequence that satisfies this 
rule is <2H 3C lOH SS AD 6S 6H 60. 

A more complex periodic rule is the rule used to generate the 
sequence shown in Figure 2·1. It can be represented as 

< [texture-of-nodes(qi)-solid blaCk] I 
[shape(q1)-T-junct1on] I 
[or1entat1on(qi)-orientat1on(q1-1}-46]. 

[texture-of-nodes(qi)-clear] I 

< [number-of-nodes(q1)-4]. 


[number-of-nodes(qi)-8] >. 


[texture-of-nodes(q1)-cross] I 

[shape(q1)-bar] I 

[or1entation(qi)-or1entat1on(q1-1)+46] > 


Notice that this is a periodic rule with three phases and a lookback 
of 1. The middle phase of the period is itself a periodic rule with the 
NUMBER-QF·NODES alternating between 4 and 8 . 

5.4. Derived models 
The three basic models can be combined 10 describe more complex 

rules. Basic models can be joined by conjunction. disjullction. and 
negation. For example, the rule "play alternating red and black cards 
such that the cards arc in nOD-decreasing order" is a conjunction of the 
periodic rule 

< [color(qi}-red]. [color(qi)-black] > 
and the DNF rule 

[rank(q1) ~ rank(q1-1)]. 

5.5. Model Equivalences and the Heuristic Value of 
Models 

The reader may have noticed that the decomposition and periodic 
models appear 10 be speCial cases of the DNF model. For instance. 
given that the clauses in a decomposition rule are mutually-exclusive 
and exhaustive. the dec:omposition rule 

~ =>R1 & 
~ =>R2 & 

Lm =>Rm 

can be written as the DNF rule 

[~ &R1] V ~ &; R2) V n. V [Lm & RaJ 

Similarly. if the clauses of a periodic rule are'mutually-exc1usive and 
exhaustive. then the periodic rule 

(Cl'C1, .... Ck> 
can be expressed as a decon1positioll rule of the fonn 
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Even when the constraints of mutual exclusion and exhaustion are 
violated, it is usually possible to develop some equivalent DNF rule 
for any periodic or decomposition rule. For instance, in the periodic 
rule· 

< [color(q1-0)=red], [rank(q1-0)-even] > 
(paraphrase: play alternating red and even cards) 

the different phases are overlapl)ing. The above transformation into a 
decoml)Osition rule 

[color(q1-1)=red]=>[par1ty(q1)-even] & 
[par1ty(q1-1)D8v8n]->[color(q1)-red] 

docs not work, because, for example. the sequence 

<3D 2D 4C ...> 
satisfies the second rule (the first if-then clause can be applied twice). 
but not the first rule (since the 4C is not red). However. it is possible 
to get around this particular problem by defining a new descriptor for 
each object in the original sequence. called POSITION. that has the 
value i for object q.. With this descriptor. the above rule can be 
encoded as 

[pos1t10n(q1)=odd] .> [color{q1)-red] 
[pos1t1on(q1)=even] -> [par1ty{q1)=even] 

Hence, it appears that all rules can be written as DNF rules. 

Given this fact, it is reasonable to ask why multiple models should 
be used at all. The answer is that the primary value of multiple models 
is that they provide heuristic guidance to the search for plausible rules. 
Hence. though the DNF model is capable of represellting all of these 
rules, it is not helpful for discovering them. In short. it is 
eJ'islemoiogically adequate but not heuristically adequate (see 
[McCarthy and Hayes. 1969; McCarthy. 1971]). Each model directs 
tile attention of the learning system to a small subspace of the space of 
all possible DNf VL22 rules. The next section shows how the 
constraints associated with each model are incorporated into special 
model-fitting induction algorithms. 

6. Architecture and Algorithms 
In section 3 we described the three basic processes involved in 

discovering sequence-generating rules: (a) transformation of the 
original sequence to obtain a derived seauence. (bl selection of 
appropriate models for the given sequence, and (c) fitting of the 
models to the derived sequence. In sections 4 and 5, the four data 
transformations and the three models were presented. This section 
covers the third step of fitting the specialized models to the 
transformed sequence. The model-fitting process is most easily 
understood in the context of the program architecture, so this section 
also discusses the architecture in detail. 

6.1. Overview of the Program 
The processes in the program (sec Figure 6-1) are structured into 

four components-the three basic components mentioned above plus 
an evaluation step •. The processes of transforming the initial sequence 
and of selecting and parameterizing a model are performed in parallel. 
Then. speciali7.ed model-fitting algorithms use the transformed 
sequence to instantiate the model to obtain a candidate sequence­
generating rule. 111ese candidate rules are then evaluated to 
determine a final sct of rules. 

The reason for perfonning data transformation and model selection 
in parallel is that these two processes are interdependent. For 
example. if a periodic model is selected (with period length P). then a 
splitting transformation (with number of phases P) needs to be applied 
to tIle sequence, These two processes can be viewed liS simultaneous 
cooperative searches of two spaces: the space of possible data 
transformations and the space of possible parameterized models. 

6.2. Overview of the Concentric Ring Architecture 
In order for the learning program to be easily modified to handle 

entire classes of NDP problems, the program is structured as a set of 
concentric Imowledge rings (see Figure 6-2). A knowledge ring is a set 
of routines that perform a particuiar function using only knowledge 
appropriate to that function. The procedures within a given ring may 
invoke other procedures in that ring or in rings that are inside the 
given ring. Under these constraints. the concentric ring structure 
forms a hierarchically organized system. 

Ideally. the rings should be organized so that the outermost ring 
uses the most problem-specific knowledge and performs the most 
problem-specific operations and the inner-most ring uses the most 
general knowledge and performs the most general tasks. Such an 
architecture improves the program's generality because it can be 
applied to increasingly different NDP problems b)' removing and 
replacing the outer rings. In order to apply the program to radically 
different learning problems, all but the inner-most ring may need to 
be replaced. 

The ring architecture is used here as follows. The outer-most rings 
perform user-interf.1Ce functions and con vert the initial sequence from 
whatever domain-specific notation is being used into a sequence of 

Initial Sequence Model Space 

Search model Transform by applying 

space to develop adding altlibules. 

a parameterized segmenting, 

modelsplitting. and 

blocking operatl~s 

Evaluate resulting 

candidate rules 

Figure 6-1: lbe Model-fitting Approach 

Figure 6-2: 'lbe knowledge ring architecture 

http:speciali7.ed
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VL22 events. The inner-most ring perfonns the model-filling 
functions. It expects !be data to be properly transfonned so !bat !be 
data have the same fonn as the models to which !bey are to be filled. 
The intervening rings conduct !be simultaneous processes of 
developing a properly paramelcrized model and transfolming the 
input sequence into an appropriate fonn. 

The inrervening rings also evaluate the rules discovered by the 
inner'most ring using !be knowledge available in each ring. 

6.3. The Program SPARe (ElEUSIS version) 
SPARC (Sequential PAttern ReCognition) is a general program 

designed to solve a variety of NDP problems using the ring 
architecture. So far. we have implemented only a more specifIC 
version of !be program. called SPARC/F~ tailored specifically to !be 
problem of rule discovery in the game Eleusis. SPARC is made up of 
five rings. as shown in Figure 6-2. This section describes the functions 
of each ring in the SPARC/E version of !be program. To illustrate 
these ring functions, we use the E1eusis layout shown in Figure 6-3. 
Recall that in an Eleusis layout, the main line shows the correctly­
played sequence of cards (positive examples). The side lines. which 
branch out below the main line, contain cards that do not satisfy the 
rule-that is, incorrect continuations of the sequence (negative 
examples). 

Main line: 
Side lines: 

3H 9S 
JO 
60 

4C JO 
AH 
8H 
QO 

ZC 100 
AS 
10S 

8H 7H ZC 
10H 

Figure 6-3: Sample Eleusis Layout 

6.3.1. Ring 5: User Interface 
Ring S, the outer-most ring, provides a user inlcrface to the 

program. It executes user's commands for playing the card game 
Eleusis. as. well as commands for controlling the search, data 
transfonnation, generali7.ation, and evaluation functions of the 
program. One command in Ring S is the INDUCE command that 
instructs SPARC/E to look for plausible NDP rules that describe the 
current sequence. When the INDUCE command is given, Ring S calls 
Ring 4 to begin the rule discovery process. 

6.3.2. Ring 4: Adding Derived Attributes 
Ring 4 applies the adding-derived-attributes transformation to 

convert the Eleusis layout into a sequence of VL22 events. This 
involves creating derived attributes that make explicit certain 
commonly known characteristics of playing cards that are likely to be 
used in an Eleusis rule: COLOR, PARITY, FACED versus NON·FACED 
cards. and so on. Figure 6-f shows the layout from Figure 6-3 after it 
has been processed by Ring 4. The plusses and minuses along the 
right-hand side of the figure indicate whether the event is a positive 
example or a negative example of the seqllence-genemting rule. These 
derived events are passed to Ring 3 for further processing. 

6.3.3. Ring 3: Segmenting the layout 
Ring 3 is the first Eleusis-independent ring. ]t applies the 

segmenting transformation to the sequence supplied by Ring 4. In the 
present implementation, the end points of each segment are 
detennined by applying a segmentation predicate, p(cardl-l' card) to 
all. pairs of adjacent events in the sequence. When the predicate P 
evaluates to FALSE, the sequence is broken between cardH and card, 

Vl2Z event positive or 
negative 

[rank(card1).3][su1t(card1)-H] 
[par1ty(card1)~odd][co1or(cardl)-red] 
[priM8(cardl)-N][faced(cardl)-Y] + 

[rank(card2)-9][suit(card2)-S] 
[par1ty(card2)-odd][color(card2)ublack] 
[prime(card2)-N][faced(card2)-N] + 

[rank(card3)-J][su1t(card3)-0] 
[par1ty(card3)-odd][color(card3)-red] 
[pr1me(card3)·Y][faced(card3)-Y] 

[rank(card3)-S][su1t(card3)-0] 
[par1ty(card3)·odd][color(card3)-red] 
[prime(card3)-N][faced(card3)-Y] ­

[rank(card3)-4][su1t(car~3)-C] 
[par1ty(card3)-oven][color(card3)-b1ack] 
[pr1me(card3)-N][faced(card3)-N] + 

[rank(card4)-J][su1t(card4)-0] 
[par1ty(card4)-odd][co1or(card4)-red] 
[pr1me(card4)-Y][faced(card4)·Y] + 

etc. 

}'igW'c 6-4: Derived layout after Ring 4 processing. 

to fonn the end of a segment. Typical segmentation predicates used 
are: 

[mnk(cardj)= rank(cardi-l)] 
[rank(cardj)= ranlc(cardj-l)+ 1] 

[color(card j) =color(cardi_1») 
(suit(card j) = suit(card

i
_1)] 

(parity(card.) =parity(cardj_1)] 

Other techniques for perfonning segmentation, such as providing a 
predicate that becomes TRUE at a segment boundary (see seetion 
4.2.2), are not implemented in SPARC/E. 

Ring 3 searches the space of possible segmentations using two 
search pruning heuristics. After each attempt to segment the 
sequence. it counts the number ofderived objects (segments). k,in the 
derived sequence. If k is less than 3, the segmentation is discarded 
since there are too few derived objects to use for generalization. If Ie is 
more than half of the number of objects in the original sequence, the 
segmentation is also discarded because in Ibis case many segments 
contain only one original object. Segmented sequences that survive 
these two pruning heuristics arc passed on to Ring 2 for further 
processing. 

One segmentation that Ring 3 always performs is the "nuU" 
segmentation-that is, it always passes the unsegmented sequence 
directly to the inner rings. rlgure 6-1'shows a sample layout and the 
resulting derived layout after segmentation using the segmentation 
condition: [suit(cardi)-suit(card1+1)]. The derived 
objccts (segments) are denoted by variables strin~. The negative 
event [su1t( atringZ)-O][color( stringZ)-red] 
[lengUI(str1ngZ).3] isobtainedfromthesegment(6D ZO 40>. 

SPARC/E derives the descriptors COLOR, SUIT. and LENGTH to' 
describe each derived object. The choice of which descriptors to 
derive involves thrce stepS. First. LENGTII is derived whenever the 
segmentation transfonnation is applied. Second, any descriptor that is 
tested in the segmentation predicalc (in this case, surr) is also derived. 
Third. any descriptor is derived whose value can be proved to be the 
same for all cards in each sc!,menl ]n this case, COLOR is derived 
because, ifSUIT is a constant. then COLOR is also a constant. Using this 



52 

The layout: 

3H 60 
65 

20 
4D 

7C AC 
AH 
7S 

9C JH 6H 8H QH KS 

The derived sequence: 

description of positive or 
derived object negative. 

[suit(stringl)mH][color(string1)ared] 
[length(string1)-1] + 

[suit(string2)=D][color(str1ng2)ared] 
[length(string2)-2] + 

[suit(string2)cD][color(string2)ared] 
[length(string2)-3] 

[suit(string3)-C][color(string3)ablack] 
[length(string3)a3] + 

[suit(string4)-H][color(string4)-red] 
[length(string4)-4] + 

liigure 6-5: SampJc layout and segmented sequence. 

segmentation. SPARC can lise the DNF model to discover that the 
segmented sequence can be described as 

[length(str1ngi)-length(stringi-1)+1] 

That is. the LENGTH of each segment of constant SUIT (in the main 
line) increases by 1. 

6.3.4. Ring 2: Parameterizing the Models 
Ring 2 searches the space of parametcrizations of the three basic 

models. 12.1ch model is considered in turn. For each model. Ring 2 
develops a set of derived events based on each allowed value of the 
look back parameter. L. and the number of phases pjlrametcr. P. The 
user can control which models should be inspected and what range of 
values for Land P should be investigated. By default. the program 
will inspect the decomposition model with L :::: O. 1. or 2. and the 
periodic model with P :::: 1or 2 and L 0 or 1. 

Specificalty. Ring 2 performs the follOwing actions depending on 
which model is being parameterized: 

A. For the decomposition model with lookback parameter L. Ring 2 
applies the blocking transformation to break the sequence received 
from Ring 3 into blocks of length L. After blocking, all of the 
attributes that described the original objects are converted into 
attributes that describe the whole block (as described in section 4 
above). Furthermore. sum and difference descriptors are derived to 
represent the relationships between adjacent objects in the original 
sequence. The resulting derived events can be viewed as very specific 
if-then clauses of the 'following form. 

Given an initial sequence of objects <ql' q2' .... qm>' let us look at 
block bi which describes the subsequence <qj-L' .... qi-!' q? Let Fj
denote the selectors of object qj_j renamed so that they apply to bi, 

For example. F1 could be the selectors 
[sui t1 (bi) aH][ rankl(bi )a3]-lIelectors that originally 
referred to object qi-!' Let d(F.Fk) denote all of the difference 
selectors obtained by "subtracting~' event Fk from event F., and let 
s(F.. Ft) denote all of the summation selectors obdined by 
"suJmming" events F. and Ft. For example. d(F ' F1) could include o 
the selectors [d-suh01(b1)"Z][d-rankOl(b1)--3J obtained 
from "subtracting" FI from FO' 

With thesc definitions. the derived events for the decomposition 
model have tbe form: 

FI &: ... &: FL ::::) Fo& d(F ' F1) &: ... &: d(Fo' FL)&:o
s(Fo' F1)&: ..· &: s(Fo' FJ 

These derived events no longer need to be ordered since the 
ordering information is made explicit within the events. These events 
have the form of very specific if-then clauses. This facilitates the 
model-fitting process in Ring 1. 

B. For the DNF model with lookback· parameter L. the sequence 
derived in Ring 3 is blocked in a very similar manner. except that only 
the selectors describing qj arc retained in the description of block bi. 

lbe derived events have the following form: 

Fo&:d(Fo. FJ &: ... &: d(FO' FL)&:s(Fo' FI ) &: ... s(Fo' FJ 
These events arc very specific conjuncts that are passed to the Aq 

algoridlm in Ring 1. where they are generalized to form a DNF 
description. 

C. For the periodic model with period length P and look back L, 
Ring 2 performs a splitting transformation followed by a blocking 
transformation. First, the sequence obtained from Ring 3 is split into 
P separate sequences. Then each separate sequence is blocked into 
blocks of length L+ 1. The derived events have the same form as the 
events derived for the DNF mod'll. Note that because the blocking 
occurs after the splitting. the lookback takes place only within a phase. 

To provide an example of the function of Ring 2. Figure 6-6 shows 
some events from Figure 6-3 after they have been transformed in 
preparation for fitting to a decomposition model with L= 1. 

6_3.5. Ring 1: The basic model·fitting algorithms 
Ring 1 consists of three separate model-fitting algorithms: the Aq 

algorithm. the decomposition algorithm and the periodic algorithm. 

The Aq algorithm [Michalski and Kulpa. 1971] is used to fit the 
DNF model to the data. Aq attempts to find the DNF description 
with the fewest number of conjunctive terms that covers all of the 
positive examples and none of the negative examples. The algorithm 
operates as follows. First, a positive example. called the seed. is 
chosen. and the set of maximally-general conjunctive expressions 
consistent with all of the negative examples is computed. This set is 

[rankl(b2)-3][su1tl(b2)-H] 
[parityl(bZ)·odd][colorl(b2)ared] 
[pri.el(b2)·Y][facedl(b2)aU] .) 

[rankO(b2)m9][suitO(b2)-5][par1tyO(bZ)·odd] 
[colorO(b2)-black][pr1meO(b2)aN] 
[facedO(b2)-N][d-rankOl(b2)-+6] 
[d-su1t01(b2)-+1][d-par1tyOl(b2)aN] 
[d-colorOl(b2)-Y][d-pr1meOl(b2).Y] 
[d-facedOl(b2)-Y][s-rank01(b2)-12] + 

[rankl(b3)-9][su1tl(b3)-S] 
[par1tyl(b3)aodd][color1(b3)-black] 
[pr1I118l(b3)-N][facedl(b3)-N] -) 

[rankO(b3)-J][su1tO(b3)-0][par1tyO(b3)aodd] 
[colorO(b3)-red][primeO(b3)-Y] 
[facedO(b3)-Y][d-rankOl(b3)-+2] 
[d-suitOl(b3)-+2][d-par1tyOl(b3)-N] 
[d-colorOl(b3)-Y][d-pr1meOl(b3)-Y] 
[d-facedOl(b3)-Y][s-rankOl(b3)-20] 

Figure 6-6: Some events of Figure 6-3 transformed for 

decomposition L:::: 1. 
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called a slar, and it is equivalent to the G-set in Mitchell's [19781 
version space approach. One element from this star is chosen to be a 
conjunct in the output DNF description, and all positive examples 
covered by it are rcmoved from further consideration. If any positive 
examples remain, the process is repeated, selecting as a new seed some 
positive example that was not covered by any member of any 
preceding star. In this manner, a DNF description with few 
conjunctive terms is found. If the stars are computed without any 
pruning. then Aq can provide a tight bound on the number of 
conjuncts Ulat would appear in the optimal DNF description with 
fewest conjunctive terms. 

The decomposition algorithm is an iterative algorithm that seeks to 
tit the data to a decomposition model. The key task of the 
decomposition algorithm is to identify a few attributes, called 
decomjJosition atlribules, from which the decomposition rule can be 
developed. A decompositioll altribute is an attribute that appears on 
the left-hand side of an if-then clause of a decomposition rule. For 
example, the decomposition rule 

[color(card1-1)-black] ~) [par1ty(cardi)-odd] V 
[color(card1-1)-red] -) [parity(card1)-even] 

decomposes on COLOR. Hence, COLOR is the single decomposition 
attribute. 

The algorithm uses a generate-and' test approach of the following 
form: 

decompositionattributes :~ {} The empty set 

while rule is not consistent do 
begin 

generate a trial decomposition 
(based on positive. evidence only) 
for each possible decomposition attribute 

test these trial decompositions against 
the data 

select the best decomposition attribute and 
add it to the set decompos1tionattr1butes 

end 

The process of generating a trial decomposition takes place in two 
steps. First. a VL22 conjunction is formed for each possible value of 
tile decomposition attribute. All positive events that have the same 
value of the decomposition attribute on their left-hand sides are 
merged together to form a single conjunction of selectors. This VL22 
conjunction forms the right-hand side of a single clause in the 
decomposition rule. Within this conjunction, a selector is created for 
each attribute by forming the internal disjunction of the values in the 
corresponding selectors in the events. For example, using all of the 
events derived in Ring 2 for the sample layout in Figure 6-3, the 
decompOSition algorilhm generates the trial decompOSition shown in 
Figure 6 ...7for the PARITY(card~1) attribute. 

Since there are only two values (ODD and EVEN) for the 
decomposition attribute in the sequence shown in Figure 6-3, two 
conjunctions are formed. The first conjunction is obtained by merging 
all of the positive events for which [parity(card1-1)-odd]. 
There are four such events. 1be first selector in that conjunction, 
[rank( card1 )-g V 4 V 2], is obtained by forming the internal 
disjunction of the values of rant( card1) in each of the four events. 

The second step in forming a trial decomposition is to generalize 
each clause in the trial rule. The generalization is accomplished by 
applying rules of generalization to extend internal disjunctions and 
drop selectors. (See (M ichalski. 1983] for a description of various rules 
of generalization.) Corresponding attributes in the different clauses of 

[parity(card1-1)-odd] =) [rank(card1)a9 v 4 v 2] 
[suit(card1)·S v C][par1ty(card1)-even v odd] 
[color(cardi)-black][pr1me(card1)-Y v N] 
[faced(card1)-N] 
[d-rank(card1,card1-1)-+6 v -5 v -7] 
[d-su1t(card1.cardi-1)-1 v 2 v 3] 
[d-par1ty(card1,card1-1).Y v N] 
[d-color(card1,cardi-1)-Y v N] 
[d-pr1me(card1,cardi-1)-Y v N] 
[d-faced(cardi,cardi-1)-Y v·N] 
[s-rank(cardt,card1-1)-12 v 13 v 9] 

[par1ty(card1-1)-even] -) 
[rank{cardi).J v 10 v 8 v 7] 
[su1t(card1)-H v D][par1ty(card1)ceven v odd] 
[color(card1)=red][pr1me(card1)uY v N] 
[faced(cardi)-Y v N] 
[d-rank(cardi,card1-1)-7 v 8 v -2 v -1] 
[d-suit(card1,card1-1)-0 v 1] 
[d-par1ty(card1.cardi-1)-Y v N] 
[d-color(card1,card1-1)aY v N] 
[d-pr1me(card1,card1-1)-Y v N] 
[d-fftced(card1,card1-1)~Y v N] 
[s-rank(cardi.card1-1)-16 v 12 v 18] 

Figure 6-7: Trial decomposition on the 1',\RITY(cardi_!) attribute 

tile decomposition rule arc compared, and selectors whose value sets 
overlap are dropped. When tilese rules of generalization arc applied 
to the trial decomposition for PARITY. for example, the following 
generalized trial decomposition is obtained: 

[par1ty(card1-1)-odd] -) 
[su1t(card1)-C v S][color(card1)-black] 

[par1ty(card1-1)·ev~n] -) 
[su1t(card1)-H Y D][color(card1)Dred] 

This is a very promising trial decomposition. However. it has been 
developed using only positive evidence, and it has been generalized 
without considering that the generalization may have caused the rule 
to cover negative events. Hence, the trial decomposition must be 
tested against the negative events to determine whether or not it is 
consistent It turns out that the generalized trial decomposition shown 
above is indeed consistent with the negative evidence. 

After a trial decomposition has been developed for each possible 
decomposition attribute, the best decomposition attribute is selected 
aecording to a heuristic attribute-quality functional. The attribute­
quality functional tests such things as the number of negative events 
covered by the trial decomposition, the number of clauses with non­
null rigllt-hand sides. and the complexity of the trial decompOSition 
(defined as the number of selectors that cannot be written with a single 
operator and a single value). The chosen trial decomposition forms a 
candidate sequence-prediction rule. 

If the candidate rule is not consistent with the data (i.e .• still covers 
some negative examples). then the decomposition algorithm must be 
repeated to seleet a second attribute to add to the left-hand sides of the 
if-then clauses. This has the effect of splitting each of the if-then 
clauses into several more if-then clauses. For example. if we first 
decomposed on I'ARITY(C.'ud

i
_ ) and then on FACED(card j_1). we would1

obtain four if-then clauses of the form: . 

[par1ty(card1-1)-odd][faced(card1-1)-tl] -) •• , 

[parity(cardi-1)-odd][faced(cardi-1)-Y] -) ,., 

[parity(cardi-1)-even][faced(card1-1)-N] a) ". 

[parity(card1-1)-even][faced(card1-1)-Y] -) ••• 


The periodic algorithm is nearly the same as the decomposition 
algorithm. For each phase of the period, it takes all of the positive 
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events in that pha'\C and combines them to fonn a single conjunct by 
fonning the internal disjunction all of the value sets of corresponding 
selrctors. Next. rules of generaliwtion are applied to extend internal 
disjunctions and drop selectors. Finally, corresponding attributes in 
different phases arc compared. and selectors whose values sets overlap 
are dropped if this can be done without covering any negative 
examples. 

6.3.6. Evaluating the NOP rules 
Once Ring 1 hat; instantiated the parameterized models to produce 

a set of rules. the mles are passed bock through the concentric rings of 
the program. Each ring evaluates the rules according to plausibility 
criteria based on knowledge available in that ring. Ring 2. for 
example. checks to see that the mle docs not predict an end to the 
sequence. It is assumed that a valid sequence can be continued 
indefinitely. Ring 3 checks the last (partial) segment to see if it is 
consistent with the rule. It is possible to induce a rule, using only the 
complete segments, that is not consistent with the final segment. Ring 
4 tests the rule using the plausibility criteria for Eleusis. These criteria 
are: 

1. Prefer rules with intennediate degree of complexity. In 

Eleusis, Occam's Razor does not always apply. The dealer 

is unlikely to choose a rule that is extremely simple. 
because it would be 100 casy to discover. Very complex 

rules will not be discovered by anyone. and, since the mles 

of the game discourage such an outcome, the dealer is not 

likely to choose such complex rules either. 

2. Prefer mles with an intennediate degrec of non­

detenninism. Rules with a low degree ofnon-detenninism 

lead to many incorrect plays, thus rendering them easy to 

discover. Rules that are very nondetenninistic generally 

lead to few incorrect plays and are therefore difficult to 

discover. 

Rules that do not satisfy these heuristic criteria are discarded. TIle 
remaining mles are returned to Ring 5 where they are printed for the 
user. 

7. Examples of Program Execution 
In this section. we present some example E1eusis games and the 

corresponding sequence-generating laws that were discovered by 
SPARC/E. Each of these games was an actual game among people, 
and the rules arc presented as they were displayed by SPA RC/E (with 
minor typesetting changes). 

The raw sequences presented to SPARC/E had only two attributes: 
SUIT and RANK. SPARC/E was given definitions of the following 
derivable attributes: 

• 	COLOR (red for Hcarts and Diamonds; black for Clubs and 
Spades) I 

• FACE (tme if card is a faced. picture cardl false otherwise) 
I 
I 

• PRIME (true ifcard has a prime rank. fal~ otherwise)
! 

• Mom (the parIty value of the card, 0 ~f card is even, 1 

otherwise) I 
I 

• MOD3 (the rank of the card modulo 3) . 

• 	LE"'MOD2 (When SPARC/E segments the main sequence 

intI.) derived subsequences, it computes the LENGTII of 

each of the subsequences modulo 2) 

Three examples of the program execution arc· presented: one 
showing the program at its best. one showing some of the 
shortcomings of the program, and one demonstrating weaknesses of 
the program. A few explanations are required. First, each rule is 
assumed to be universally quantified over all events in the sequence. 
This quantification is not explicitly printed. Second. when the value 
set of a selector includes a set of adjacent values (e.g.• 
[rank( card1 )-3 v 4 v 6]. this is printed as 
[RANK( CAROl) "3 .• I)]. The computation times given are for an 
implementation in PASCAL on the CDC CYBER 175. 

7.1. Example 1 
In this example, we show the program discovering a segmented 

rule. The program was presented with the following layout: 

Main line: AH 7C 6C 9S 10H 7H 100 JC AD 

Side lines: Ko . 6S OD 


JH 


continued: 4H 8D 7C 9S 10C KS 2C lOS JS 
3S 9H OH 

6H AD 

The program only discovered one mle fur this layout, precisely the 
mle that the dealer had in mind (1.2 seconds required): 

RULE 1: LOOKBACK: 0 NPHASES: 1 PERIODIC MODEL 

CRITERION-[COLOR(CARDI)-COLOR(CARDI-l)]: 
PERIOD([LENMOD2(STRINGI)-1]) 

The rule states that one must play strings of cards with the same 
color. The strings must always have odd length. The CRITERION = 
gives the segmentation criterion that a segment is a string of cards all 
of the same color. CARD! refers to the I-th card in the original 
sequence. STRINGI refers to the loth string in the segmented 
sequence. SPARC/E discovered this mle as a degcnerate periodic 
mle with a period length. p. of 1. Actually. the rule that the dealer had 
in mind had one additional constraint: a queen must not be played 
adjacent to a jack or king. Rules containing such exception clauses 
cannot be discovered by SPARC/E. 

7.2. Example 2 
The second example requires the program to discover a fairly 

simple periodic mle. SPARCIE discovers three equivalent versions of 
it.. 

Here is the layout: 

Main line: JC 40 QH 3S QD 9H QC 7H QD 
Side lines: KC 6S 4S 10D 

7S 

continued: 9D OC 3H KH 4C KD 6C JD 6D 

continued: JH 7C JD 7H JH 6H KD 

The program discovered the following descriptions of this layout 
(0.49 seconds were required): 
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RULE 1: LOOKDACK: 1 NPHASES: 0 
DECOMPOSITION MODEL 

[FACE(CARDI-l)=FALSE] -> 
[RANK(CARDI)~JACK] 
[RANK( CARDI »RAtIK( CAROl -1)] 
[FACE(CARDI)=TRUE] V 

[FACE(CARDI-l)-TRUE] -> 
[RAtlK(CARDI)-3 •• 9] 
[RANK(CARDI)<RANK(CARDI-l)] 
[FACE(CAROI) =FALSE] 

RULE 2: LOOKDACK: 1 NPHASES: 1 PERIODIC MODEL 

PERIOD([RANK(CARDI)~3] 
[RANK(CARDI)~RANK(CARDI-l)] 
[FACE(CARDI)~FACE(CARDI-l)]) 

RULE 3: LOOKBACK: 1 NPIIASES: 2 PERIODIC MODEL 

PERIOD([RANK(CARDI)~JACK] 
[RANK(CARDI)~-RANK(CARDI-l)+20] 
[FACE(CARDI)=TRUE]. 

[RANK(CARDI)=3 •• 9] 
[RANK(CARDI)~-RANK(CARDI-l)+5 •• 14] 
[FACE(CARDI)=FAL5E]) 

Rule 1 is a decomposition rule with a lookback of 1. Rule 2 
expresses the rule as a single conjunction. This is possible because 
FACE versus NON-FACE is a binary condition. and thel'C are precisely 
two phases to the rule. Rule 3 expresses the rule in the "natural" way 
as a periodic rule oflength 2. 

Notice that. although the program has the gist of the rule. it has 
discovered a number of redundant conditions. For example, in rule I, 
the program did not use knowledge of the fact that 
[rank(card1)~jack] implies [face(card1)-true]. and 
therefore, it did not remove the fonner selector. Similarly. because of 
the interaction of the two conditions, 
[rank( card1 ) )rank( card1-1)] is completely redundant. 
SPARC/E already has enollgh background knowledge about the 
meanings of its attributes to support these inferences. Additional 
routines need to' be written to actually perforol them (as is done in the 
INDUCE-2 program-sce [Michalski, 1983D. 

7.3. Example 3 
The third example shows the upper limit'! of the program's abilities. 

During this game. only one of the human players even got close to 
guessing the rule, yet the program discovers a good approximation of 
the rule using only a portion of the layout that was available to the 
human players. Here is the layout: 

Main line: 4H 6D 8C J5 2C 55 AC 55 10H 
Side lines: 7C 65 KC AH 6C AS 

JH 7H 3H KD 
4C 2C QS 
lOS 75 
8H 60 
AD 6H 
2D 4C 

1be program produced the following rules after 6.5 seconds: 


RULE 1: LOOKBACK: 1 NPHASES; 0 DNF MODEL 


[RANK(CARDI)~5][SUIT(CAROI)·SUIT(CARDI-1)+1] V 

[RANK(CARDI)~6][SUIT(CARDI)-SUIT(CARDI-l)+3] 


RULE 2: LOOKBACK: 1 NPHASES: 1 PERIODIC MODEL 

PERIOD([RANK(CARDI)-RANK(CARDI-l)-9] 
[RANK(CAROI)--RANK(CARDI-l)+4.6.7.11.13.17] 
[SUIT(CARDI)-SUIT(CARDI-l)+1.2,3]) 

RULE 3: LOOKBACK: 1 NPHASES: 2 PERIODIC MODEL 

PERIOD([RANK(CARDI)-ACE.2.8,10] 
[RANK(CARDI)--RANK(CARDI-l)+1,8.9.10]. 

[RANK(CARDI)-6 •• JACK][SUIT(CARDI)=SPADES] 
[RANK(CARDI)=RANK(CARDI-l)+-0 •• 6] 
[RANK(CARDI)#-RANK(CARDI-l)+8 •• 14] 
[SUIT(CARDI)=SUIT(CARDI-1)+0 •. 2] 
[COLOR(CARDI)-8LACK][PRIME(CARDI)=PTRUE] 
[PRIME(CARDI)-PRIME(CARDI-l)] 
[MOD2(CARDI)-1][MOD2(CARDI)-NOD2(CARDI-l)+0] 
[MOD2(CARDI)--MOD2(CARDI-l)+0][NOD3(CARDI)-2] 
[MOD3(CARDI)sMOD3(CARDI-l)+0] 
[MOD3(CARDI)--MOD3(CARDI-l)+1]) 

The rule that the dealer had in mind was: 

[SUIT(CARDI)-SUIT(CARDI-l)+l] 
[RANK(CARDI)~RANK(CARDI-l)] V 

[SUIT(CARDI)·SUIT(CARDI-l)+3] 
[RANK(CARDI)~RANK(CARDI-l)] 

,(bere is a strong symmetry in this rule: the players may either play 
a higher card in the next "higher" suit (recall that the suits arc 
cyclically ordcred) or a lower card in the next "Iowcr" suit The 
program discovered a slightly simpler version of the ntle (rule 1) that 
happened to be consistent with the training instances. Note that 
adding 3 to the SUIT has the effect ofcomputing the next lower suit 

The other two rules discovered by the program arc very poor. They 
are typical of the kinds of rules that the program discovers when the 
model docs not fit the data very well. 130th rules are filled with 
irrelevant descriptors and values. The current program has very little 
ability to assess how well a model fits the data. These rules should not 
be printed by the program since they arc highly implausible. 

8. Summary 
We have presented here a methodology for discovering sequence­

generating rules for the nondeterministic prediction problem. The 
main ideas behind this methodology arc 

1. tile usc of task-oriented transfonnations of the initial data 
and 

2. the usc of different rule models to guide the seareh for 
scquence-generating rules. 

Four different task-oriented transformations (adding attributes, 
blocking. splitting into phases. and segmenting) and three models 
(DNF. periodic, and decomposition) have been presented. 

The main part of the methodology has been implemented in the' 
program SPARCIE and applied to the NDP problem that arises in the 
card game Eleusis. 1lle performance of the program indicates that it 
can discover quite complex and interesting rules. 

This methodology is quite general and can be applied to other 
nondeterministic prediction problems in which the objects in the 
initial sequence are describable by a small set of finite-valued 
attributes. The main strengths of the method are (a) tbat it can solve 

http:RANK(CARDI)--RANK(CARDI-l)+1,8.9.10
http:RANK(CAROI)--RANK(CARDI-l)+4.6.7.11.13.17
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!-.:arni;l[: problems in which the initial training inst.1nces require 
subswlItid task-oriented transformation and (b) that it can search very 
large :;p,";cs of possible rll1c~ using a set of rule models for guid.1nce. 

Many aspects of this methodology remain [0 be investigated We 
hme not <:OlIsidered NDP jJroblems in which (a) the training instances 
arc noisy, (b) the training instmlCes have internal structure so that an 
attribute vector represenwtion cannot be used, and (c) the 5Cquence­
generming rules are permitted to have exceptions. Application of this 
methodology to real world problems will probably also require the 
developmellt of additional sequence transformations and rule models. 
Also. more heuristics need to be developed that can be used to guide 
the application of transformations and models. 

The implementation of the methodology in program SPARC/E has 
demonstrated that the method can be used to discover many Eleusis 
secret rules. There are some shortcomings of the implementation, 
however. The program presently conducts a nearly exhaustive depth­
first search of the possible models and transformations. Much could 
be gained by having the program conduct a best-first heuristically­
guided seareh instead. Another weakness of SPARC/E is its poor 
ability to evaluate the plausibility of the rules it discovers. It is also not 
aole to simplify rules by removing redundant selectors, nor is it able to 
estbnate the degrec of nondeterminism of the rule. noth of these can 
be implemented without too much ditliculty by including inference 
routines th:lt make more complete use of the background knowledge 
already available to the program. Finally, an imporwnt weakness of 
the program is its inability to form composite models. SPt\RCIE is 
no! presently able to handle the NDP problem shown in Figure 1, 
because it involves a periodic rule in which one of the phases contains 
an imbedded periodic sequence (see section 5.3). 

In addition to these specific problems, there arc some more general 
problems that further research in the area of sequence-generating laws 
should address. First, in some r{'al world problems, there are several 
example sequences aV<lilable for which the sequence-generating law is 
believed to be the same. Such problems occur, in particular, in 
describing the process of disease development in medicine aud 
agriculture. A specific problem of this type that has been partially 
investigated involves predicting the time course of cutworm 
infestation in a cornfield and estimating the potential damage to the 
crop (sec [Davis, 1981], (Baim, 1983), and (Boulanger, 1983]). In this 
problem, several sequences of observations arc available-one for 
each field-and there is a need to develop a sequence-generating law 
lhat prediCl~ all of these sequences. 

A second general problem tor further research is to handle 
continuous processes. AI research has so far given little attention to 
this case. 
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APPENDIX 

Notational conventions 

The following notational conventions arc employed in this paper. 
In general. lowercase lettel~ denote objects in some sequence (q. ph, b) 
or index variables (I, j. k) or the lengths of sequences (m.· n). 
Uppercase letters denote sets of objects, attributes, mid so on (Q. F. S) 
as well as parameters of models and transthrmations (L. Pl. Small 
capitals denote attributes (COlOR. RANK) and their values (RED, 
KINO). 

<> 	 Angle brackets denote sequences of objects, e.g•• <2 
4 6 8> and also periodic rule., e.g., 
<[color(qi)= red),[color(qi)= black}>. 

'Ibe i-Ill object in an input sequence_ 

The i-th object in a deriveu sequence. 

An object thaI constitutes an incorrect extension of 
the sequence after object qj" 

'Ibe j-th block in a sequence derived by the 
blOCking transformation, 

The l-th ph:lse derived by the splitting 
transformation. 

F '1ne starting set ofauributes for a transfonnation. 

S The starting set ofsequences for a transformation. 

Q 'lbe starting set ofobjects for a transformation. 

F 'Ibe set ofderived altributes from a transformation. 

S' The set ofderived sequences from a transformation. 

The set of derived objects from a transformation. 

The set ofselectors describing object qj'j in block bi' 

The sequence-generating function that Rlaps a 
sequence into a set ofobjects Qkt-l that can appear 
lIS continuations of the sequence. 

The set of objects that can appear as continuations 
of the sequence <ql' q2' .... 'Itc>. 

p nle number of phases parameter of Lie splitting 
transfonnatl9n and the periodic model. 

L The lookback parameter of the blocking 
transformation and all three models. 

Ifj(qJ)=r~J or ['1 (qj) -rk] 
A simple selector, which asserts that feature fj of 
object qj has the value rt. 

[f1(qj)-rl v 	rl v r3] 
A selector containing an internal disjunction. It 
asserts that ~ can have the value r l or r 2 or r 3' 

d prefix 	 The d prefix on an attribute name indicates that it 
is a difference attribute. Hence, D-RANK(qj,qH) is 
equal to RANK(qj) - RANK(<lt-l)' 

• prefix 	 The • prefix on an aUribute name indicates that it 
is a summation attribute. Hence. S.RANK(qj,qH) is 
equal to RANK(qi) +RANK(qH)' 

The set of ditTerence selectors obtained by 
"subtracting" selectors Fj from Fi• 

The set of summation selectors obtained by 
u"adding" selectors Fi and Fj' 

Logical implication. 
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LEARNING FROM NOISY DATA 

J.R. Quinlan 
N.S.Y. 	 Institute of Technology 

Sydney 2007 Australia 

ABSTRACT 

Inductive inference systems are intended to 
discover general classification rules from exam­
ination of a given set of examples described in 
terms of a collection of properties. This study 
looks at the effect of noise in these descriptions 
on the discovery of classification rules and on 
their accuracy. A modified form of an existing 
rule-building algorithm that can tolerate noisy 
descriptions is presented. After discussing the 
results of three sets of experiments. the paper 
makes several conjectures about the way that the 
classification task should be formulated when 
noise is expected. 

Key terms: Learning. inductive inference, classi~ 
fication rules, decision trees, noise. classifica­
tion errors, performance degradation. 

INTRODUCTION 

An inductive inference system is given a 
collection of sample objects whose class is known 
and postulates from these a classification rule 
that assigns any similar object to a class. The 
objects are dealt with as descriptions in terms of 
their properties and these may intermix measure­
ments, Boolean and qualitative attributes. For 
example. a person's description might include his 
weight (a measurement), whether or not he is 
healthy (a Boolean value based on judgement). and 
the colour of his eyes (a subjective division into 
categories) • 

In real-world classification tasks, the desc­
ription of an object will often contain errors. 
Some of the sources of these errors are faulty 
measurement. ill-defined threshholds (e.g., when 
is a person "tall"?), and subjective interpreta­
tion of a multitude of inputs (e.g., what criteria 
are used when describing a person as "athletic"?). 
Regardless of the source. however, these errors 
can be expected to affect the formation and use of 
classification rules in two ways. First. within 
the given set of objects itself, errors will tend 
to confuse any mechanism that looks for common 
properties of subsets. Suppose, for example, that 
the subset of red-haired people ought to be class­
ified differently from others; this information 
may be difficult to discover if many red-haired 
people have been erroneously described as "fair" 
or "brunette" and vice versa. Secondly, problems 
may arise independently when the rule formed from 

the given objects is used to classify another 
object. The classification rule is couched in 
terms of the description of an object and, if this 
description contains errors, the result given by 
the classification rule might well be incorrect 
also. even though the rule itself is correct. 

This paper investigates the effect of descr­
iption errors on both the formation of classifica­
tion rules and their use to classify objects. The 
formalism is a simplified one in which objects are 
described in terms of a fixed collection of prop­
erties or attributes, each with its own small. 
unordered set of discrete attribute values. Class­
ification rules take the form of decision trees 
that examine an object's values of some attributes 
in order to assign it to a class. Now, we wish 
to observe the effects of different levels of 
description errors and so we must be able to con­
trol them in some way. This has been handled here 
by introducing varying levels of noise into the 
correct description of an object. Specifically, 
suppose a noise level of n percent has been app­
lied to some attribute A. Whenever an object's 
description is now generated, with n percent 
probability the true value of A for that object 
will be replaced by a randomly-chosen value. This 
process thus models description errors as the 
occasional non-repeatable substitution of an 
incorrect value for the true attribute value. 

The effect of description errors is always to 
degrade the performance of the classification 
rules. In general, the decision tree produced 
when the given set of objects contains noise will 
not be the same as that produced in the noise-free 
case. When the tree is used to classify an object, 
it could then give a wrong result either because 
it is the wrong tree, or because the description 
of the object being classified is incorrect. The 
noise model allows the error rate in descriptions 
to be varied at will to see the effect on the 
performance of the rule, measured in terms of the 
proportion of occasions on which it gives the 
correct classification of an object. 

The paper first describes an existing top­
down algorithm for constructing classification 
rules in the form of decision trees and shows how 
it has been modified to deal with erroneous desc­
riptions of this type. Three experiments are then 
discussed in which the level of noise applied to 
attributes is varied and the degradation of per­
formance of the classification rule is observed. 
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The results of these experimenta suggest several 
conjectures relevant to induction with noisy data. 

ALGORITHM FOR DEVELOPING CLASSIFICATION RULES 

The basic aim of an induction system is to 
construct a rule for classifying objects from 
knowledge of a training set of objects whose clas­
ses are given. In our formalism all objects are 
described by a fixed collection of attributes, 
each with its own set of discrete values. Each 
object belongs to one of two classes. denoted 0 
and 1 respectively. although the extension to more 
than two classes is straightforward. A rule takes 
the form of a decision tree: each interior node 
consists of a test of an attribute with one sub­
tree for every possible value of that attribute. 
and each leaf signals an outcome of the classifi­
cation rule. 

If there are no two objects that have the 
same value for each attribute and yet belong to 
different classes, we say that the attributes are 
adequate for the classification task. Previous 
work ( Quinlan. 1983] reported on an induction 
system called ID3 developed for this case. ID3 
constructs a decision tree using a top-down 
divide-and-conquer approach: select an attribute. 
divide the training set into subsets characterized 
by the possible values of the attribute. and fol­
low the same procedure recursively with each sub­
set until no subset contains objects from both 
classes. These single-class subsets correspond 
then to leaves of the decision tree and can be 
labelled with that class. 

The method depends for its practicality on 
making a good choice of attribute to test at each 
stage. ID3 takes an information-theoretic 
approach as follows. For a set S of objects. the 
information required for a classification rule is 
given by 

M(S) - -p 10g2 p - (l-p) 10g2 (l-p) 

where p is the proportion of objects in S that 
belong to class 1. Let A be an attribute with n 
possible. values Al. A2, ••• An. If attribute A 
were tested, S would be partitioned into subsets 
Sl. 52. '" Sn so that Si contained all objects 
from 5 with value Ai of A. The expected informa­
tion requirement for a classification rule of this 
form can be expressed as 

n 
B(5,A) - ~ Wi • M(Si) 

i-i 

whece the. weight Wi is the proportion of the 
objects· in· subset Si. When given a training set 
S containing objects from both classes, ID3 bases 
the decision tree for S on an attribute A chosen 
to minimize B(S,A) and continues recursively. 

The presence of description errorscomp1L~ 
cates this situation sOmewhat. If the descript­
ions 'of the-objects contain noise, it may be that 
the attributes are no longer adequate for the 
classification task. That is, we may end up with 
one or more training (sub)sets containing objects 

with identical descriptions but different classes. 
and no amount of testing of attributes will pro­
duce Single-class subsets. Instead of being able 
to give a categorical result for the classifica­
tion rule, the best we may be able to do is return 
a probability that a given object belongs to a 
class. Rather than being labelled with a class, 
then, each leaf of the decision tree will contain 
the probability that objects corresponding to that 
leaf belong to class 1, with values 0 and 1 in 
those cases where a categorical decision is still 
possible. 

In building a decision tree. we may now elect 
to stop testing attributes when it appears that no 
further tests are relevant to its class. The 
generalized procedure for building a decision tree 
for the set S of objects can be stated as follows: 

If M(5) <; B(S.A) for all attributes A, 
the decision tree for S is the leaf P. 
where p is the proportion of objects in 
S that belong to class 1. 

Otherwise. choose an attribute A that 
minimizes B(S.A) and return as the 
decision tree 

A 

Tl T2 T3 Tn 

where Ti is the decision tree for the 
subset Si of S whose objects have the 
ith value of the selected attribute A. 

Although it looks reasonable. this approach 
leads to nonsensically large decision trees. To 
illustrate the problem. let S be a training set 
containing objects of both classes and let us 
suppose that no further testing of attributes will 
lead to a better decision tree for 5. Let A be 
a random binary-valued attribute. Unless the 
proportion of class 1 objects with each value of 
attribute A is exactly the same as the proportion 
of class 1 objects in all of S (a most unlikely 
event. statistically speaking). B(S,A) will be 
less than M(5) and it will appear that testing 
attribute A is worthwhile. 

The obvious expedient of requiring that 
B(S.A) be less than M(S) - h for some threshhold 
h does circumvent the problem. This introduces 
another complication, though. because values of 
h large enough to prevent irrelevant attributes 
being teated also manage to exclude useful tests. 
As a result, using a threshho1d causes the proce­
dure to generate trees that make more classifica­
tion errors than previously when the training set 
contains no noise. 

The solution to this problem comes from the 
chi-square test for statistical independence. 
Consider again a set S of m objects and an 
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attribute A with n values. Let T[i,c] denote the 
number of objects in S with value i of attribute 
A that belong to class c. If an object's class 
is independent of its value of attribute A, the 
number T'[i,c) that we would expect to find is 
given by 

T'[i,c] .. T[ i,*] . T[ *,c] 1m 

where * denotes summation over a parameter, e.g. 
T[i,*] is T[i,O] + T[i,l]. Then the statistic 

n 1 
:E :E (T[i,c] - T'[i,c] )2 I T'[i,c] 

i=l c=O 

is approximately chi-square with n-l degrees of 
freedom. If this value exceeds a tabulated value, 
the hypothesis that an object's class and value of 
A are independent over S (and therefore that A is 
irrelevant for classifying S) can be rejected with 
known confidence [Hogg and Craig, 1970, pp 3l3ff]. 

This test is incorporated into the tree­
building procedure by stipulating tha.t no attri­
bute A will be considered for testing unless we 
can reject, with a high degree of confidence, the 
hypothesis that the value of A is independent of 
the class over the given set S. There is one 
minor difficulty in that the chi-square test is 
unreliable for very small values of the expecta­
tions T', so the common practice of using the test 
only when all values of T' are at least 4 has been 
followed. For these experiments, the chi-square 
test was used with a confidence level of 99 per­
cent and resulted in a dramatic reduction in the 
size of the tree when noise levels were high, with 
no loss of accuracy in the noise-free case. 

THE PROBLEM 

Since this study was intended to be an empir­
ical investigation with practical applications, 
it was important to use a real (as opposed to 
invented) classification task -- an artificial one 
would almost inevitably contain built-in assump­
tions that might influence the results. For this 
reason, the data used were taken from an existing 
difficult classification problem for a chess end­
game. The universe consists of 551 objects 
described in terms of 39 binary-valued attributes. 
About 74 percent of the objects belong to class 1 
and the smallest known correct decision tree for 
the task contains 175 nodes. One of the attri­
butes is redundant in the sense that a correct 
rule can be constructed without reference to it. 

EXPERIMENT 1 

The first experiment investigated the effect 
of noise on forming and using a decision tree 
when all objects were included in the training 
set. In each trial, the whole collection of 
objects was corrupted to a predetermined level 
and used to form a decision tree. A different 
corrupted copy of all objects was then generated 
and each .object classified by the decision tree. 

The results obtained were compared with the known 
classes of the objects and a mean error computed 
as the sum of the absolute difference between the 
real and computed classes (remembering that the 
computed class can be a probability such as 0.8) 
expressed as a percentage of the total number of 
objects. Each experiment was repeated 20 times 
with different corruptions of the training set 
and test cases to give a more reliable average 
together with an indication of its variance. 

The form of the experiment was as follows. 
Each attribute in turn was individually corrupted 
with noise levels 5, 10, IS, 20, 30, ••• 100 per­
cent, giving in all twelve average errors showing 
the effect of noise in that attribute alone. The 
same noise levels were then applied to all 
attributes simultaneously; Finally, the class 
information in the training set was corrupted to 

. the same levels. These trials thus gave an indi­
cation of misclassification error under twelve 
levels of noise for each attribute in isolation, 
for all attributes together, and for the class 
information in the training set. 

As would be expected, the effects of the 
noise vary markedly from attribute to attribute. 
Figure 1 shows the degradation of performance as 
noise is added to attribute 2 (the most sensi­
tive), attribute 32 (the least sensitive and, as 
it happens, the redundant attribute), and the 
average over the 39 attributes. This agrees with 
our intuition that, in classification problems, 
some attributes are more important than others. 
In fact, we can define the importance of an 

Error «Ii) 

10 

8 

6 

4 

2 

Noise ('II) 

Figure 1. Classification error as a function of 
noise: attributes 2, 32, and average for all 
attributes (Expt. 1) 
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attribute without reference to noise as the aver­
age classification error that results if the att ­
ribute in question is deleted altogether from the 
data, so preventing its u.e in the decision tree. 
Under this definition the importance of attribute 
2 is 8.0 percent, attribute 32 is a (since it is 
redundant), and the average of all attributes is 
1.0 percent. The ranking of attributes by import­
ance agrees well with their ranking by error 
caused when the attribute is corrupted by 100 
percent noise. Notice that, in Figure 1, the 
error with 100 percent noise for attributes 2, 32 
and the average is very close to their respective 
importances plus 1.8 percent. 

The results shown in Figure 1 take the form 
of saturation curves. If each point is normalized 
by being expressed as a fraction of the maxtmum 
error observed at any noise level, the three 
cases seem to fit a single curve as demonstrated 
by Figure 2. 

Normalized 
Error 

1 ~ (j.. ~ 
e 

0• • 

0• 
6.8 

«> 
.. at.tribut.e 2 
• attribute 32o average 

• 

20 40 60 80 100 

Noise (') 

Fiqure 2. Normalized error for single-attribute 
noise (Bxpt.. 1) 

When noise is used to corrupt' the class info­
rmation in the training set, quite a different 
picture emerges. If class is treated as another 
attribute, its importance would necessarily be 
50 percent for every two-class classification 
task. (This is because, 1£ the class information 
in the training set is replaced by a 'random vari ­
able, the resulting'classification rule would also 
be random and so would be expected to be correct 
half the time.) Figure 3 shows experimental 
agreement with this result. but also dellllOnatrates 
clearly that the degradation varies nearly 

Error (,) 

• 


Noise(') 

Fiqure 3. Classification error from noise in 
class information (Expt. 1) 

linearly with noise in the class information. 

Figure 4 shows the effect of noise applied 
simultaneously to all attributes. Notice that the 
error does not tend to 50 percent. It might seem 
that, if the description of all objects was rand­
om, we would get the same result as destroying 
class information. But in this case the training 
set still contains class frequency information 

Error(') 

20 40 60 80 100 

Noise(') 
Figure 4. Classificat.ion error from noise in 
all attributes siJaultanaously (Expt. 1) 



62 

which will be reflected in the resulting decision 
tree. Since 74 percent of the 551 objects belong 
to class 1, the decision tree derived with random 
descriptions should give an error of 2 x.74 x .26 
or about 38.5 percent, as reflected in the figure. 
After an initial increase, the size of the decis­
ion tree decreases as noise is increased, averag­
ing only 2 nodes when the descriptions are 
completely random, i.e. when all attributes are 
corrupted simultaneously with 100 percent noise. 
This demonstrates the utility of the chi-square 
test mentioned earlier as, without it, the average 
number of nodes for decision trees obtained from 
these random descriptions exceeded 500 nodes, 
even though they gave a similar average error. 
A saturation effect is relevant here as well, 
since the degradation for a given noise level is 
less than the sum of the errors caused by that 
level of noise in individual attributes. 

EXPERIMENT 2 

The first experiment treated noise as a 
ubiquitous commodity, applying both to the con­
struction and use of classification rules. Since 
there was noise in the training set, the decision 
tree itself contained errors, and further errors 
were introduced as a consequence of faulty attri­
bute values when the tree was used to classify 
an object. The second experiment was designed 
to separate the effects of noise on forming a 
classification rule and on using that rule. A 
correct decision tree was first constructed using 
all objects in their original, noise-free state. 
This correct tree was then used to classify 
objects corrupted in a manner similar to the 
previous experiment. 

As before, each trial was repeated 20 times. 
The same twelve noise levels were applied to each 
attribute individually and then to all attributes 
together. The measure of degradation was again 
the average classification error over all 551 
objects. 

Once more, the effect of noise varied marked­
ly from attribute to attribute with good correla­
tion between the sensitivity of attributes to 
noise and their importance as defined above. 
Attribute 2 showed most degradation, and the 
effects of noise on this attribute and the avera8! 
over all attributes appears in Figure 5. No 
saturation effect is evident, degradation increas­
ing linearly with the noise level. 

The broken lines on Figure 5 show the cor­
responding degradations for attribute 2 and the 
average obtained from the first experiment. Very 
surprisingly, the degradation in classification 
performance when noise is excluded from the train­
ing set becomes considerably greater in both 
cases as the noise reaches high levels. The 
effect is not uniform, though, and the maximum 
degradation experienced with the less important 
attributes is somewhat lower than before. 

This experiment demonstrates that noise has 
a different effect when the underlying 

Error ('is) 

Noise ('is) 

Figure 5. Classification error from single­
attribute noise (Expt. 2) 

classification rule is correct than that observed 
when the rule itself was formed from a noisy 
training set. The form of the degradation is 
different (linear versus saturation) and, even 
though the classification rule is correct, 
higher levels of noise produce a significantly 
higher average misclassification rate than 
previously. 

EXPERIMENT 3 

The first two experiments both assumed that 
the whole universe of 551 objects was available 
for construction of a classification rule. This 
third experiment was intended to check that the 
same results applied if only a subset of the 
objects was used as a training set. In this case, 
the resulting decision tree was tested on both 
known objects (those in the training set) and 



63 

average for single attribute 

unseen objects that were not taken into account 
when the tree was formed. 

Each trial was structured as follows. A sub­
set containing III of the 551 objects was select­
ed randomly (a different subset each time) and 
corrupted by the imposition of noise. A decision 
tree was formed using the III corrupted objects 
as a training set. A new corrupted copy of all 
551 objects was then generated and each object 
tested using the decision tree. Each trial was 
again repeated 20 times. The corruptions used 
mimicked those of the first experiment: 5, 10, 
••• 100 percent noise applied to each attribute in 
turn, all attributes simultaneously, and to the 
class information in the training set. 

Even when the training set is noise-free, 
the,fact that it is not complete means that the 
decision tree generated from it will not correctly 
classify all objects. There is thus a base error 
before any effects of noise, found to be 13.2 ± 
0.8 percent (or, to put it another way, a classi ­
fication rule formed from. about 20 percent of this 
universe correctly classifies about 87 percent of 
the universe). 

There was a considerably higher variance on 
the results for these experimeats and correspond­
ingly poor curve fits. The effect of noise on 
attribute 2 again produced the highest degradation, 
with a peak value of 21 percent. The results of 
noise on the average single attribute, all attri ­
butestogether, and the class information appear 
in Figure 6. Generally speaking, the findings 
appear similar to those of the first experiment 
except that the values are displaced by the base 
error. Notice that, as with the first experiment, 
the error due to class noise approaches 50 percent 
linearly while the error due to noise in all 
attributes together saturates towards 39 percent. 

FINDINGS 

The results of the experiments, especially 
the first and second, suggest several policy­
level implications for the use of inductive infer­
ence machinery in noisy environments. These are 
best described as conjectures because their appli ­
cability across classification problems and across 
rule-inducing systems has not yet been established. 

(1) 	 It is important to eliminate noise 
regarding class aembership of the 
objects in the training set. 

The importance of the class information is 50 per­
cent, as discussed under the first experiment. 
This is much higher than the importance of any 
attribute in this example -- the maximum value 
was 8 percent for attribute 2. Experiment 1 
confirmed that noise in the class information 
degrades performance linearly, and in particular 
the average classification error should then be 
half the class information noise rate even when 
all objects are included in the training set. 

50 

40 

30 

20 

20 40 60 80 100 

Noise ('Ii) 

Figure 6. Classification errors (Expt. 3) 

(2) 	 It is not worthwhile expending 
effort to eliminate noise from the 
attribute values of objects in the 
training set if there is going to 
be a significant amount of noise 
when the resulting classification 
rule is used in practice. 

This observation comes from Figure 5. If the 
noise in the average attribute is greater than 
45 percent. the performance of the correct deci­
sion tree (formed from a noise-free training set) 
falls below that of the tree obtained when the 
same level of noise was also present in the train­
ing set. and a similar result holds for the most 
important attribute (attribute 2). It would seem 
that the tree-forming algorithm tends to avoid 
using nOisy attributes, but this feature is null ­
ified if the training set is noise-free and so 
givea no indication of the noise to be expected 
in practice. Even with the lower levels of noise. 
the perfo~e of the correct tree is only marg­
inally superior to that of the tree formed from 
the training set containing noise. 

(3) 	 We are better off dispensing 
altogether with noisy, less important 
attributes. 

Consider Figure 1 again. Since attributes 2 is 
redundant, its importance is zero. That is. if 
we exclude this attribute altogether, the decis­
ion tree will still perform correctly, On the 
other hand, including the attribute with even 
slight levels of noise allows the attribute to be 
used in the decision tree and leads to classifi ­
cation errors when it is used. Again, the average 
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importance of the attributes is 1 percent. so 
dispensing with this "average" attribute will 
cause only 1 percent classification errors. The 
figure shows that we would produce fewer classi ­
fication errors if this average attribute were 
excluded when its noise level exceeded 15 percent. 
Finally, we would even improve performance if we 
excluded attribute 2 with its highest importance 
(8 percent) if the noise level in this attribute 
exceeded 46 percent. In short. the less the 
importance of an attribute, the more readily we 
should discard it altogether when it is corrupted 
by even low levels of noise. 

(4) 	 The payoff in noise reduction increases 
with the importance of the attribute. 

All the experiments have confirmed a strong rela­
tion between the degradation in performance as an 
attribute is corrupted and the importance of that 
attribute. Remember that "importance" of an 
attribute is not a subjective term, but a value 
that can be computed over any given training set. 
noisy or otherwise. Therefore, if additional 
resources were available to minimize errors in 
describing objects, the importance model would 
indicate the attribute to which the extra effort 
could most profitably be applied. 

(5) 	 Noise is less of a problem for 
approximate classification rules. 

A classification rule is approximate if it is 
simpler than the corresponding correct rule. 
This can come about either because it was formed 
from a training set containing only a small frac­
tion of all objects or because there is a substan­
tial amount of noise in one or more attributes. 
For example. the decision tree formed from III 
of the 551 objects contained 49 nodes, about the 
same as the tree formed from all objects when all 
attributes were corrupted with 50 percent noise. 
Figures 4 and 6 show that the marginal performance 
degradation with increasing noise in both cases 
is significantly less than the corresponding marg­
inal rates for the correct decision tree. If 
either the necessity of producing a rule from a 
small training set or of using several inherently 
noisy attributes limits theclassificationaccur­
acy of the rule, noise in the other attributes 
will not result in much additional degradation 
(but see 1 and 3). 

CONCLUSION 

The work reported here falls into three 
parts. First, a tree-building procedure has been 
developed that can cope with noisy data. Second, 
the procedure has been implemented (in C) and 
extensive trials carried out on a real classifi ­
cation problem with controlled addition of noise. 
Finally, as a consequence of the experimental 
results obtained in these trials, conjectures 
have been advanced about the use of noisy attri ­
butes and the expected benefits of reducing noise. 

This study has been almost entirely empirical. 
The next step is obviously to try to understand. 
at a more abstract level, some of the observed 
phenomena, e.g. the different degradation curve 
shapes for noise in attribute and class informa­
tion. It would also be interesting to find out 
whether similar results are obtained with altern­
ative systems for constructing classification 
rules. 
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ABSTRACT 

The Japanese Fifth Generation Computer SySM 
tams Report (Moto-oka, 1982), setting out the 
explicit goal of dominating information tech­
nology world-wide, has brought home to countries 
further advanced in most of these skills than the 
Japanese how essentially fragile is their lead. 

This paper advances some propositiOns which 
are in danger of being overlooked as we rush into 
action. 

PART I: SEVEN PROPOSITIONS 

It is convenient to list the following prop­
ositions concerning Intellilent ICnowledge Based 
Systems (IDS). 

Proposi tion I. 

With the possible exception of image-proeess­
ing, VLSI research is relevant to IDS only in sO 
far as VLSI design-autcmation offers to IDS an 
interesting and important application area. 

Proposi tion 2. 

Novel architectures are usually conceived as 
departing in kind fram the von Neumann scheme. 
But even quantitative shifts of emphasis (e.g. 
towards very large cheap memories) may introduce 
qualitatively new issues. 

Proposition 3. 

Proposi tion 4. 

Language debates have so far ignored IDS' 
most pressing requireeent, namely a means of gen­
erating programs that are analysable and execut­
able by machina and huaan brain alike. 

Proposition S. 

Por every feasibly computable function it is 
often assumed that a compact specification insome 
form of logical language is always what the pro­
grsm-writer (human or machine) really needs. But 
it is sometimes possible to generate an extension­
al specification which offen himlit an entire new way of proe.-ding. 

Proposition ~. 

Automating the construction of knowledge­
bases is pre-requisite to the viability of any 
future IDS industry. Feasibility of computer 
induction has been shOWl'l in more than one labor­
atory. Vigorous follow-up is indicated. 

Proposi tion 7. 

IDS will find itself end-stopped unless 
machine-executable concept-description languages 
are implemented and made available, based on a 
new view ofprogr8lllldng: the Principle of Sym­
metry. 

We now venture a (limited) definition of 

IDS: 


"Intelligent knowledge-based systems are 
capable of improving their 0Wl'l knowledge 
bases via precept, e~le and discovery." 

As a human counterpart for the IDS we sel ­
eet the apprentice, - an abnormally articulate 
one. able to expound the lUster's teaching. once 
assimilated, better than the master can. 

PART 2 INDUCTIVE LEARNING 

A number of computer programs have been dev­
eloped which "learn" by generating rules from ex­
amples. i.e. by induction (Hichalski and Chilaus­
ky. 1980; Quinlan, 1979, 1982; Shapiro and Nib­
lett, 1982; Niblett and Paterson. 1982; and papers 
in Michalski. Carbonell and Hitchell. 1983). 

The distinction between languages and rela­ As a result of a long-established and sus­tional database systems is becaming artificial. tained interest in IUchine learning (see the ColI­
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puter JournaL, l1ichie. 1982a) the Edinburgh group 
has become a practised "machine-induction shop", 
one of only two. The other is R.S. Michalski's 
group in the University of Illinois. We can now 
routinely synthesise machine-executable descrip­
tions (in the form of PASCAL programs) for classi ­
fication tasks too complex for human experts eith­
er to program. to verbalise complete strategies 
for or even reliably to perform. According to 
the' style adopted, the machine-generated descrip­
tions can be made to take either "Martian" or hum­
an form. In the second case, in spite of its syn­
thetic origin, we call a machine-made description 
a "concept". A recently developed progranming 
technique (Michie and Shapiro, 1982) has added the 
following capability: when a machine-made con­
cept is "run" on a trial case, the system not only 
classifies the case but also displays an explana­
tory narrative in intelligible English as to how 
it arrived at the classification. This is a help 
both to the end-user and to the knowledge-engineer 
himself • 

A brief description of methods and principles 
used by one of the Edinburgh learning programs, 
ACLS, is given below. The program is a development 
from Quinlan's ID3, in turn derived from Hunt, 
Marin and Stone's (1966) CLS (Concept Learning 
System). 

ACLS 	 (Analog Concept Learning System) 

A "training set" of examples of classifica­
tions within a chosen field is presented to ACLS 
as a list of records. All fields of the record 
except the last are entered with the values of 
those attributes considered by the user to be rel ­
evant to the c lassif ication task. These are known 
as "primitive attributes". The last field is en­
tered wi th the name of the dec isioo class to which 
the record is to be assigned (e.g. CIRCLE, 
ELLIPSE. TRIANGLE, SQUARE, POLYGON, OTHER; or 
MALIGNANT, BENIGN, IMAGINARY; or ALLOWED, DIS­
ALLOWED, SPECIAL-CASE; or just TRUE, FALSE). 

From these example records, ACLS derives a 
classification rule in the form of a decision tree, 
branching according to the value of the attrib­
utes. ACLS also generates a PASCAL conditional 
expression logically equivalent to the decisio~ 
tree, and this PASCAL code can be run to cl~ss~fy 
new test examples. Whenever a new example ~s 
found which refutes the current rule. ACLS can be 
asked to restructure the rule so as to accommod­
ate the new case, and to display. output or store 
it as before. 

The set ~f attributes should be chosen by an 
expert in the given problem domain to be suffic­
ient for classifying the data. In choosing the 
set of attributes the maxim is: if in doubt. put 
it IN. Any attribute which is in reality redund­
ant will be set on one side by ACLS and not in­
cluded in the tree (or corresponding PASCAL code) 
which it generates. 

IT IS NOT NECESSARY THAT THE EXPERT SHOULD BE 
ARMED WITH A CLEAR MENTAL PICTURE OF THE RULE 
WHICH HE HIMSELF USES WHEN PERFORMING THE GIVEN 
TASK. 

His role is simply to supply the list of primit­

ives and to act as an oracle by assigning example 
data to what he considers to be their correct 
classes. ACLS observes his behaviour as a classi ­
fier, and from this constructs the simplest rule it 
can, using the primitives supplied. which will as­
sign the same example data to the same classes as 
he does. As the training set grows with the addi­
tion of fresh examples, so the ACLS-synthesised 
rule grows more sophisticated. As it does so it 
tends to approximate to a form on which the expert 
is likely to comment: "That looks like the way I 
think I probably do it". 

THE EXPERT IS THUS ENABLED TO TRANSFER TO THE 
MACHINE A JUDGMENTAL RULE WHICH HE ALREADY HAD 
IN HIS HEAD BUT HAD NOT EXPLICITLY FORMULATED. 

We list below four closely related questions 
under investigation with the aid of ACLS and sim­
ilar programs: 

(I) 	 the possibility that a learning program, such 
as the one described above, can be used to 
extend the mental grasp of the humsn user; 

(2) 	 the use of the machine-synthesised programs 
as instructional texts; 

(3) 	 measurement of the "knowledge" (see later) 
contained in mschine-synthesised programs; 

(4) 	 development of a human-intelligible "conc:ept 
description language" as a mandatory vehlcle 
for output from induction systems. 

For a number of reasons, chess is specially 
qualified as a test domain for experiments of this 
kind. However, in order to confirm the generality 
of observed results, after basic work has been 
done in this measurable "test-tube" world, ACLS­
type programs can be used to investigate knowledge 
enhancement in the domain of high school algebra, 
robot vision, industrial engineering fault diagno­
sis chemistry, etc. Here, properly controlled 
exp~riments are less possible, so that it is de­
sirable that knowledge enhancement in the context 
of chess be looked at before use of this powerful, 
but as yet poorly understond, instrument spreads 
too far into social practice. In this connection 
the US Department of Justice's Federal Bureau of 
Investigation and the US Army's Construction Eng­
ineering Research Laboratory have already pur­
chased and installed version-I ACLS packages for 
the IBM PC. This version has no built-in con­
straints of the type envisaged in item (4) and 
hence could in theory be used as a generator of 
potentially dangerous software in the sense of 
Kopec and Michie (1983). 

Knowledge measurement 

Tests using an information theory approach to 
measure the knowledge-content of machine-produced 
("synthetic") programs are under way in Illinois 
and Edinburgh (Michie, 1977, 1982b). Relevant 
theoretical work has also recently started at 
Stanford (Yao, 1982). 

Use is made of machine-oriented definitions, 
such as the "knowledge-content" of a program, 
"computational advantage", "penetration", "grasp" 
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and rate of knowledge acquisition. "Difficulty" 
of a problem can also be expressed within the same 
numerical calculus. 

The current objective is to build the measure­
ment system referred to above into rule-synthesis 
programs. These programs will then be enabled not 
only to produce rules which can be executed by 
machine but at the same time will be able to give 
the user a numerically based evaluation of each 
rule as it is synthesised. Recent results have 
suggested the possibility that the very act of 
synthesising and displaying rules in this style 
may help a trained practitioner in the given dom­
ain greatly to extend his skill and grasp. 

In the perspective of knowledge-measurement 
alternative categories of solution program are 
possible: 

(I) 	 too calculation-intensive to be machine­
feasible 

(2) 	 too store-intensive to be machine-feasible 

(3) 	 machine feasible: too calculation-intensive 

to be brain-feasible 


(4) 	 machine-feasible: too store-intensive to be 
brain-feasible 

(5) 	 machine-feasible and potentially brain­

feasible. 


Knowledge engineering is the art of writing 
programs to fall into category (5), or, more. pre­
cisely, that sub-eategory of (5) which is not only 
potentially brain-feasible by reason of its store­
time trade-off properties. but also satisfies cer­
tain necessary structural properties (see later). 
Only programs of category (5) are sufficiently ~ 
ory-sparing to be understood and sufficiently 
processor-sparing to be hand checkable. They lie 
wi thin the human window. 

Can mschine optimality be combined with hrain­
feasibility? This is determined in each ease by 
the shape of the trade-off curve of the given 
function. No general guarantee can be given that 
the two goals can be combined in any particular 
case. Moreover, from the point of view of brain 
feasibility, there are other problems. 

"Super =programs II 

Recent resul ts have shown that programs con­
structed by systems such as Quinlan's ID3 can be, 
in one sense, "super=programs" and at the same 
time quite incomprehensible to people. By a super­
program we mean one that i8 at least twice as att ­
ractive in terms of execution cost as the best 
which could be written by a programmer. 

The Figure shows the execution costs on a 
CYBER 175 for three different programs written to 
solve the same difficul~ problem. The first imple­
ments a standard algoritblllic approach. The second 
was the fastest pattern-coded solution which J.R. 
Quinlan, author of In3 and also an outstanding pro­
gr8lllller. could achieve at ter many months of work. 
The third was a machine-generated program, produced 

by ID3 itself, equipped with a file of primitive 
descriptors and a file of example data. The last 
clearly qualifies as a super=program (see figure). 
Further, however hard they try. chess experts can­
not understand it. Even though it constitutes a 
complete and correct description, it does not 
qualify as a concept description. 

Work triggered by this observation has shown 
the reason for this. It lies in the way the de­
cision tree generated by ID3 (or the corresponding 
PASCAL expression) is structured. We have there­
fore developed a method known as "structured in­
duction". This is a hierarchical approach in the 
sense that the rules, or concepts, generated by 
the program using the original primitive attrib­
utes, themselves become the primitives for the 
next pass through the data (Shapiro and Niblett, 
1982). Shapiro has subsequently applied the app­
roach successfully to the ending King and Pawn 
versus King and Rook (Pawn on a7), generating a 
complete and self-documenting classifier for a 
space of over 200,000 positions, using some 350 
expert-supplied examples. Since human experts 
are not self-documenting, no codified classifica­
torytheory of the domain previously existed. The 
classifier thus constitutes a substantial and ori ­
ginal contribution to end-game theory. 

The method described constrains the output of 
the inductive generator to take the form of deci­
sion structures which people can recognise as con­
cepts. The constraints have been embodied in the 
syntax of a rule language CDL-I (Concept Descrip­
tion Language - I), for which a compiler is now 
operational on the VAX-750. 

Lost-3=ply experiments 

(CDC Cyber 72 at Sydney University) 

49 attributes 
(mixture of 35 pattern based 

4 low-level predicate 
10 high-level predicate) 

715 distinct instances 

177-node decision tree found in 34 seconds 

Clus1ficatiOll CPU time 
..thad (.sec) 

Minimax search 285.0 

Specialised search 17.5 

Using decision tree 3.4 

Upper part of Figure relates to the 
inductive synthesis of a recogniser 
for the "lost-3=ply" property in the 
chess ending king and knight v. king 
and rook. 

Lower part compares run-time perform­
ance of two hand-made and one machine­
synthesised recogniser. 

(from Quinlan, 1982) 
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PART 3: A KNOWLEDGE REFINERY 

Expert systems now have commercial promise, 
surprisingly in view of the limi tations of meth­
od discussed in the main paper. In one or two 
cases they are even making money. A system of 
over 2,000 rules called RI is used at Digital 
Equipment Corporation for configuring customers' 
needs (see McDermott. 1982). It already outper­
forms their best technical salesmen. But in 
knowledge refining. the focus ·is not on the prod­
uct which expert systems were originally designed 
to deliver, namely interactive advice in convers­
ation with a client, but on the unexpected by­
product. the finished knowledge base itself. Ex­
pert system languages can be used: 

to get knowledge into the machine 

to test it 

to fill gaps 

to extend it 

to modify it. 

Finally the knowledge can be put back into the 
human world in unrecognisably improved shape. 
This important observation was first made in the 
following manner: 

Ivan Bratko, a Yugoslav computer scientist 
and chess master, was on a visit to Edinburgh. He 
chose for study an elementary piece of chess know­
ledge, namely, how to mate with king and rook 
against king, from any legal starting position. 
Although an elementary mate, it is not easy to 
program, taking (unless artificial intelligence 
methods are used) approximately 2 - 3 months of a 
graduate student's time. Furthermore, the result­
ing program is never completely correct in its 
play. 

Using one of the Edinburgh advice languages, 
Bratko was able to complete the programming in two 
weeks. Subsequently he proved, both exhaustively 
by computation and also by symbolic proof, that 
the program was complete and correct. He then 
translated the program rules back into English. 
This produced six rules only: they were complete 
and corre~t, unlike grandmaster codifications 
which turu out to contain errors in those cases 
which have been tested by exhaustive computation 
(Clarke. 1977; Bratko, 1978; Kopec and Niblett, 
1980), and moreover to consist mainly of gaps. 

The improvement in the knowledge representa­
tion when back-translated from an advice program 
was unexpected. However, when the possibility was 
drawn to the attention of workers in other labora­
tories, they confirmed that they too were able to 
see indications of the same phenomenon. For ex­
ample. MYCIN. developed in Feigenbaum's laborat­
ory, was the first expert system of the modern 
type (Shortliffe, 1976). Although its knowledge 
is not broad enough to make the program of signi­
ficant utility to clinicians, the system is heav­
ily used by medical students, who find the know­
ledge-base more complete and easier to follow than 
a text book. 

The following are same other cases where 
back-translation from an advice program has prod­
uced an improved text for the human learner. 

Internal medicine 

The internal medicine project is a collabor­
ation between Dr. Jack Myers, the equivalent of a 
grandmaster in internal medicine, and a computer 
scientist, Harry Pople (Pople et al., 1977). The 
aim is to codify Myers' clinical knowledge in the 
form of an expert system. Clinicians are already 
using print-outs of parts of the knowledge-base. 

Organic chemical synthesis 

In organic chemical synthesis at the Univer­
sity of California. organic chemists use the know­
ledge base from Wipke's program SECS (Wipke, 1977). 
In the domains covered by the program, they regard 
it as superior to conventional sources. 

More striking cases occur where the system 
has inbuilt learning capabilities. When using 
these programs. the expert conveys his concepts 
to the system by means of examples and not through 
direct programming. just as he would if communica­
ting with a student or colleague. The following 
two examples come into this category. 

Soybean pathology 

Until recently, the best classification of 
soybean diseases was that by the plant pathologist., 
Dr. Jacobsen. who collaborated in.a study directed 
by R.S. Michalski in the University of Illinois 
(Michalski and Chilausky, 1980). Michalski's pro­
gram, AQ11, is capable of generalising over exam­
ples: thus, in this case the machine was part­
author of the resulting classificatory system, 
which gave 99% correct allocation of diseased 
plants as against approximately 83% for the old 
Jacobsen system. With great difficulty, using the 
machine to test, recycle and debug his theory, 
Jacobsen refined his own system so that it 
achieved a 93% success rate. Unable to improve 
it further, he then decided to accept the machine­
generated taxonomy. He now uses this as reference 
material in his work. 

Mass spectroscopy 

This is the domain of the DENDRAL project at 
Stanford. The inductive learning module of the 
program, Meta-DENDRAL, produced rules (previously 
lacking) for the interpretation of mass spectra of 
the family of organic chemicals known as the mono­
and poly-keto-androstanes. These rules formed the 
basis of a paper subsequently published in the 
chemical literature (Buchanan et al., 1976). 

The question arises: does a different pro­
gram have to be written for each of these applica­
tion areas? The knowledge put in by the expert 
must of course be domain-specific, but an induc­
tion program which assists his input of knowledge 
should typically show generality, as in the fol­
lowing example. 

Ly!phatic cancers 

In the differential diagnosis of lymphatic 
cancers Ivan Bratko successfully used an Edinburgh 
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learning program derived from RoIlS Quinlan's lD3, 
which was in turn based on Earl Hunt's CLS (Con­
cept Learning System) developed in the 1960's. The 
Edinburgh program was developed using the domain 
of chess. Strategies for chess end-games were 
conveyed by examples. The resulting correct and 
complete theory of King and Pawn against King is 
itself of interest to chess masters. Bratko then 
used the same program, in collaboration with a 
clinician, to construct a diagnostic scheme for 
the lymphatic cancers. In this experiment, with 
help only in extracting data from medical case 
histories, Bratko was able to perform as if he 
were a clinical expert, although knowing nothing 
about medicine (Bratko and Mulec, 1980). 

Requirements for a refinery 

What are the necessary ingredients for know­
ledge refining? 

(1) 	 Knowledge-engineering software: i. e. "advice 
languages", "inference engines" (that part of 
an expert system able to make. inferences from 
data supplied, and to retrace and display the 
lines of reasoning), and "induction 'lllCldule." 
(that part of an expert system able to gener­
ate rules from examples). 

(2) 	 A good development environment, e.g. UNIX or 

INTERLISP. 


(3) 	 Trained knowledge engineers familiar with the 
above material. 

(4) 	 One or more experts. Even with inductive 
knowledge generation automated to the limit 
of current technique, an expert i. still 
needed to choose the repertoire of primitive 
measurements or attributes to evaluate as 
relevant to the given problem domain. 

Originally designed to deliver interactive 
advice, it now appears that expert systems have a 
by-product which is even more important - the fin­
ished knowledge-base itself. 

To recapitulate, expert systems can be used: 

to get knowledge into the machine 

to test it 

- to debug it 

to fill gaps 

- to extend it 

to modify it 

and finally 

- to put the knowledge back into human 
hands in improved form. 

Thus, the possibility now exists.of supersed­
ing (as the automobile has superseded the horse) a 
craft which has been going on for thousands of 
years - namely, the writing of manuals and texts 
on how to do things. 
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ABSTRACT 
Learning techniques are frequently de­
emphasized 'in wilding expert systems 
because it is assumed that a human expert 
will provide the know.ledge base. Yet, 
rarely are such knowledge bases complete 
or accurate, and much testing and refine­
ment is needed before expert performance 
can be achieved. A data base of problem­
solving examples with independently vali­
dated cone!usions can be very useful to a 
a) induce reasoning rules using partial 
knowledge of causal and hierarchical. rela­
tionships alOOng data and hypotheses; and 
b) suggest improvements (generalizations 
or specializations) in the rules provided 
by the human expert. Two such systems have 
been developed to hel p oonstruct and 
refine rules for the EXPERT oonsultation 
scheme. They have been succes~ully-used 
to construct and validate knoWledge bases 
in several medical. domains. 

SEEK a A System for Empirical. 
Experimentation with Expert 

Knowledge 

Expert knowl.edge for sol.ving oompl.ex 
medical. oonsul.tation problems 
changes frequently as new advances in 
cl.inical. researCh appear, and as practical. 
experience with the management of diseases 
is accumulated. Just as the human e;x:pert 
must keep up-to-date wi thin a speclLal.ty, 
so must any of the expert sytems that we 
devel.op. We have designed the SEEK system 
[1,2,3J to enable the builder of an expert 
consultation lOOdel to quickl.y and easil.y 
update and improve the performance of the 
reasoning IOOd el., based on resul.ts from 
medical. cases with well.-establ.ished diagno­
stic and therapaltic end-points. 

SEEK prompts the lOOdel builder to enter 
the description of reasoning rul.es in 
the form of a tab! e t where each oonclusion 
can be defined in terms of classical. medi­
cal terminology (major and minor findings, 
as wel.l as necessary and exclusionary , 
requirements). Each concl.usion can have 
l.evels of amfidence attached to it, such 
as definite, probable or possible, to 
account for the uncertainties and ambigui­
ties in the reasoning. SEEK automatical.l.y 
oonverts the tawl.ar description into 

EXPERT rules, and runs the cases in the 
data base against the resulting model. 

When di sagreements between the expert's 
conclusions and those of the lOOdel are 
detected bY SEEK, it suggests as set of 
experiments that can be carried out to 
modify the lOOdel's rules that have the 
potential of improving performance. These 
experiments usual.ly oonsists of suggestions 
to generalize or special.ize the l.ogical 
soope of a rul.e or group of rul.es. Rather 
than carry out these experiments automa­
tical.lYt SEElt presents the lOOdel. designer 
wi th a ranking of the experiments, and 
the designer must interact wi th the system 
to make the final. choice. The experiments 
are generated by rul.e refinement heuristics 
whiCh make use of the performance of the 
prototype reasoning lOOdel to instantiate 
specific advice on the lOOdification of 
predicates or uncertainty l.evel.s in the 
rules. Experiments are typical.ly tried out 
on an incremental. basis, lOOdifying one rul.e 
or a set of related rules at a time, and 
comparing the new wi th the previous per­
formance. Because the overal.l. performance 
of a lOOdel. depends on the interaction of 
many rul.es, lOOdification of a few of them 
wil.l. only Change part of any faulty 
resul.ts, so various heuristics in SEEK 
have been developed to propose and evaluate 
the priority of the different specializa­
tions and generalizations based on expected 
improvements in performance. 

Once an experiment bas been selected and 
carried out, SEEK gives further advice on 
hoy to refine the rules. '!he designer will 
typically go through a sequence of experi­
ments before settling on a final structure 
for the model. And even then, as new and 
IDDre collpl.e:x: cases are incorporated within 
the data base, SEEK can be used repeatedly 
to see if they warrant any changes in the 
reasoning rules. 

BecauseBKPBR1\ lDDdels are compil ad, we are 
able to run many experiments against quite 
substantial. data bases (many hundreds of 
cases), keeping al.l in compu.ter memory 
which is needed to carry out the kind ~f 
global perfonance assessment that we are 
doing.. In the past year, SEEK haa been 
tested wi th a large knowledge base in the 
area of rheumatology developed by our 
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collaborators in rheumatology at the 
University of Missouri - Columkda (Drs. 
Gordon Sharp and Donald Lindberg). Heuris­
tic rules that propose the experiments 
have shown their value in suggesting , <. 
changes that resulted in significant 
diagnostic performance improvements for 
a large knowledge base ( about 1000 obser 
vations. 400 hypotheses and 1000 rules). 
SEEK has also proved itself in helping 
build a large dermatology mdel. 

Knowledge-based Induction 
of Rules 

When the knowledge base designer laCks the 
time to cxmstruct a preliminary or proto­
type set of reasoning rUles, it may be 
useful to try to directly induce them 
from the data bases of problem solving 
cases. Initially, it is typical for the 
human expert to specify the reasoning 
primitives (observations and hypotheses) 
and their interrelationships (mostly 
causal, taxonomic and instantiation forms) 
These relations can be used with a varie­
ty of learning heuristics to extract 
reasonable rules of inference from the 
data base of cases. We have taken this 
approach for models where the expert 
was able to provide us with such a 
structure I in glaucoma and iTheumatology. 
Our learning program [4] uses a bladt­
board representation, with multiple 
knowledge sources to handle the different 
conc1usions that the model is to arrive 
at, and the formation of the rules from 
the data that pertain to them. 

Each knowledge source represents the 
a-priori knowledge of one physiologiCal 
system or process and its mechanisms of 
dysfunction. It imposes as structure on 
the training data which implici tly 
defines permissible clusters of data 
and :tntermediate hypotheses. Competing 
i~terpretations can pe proposed by having 
d1fferent knowledge sources view the data 
as manifestations of different physiolo­
gical processes. A knowledge source has 
both declarative and procedural components. 
The d(:~]arative plrt is a static relatio­
nal net~rk of elements, each of which 
represents a particular state of dysfunc­
tion. They are. observations most Closely 
attributable to a state, taxonomic links 
to subsystems; and causal rules linking 
one state to another. '!he procedural part 
consists of three functions. PRllUSE, 
EXPECT and GOAL. '!he PROlUSE function is 
a constrained generator of new candidate 
rules. It is invoked when the system 
chooses as its focus of attention an elem­
ent which is part of the knowledge source 
network. It translates prior knowledge 
about all the permissible associations 
that include the focused element into 
pre-candidate inference rules, wi th the 
element as the consequent or right-hand 
side of the rules. It then proposes a 

new candidate rule for each rule which is 
supported by pre-existing rules and which 
explains a portion of the present training 
cases. Pre-candidate rules with the same 
right-hand side element are generated in 
a general-to-specific order, so concise 
rules are found first whenever possible. 
The EXPECT function looks at new candidate 
rules and decides whther sufficient evi­
dence exists for some of their elements 
to predict activity in other elements in 
the knowledge source. These are model­
directed expectations flowing down taxo­
nomic links or along causal links. The 
latter allow the system to re-focus atten­
tion to a different knowledge source, when 
the links connect one knowledge source to 
another. The GOAL function looks for 
ways of satisfying a causal rule so as to 
significantly strengthen one of the 
candidate rules supporting it. It is 
used as a mechanism for breaking dead­
loCkS, when the system is unable to choose 
among competing graph structures of candi­
date rules. 

The knowledge sources communicate through 
a global blaCkboard where the candidate 
rules are recorded. Each node on the 
blaCkboard is a rule with pointers to 
previously generated rules that are 
needed to support it. In addition, there 
are lists of positive and negati-.re train" 
ing instanc!s which match the rule grapl., 
and a numer1cal evaluation function. 

'!he process by which the rules are learned 
can be viewed as a type of hypothesize­
and-test procedure. The knowledge sources 
use the structure of prior causal and 
taxonomic knowledge to generate hypothe­
ses about reasonable candidate rules, 
test these against the patterns of obser­
vations from the data base, and place 
those which are supported onto the blaCk­
board. Once this has been done by all the 
knowledge sources, a support set of rules 
is produced to subsequently confirm or 
deny expectations of causal connectivity 
generated by the knowledge sources. Focus 
of attention heuristics activate the 
knowledge sources that contain causal 
consequences of an expectation, and these 
are tested against patterns in the data 
base and the blaCkboard. The resul t is an 
extended set of candidate rules. which is 
then pruned by various heuristics to 
produce a final covering set of rules for 
the training cases. 

This system has been tested wi th subsets 
of the CASNET [5] glaucoma knowledge base 
and the rheumatology knowledge base [3]. 
We were able to generate rules that were 
comparable to those produced indepently 
by the human experts, and in several 
instances produced more efficient rules 
for covering the cases in our data base. 

In relation to a system such as SEEK, this 
approach represents a preprocessing or 

http:negati-.re


73 

alternative approach to developing a 
prototype model. We are now investigating 
the role of additional medical constraints 
on the strategies of rule generation. 
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ABSTRACT 

Marvin is a concept learning program which learns 
concepts by focussing on an example object for the 
concept and forms hypotheses. which it tests by 
showing objects to the trainer and asking him 
questions about their belonging to the concept 
being learned. Descriptions of concept are stored 
as sets of Horn clauses. The description of one 
concept may use the names of other concepts, so 
the "interdependencies of concepts can be learned. 
A concept may consist of sets of obj ects, 
relationships between objects, functions which 
transform obj ects, or any other predicate. 

Key Terms: Learning, machine learning, inductio.n, 
artificial intelligence, predicate logic, 
automatic programming. 

1. INTRODUCTION 

When we characterize learning as a search process, 
we assume the following: 

1. There is a language which is used to describe 
concepts. 

2. A state in the search space is a collection of 
descriptions written in this language. Given a set 
of examples, a goal state is a set of descriptions 
such that each positive example satisfies some 
description and no negative example satisfies any 
desciption. 

3. There is a set of general izat ion rules for 
transforming states into new states. 

4. A strategy for using the set of examples as a 
guide to choose a useful sequence of 
transformations which leads one to the goal state. 

The problen' of learning is to search through the 
space with a sequence of generalizations until 
a path to the goal is found. Learning systens 
such as LEX [Mitchell, 1982J. INDUCE [Michalski, 
1982] and MIS [Shapiro, 1981] have a fixed set of 
generalization rules. In prograns such as 
CONFUCIUS [Cohen, 1978] and Marvin [Sammut, 1981], 
we have investigated learning systems in which the 
generalization rules change depending on the 
state, i.e. on the set of descriptions learned. 
Put another way, while in previous work the 
transformat ions operated on single sentences in 
the state, in our work the rules take the whole 
state into consideration. This makes for a 

significant difference in the efficiency of the 
descriptiong learned and, under many circumstances 
on the efficiency of the search process itself. 

To contrast these two approaches, let us first 
look at a fixed language system suvh as LEX. This 
program is intended to learn how to perform 
symbolic integration. Expressions in LEX's 
language represent algebraic expressions. The 
system's generalization rules describe the way in 
which one expression may be transformed into a 
more general on. We reproduce below, part of the 
grammar for LEX's description language. 

/ 
transc 

,//~
sin cos tan cot 

Note that the tree structure provides an ordering 
amoung expressions in the description language. 
indicating what kinds of expressions ate more 
general than others. Thus, the designers of LEX 
have supplied it with a lot of background 
knowledge to enable it to learn to integrate. The 
tree not only provides the program with the simple 
concepts it needs (viz. real number, 
transcendental function, etc). it also shows the 
relationship between concepts. This relationship 
fixes the generalization rules once and for all. 
[Utgoff. 1983] explains how this "bias" increases 
the efficiency (indeed, the possibility) of 
learning. In our opinion this explanation is 
completely valid, unless the initial bias is 
unsuited for the descriptions one needs to learn. 

Utgoff and Mitchell have pointed out this need for 
updating the bias and have shown how certain terms 
can be incoporated into the language and the 
partial order. However. there are further needs 
of language enric'hment which can not be 
incorporated into the structure that they 
suggested. There is often a need for enriching the 
language by adding new disjunctions. The language 
is set up for generalizing the term sin(x) to 
transc(x). It can be extended to include 
generalizations like sin(X) OR cos(x) without much 
trouble, say by calling the generalized term 
" subtrig(x)". However. terms like sin(x)cos(x) can 
only be generalized to transc(x)cos(x), 
sin(x)transc(x) or transc(x)transc(x). The tree 
structure prevents generalizations like 
sin(x)cos(x) OR tan(x)cot(x). The structure of the 
language has to be changed if one needs terms 



75 

like that. 

Contrast with this the language used by Marvin, 
which allows the easy extension of the language by 
using sets of Horn clauses as descriptions, just 
as MIS does. The program is designed to emulate 
teacher/student learning. Unlike LEX, it is not 
given a hierarchy of concepts initially. The 
relationships between concepts are built up as the 
trainer presents new concepts. As in human 
teacher/student interactions, it is expected that 
simple concepts will be taught before complex 
ones. For example, addition is taught as a concept 
before mult iplicat ion is taught since the 
description of multiplication may use addition. 
The concepts which Marvin learns and the 
relationships between them form a model of the 
world in which 'the program exists. 

Learning is not always aided by a benevolent 
teacher. Circumstances may force situations where 
the learning system tries to learn a more complex 
concept before learning a simpler concept upon 
which the complex one depends. Scientific 
investigation is an example of learning where the 
scientist (student) must deal with an indifferent 
trainer (nature). The history of science consists 
almost entirely of an account of how we have built 
models of the world, only tohave to rebuild them 
when new concepts were later admitted, often with 
great reluctance, to be true. Shapiro's program, 
MIS, was an attempt to develop a system which 
could propose theories and, when necessary, trace 
through the derivation of a theory to discover an 
error if the theory was proved to be wrong. 

We wish to investigate this kind of learning 
further. However, there are two difficulties with 
Shapiro's approach. Firstly, MIS uses a language 
determined entirely by the trainer. As we have 
already said, this limits the flexibility of the 
learning system. Secondly, MIS creates generaliza­
t ions without taking advantage of the concept 
hierarchy to improve efficiency. Since Marvin was 
designed to avoid these difficulties, the new 
system is being built on the foundations already 
layed in this work. 

However, before we discuss the problems that occur 
when we extend Marvin in this way, it may be 
worthwhile to discuss Marvin itself. 

2. MARVIN 

Marvin learns concepts by playing a game of "20 
questions" with the trainer. The trainer shows the 
program an object which is an example of the 
concept which is to be learned (the target 
concept). Marvin uses this example to construct a 
hypothesis or trial concept by generalizing the 
description of the object so that it specifies a 
class of objects. A generalization is said to be 
consistent if the concept it describes is 1ess 
general than the target. 

To find out if a generalization is inconsistent, 
Marvin constructs object which are contained in 
the trial and shows them to the trainer. If the 
trainer tells Marvin that one of the objects is 

not contained in the target then the generaliza­
tion is inconsistent. When this occurs, Marvin 
tries to create a new trial which is more spec if ic 
than the previous one. This is a restriction 
instead of a generalization. The program has been 
designed so as to minimize the number of objects 
which must be presented to the trainer in order to 
determine that a generalization is inconsistent. 

Wh~n the program has learned a concept, it stores 
the description in its memory. A generalization is 
made when Marvin recognizes an obj ect as belonging 
to a concept it has already learned. Marvin 
continues to make as many generalizations as it 
can. When it has exhausted all possibilities, the 
learning process stops and the final trial is 
stored in memory. 

A concept is represented by a set of Horn clauses 
of the form: 

P <- Q & R & S. 

p. Q, Rand S are predicates and the standard 
interpretation is applied: P is true if Q and R 
and S are true. The clause will be called a 
definition of the concept P. An alternative 
interpretation for a clause is: Q & R & S 
represents an instance of P, so Q & R & S may be 
generalized to P. Thus, a concept is also a 
generalization rule. For example, we may define a 
playing card as something having a suit and a 
face-value (called "value" below). 

playing card(X) <­
-suit(X, S) & 

any suit(S) & 
value(X, V) & 
any_value(V) • 

"any_suit" may be defined as: 

any suit(X) <- atom(X, hearts). 
any-suit(X) <- atom(X, diamonds). 
any-suit(X) <- atom(X, clubs). 
any==suit(X) <- atom(X, spades). 

"atom(X, hearts)" means that "hearts" is an atomic 
value. "any_value" and other concepts such as 
"same_value" may be defined in the same way: 

any value(X) <- atom(X, king). 
any==value(X) <- atom(X, queen). 

any_value(X) <- atom(X, ace). 

same value(X. y) <­
- suit (X, S) & 

suit(Y, S) & 
any_suit(S) • 

Harvin' a memory is a database of such clauses. 

Predicates are alao used to describe obj ects, for 

example, 


suit(a. s) & 

atom(s. hearts) & 

value(a, v) & 

atom(v• queen) 


describes an obj ect "a" which is a queen of hearts. 
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The predicates representing an object are called 
primary predicates. When an object is described to 
Marvin, the program searches its memory to 
determine if there is a subset of the primary 
predicates which matches the right hand side of a 
clause stored in memory. 

In this example, "atom(s, hearts)" matches the 
right hand side of one clause in "any suit" so we 
can infer that any_suites) is true. Similarly, 
any_value(v) can also be inferred. Since 

is true, then playing_card (a) is true. 

Definition 1: Given a set of clauses: 

and a conjunction of predicates, C, we say that C 
implies C· if there is an Mi and a substitution, 
a, such that 

aM <'" C and C' e C + a{S i} 

We treat atomic predicates in a conjunction as 
members of a set. "<..", "*". "+" and "_" mean 
subset, intersection, union and difference. 

Definition 2: Given a conjunction, Co, we define 
a sequence cO .• en such that Ci+l is implied by Ci 
and en does not imply anything. We write 
A(CO) '" Cn, representing the set of all predicates 
impl ied by Co. 

If, in the original description of the object we 
replace "atom(s, hearts)" by the concept it 
implies i.e. "any_suit(s)" , then we obtain the 
more general description: 

suit(a, s) & 
any_suites) & 
value(a, v) & 
atom(v. queen) 

The description can be generalized further by 
replacing "atom(v, queen)" byany_value(v)". 

The replacement operation can be described more 
formally as follow. We may think of any 
conjunction of predicates as a trial concept. In 
particular, the object shown as an example by the 
trainer is our first trial concept. 

Definition 3: 'If Ti is a trial concept and M is a 
a subset .of Ti, and there exists a clause in 
memory S <- M' such that with the substitution, cr, 
M .. crM' then we define a replacement operation 
which wUl create a new trial, Ti+l, such that 

Ti+l '" Ti - M + crs 

Ti+l is a generalization of Ti. If there is more 
than one clause in the definition of the concept 
S the Ti+l is more general than Ti, since S 
describes a larger set than is described by M. 

Suppose we are trying to teach Marvin the concept 
"pair" : 

pair(a, 	b) <­
playing card(X) & 
playing-card(Y) & 
same_value(x, Y). 

by giving it the example, TO: 

pair(a, 	b) <­
value(a, v) & 
atom(v, ace) & 
suit(a, sa) & 

atom(sa, spades) & 
value(b, v) & 
suit(b, sb) & 
atom(sb, hearts). 

Note that the values of a and b refer to the same 
object. The program may begin generalizing this 
description and eventually produce the following 
trial, Ti: 

pair(a, b) <­
value(a, v) & (1) 
suit(a, sa) & (2) 
value(b, v) & 

suit(b, sb) & 
any_value(v) & (3) 
any_suit(sa) & (4 ) 
any_suit(sb). 

which is a consistent generalization. 

Def initton 4: If TO •• Tk is a sequence of tr ials 
such that Tigeneralizes to Ti+l then we say TO 
satisfies Tk. 

Definition 5: Trial T is consistent with the 
target T' if any object which satisfies T also 
satisfies T'. 

Since that values of cards "a" and "b" refer to 
the same obj ect, equality of values has been 
preserved. Whenever two objects with the same 
description are entered, they are given the same 
name so that equality may be considered as part of 
the concept. By generalizing further, Marvin tries 
to remove this equality. For example, a new trial, 
Ti+l, produced from Ti may be: 

pair(a, 	b) <­
card(a) 	& 
value(b, v) & 
suit(b, 	sb) & 
any_value(v) & 
any_suit(sb) • 

The numbered statements in Ti form the set, M,. 
These imply "card(a)", i.e. S in the definition 
above. Only (3) has not been replaced because it 
is stUl part of the description of "b". Ti+l is 
too general since the value of card "a" is no 
longer related to value of card "bit. When an 
inconsistent generalization is produced, we must 
find a way of creating another, more specific 
trial. 
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A generalization results in a set of predicates in 

a trial being replaced by a single, more general, 

predicate. The replacement operation throws away 

some specific information contained in the set, H, 

in favour of the more general statement, S. If the 

new trial is consistent then the information lost 

was not important. However, if the generalization 

is inconsistent then too much information was lost. 

To make Ti+l more specific, Marvin re-examines the 

predicates in H to determine which ones contain 

essential information. In the example, (1), 

"value(a, v)" is necessary to maintain the 

condition that the two cards have the same value. 

Once this has been determined, the program tries 

to remember other concepts which contain a 

statement like (1). 


Def init ion 6: . 

Let Tl = T - HI + Sl 

and T2 = T - M2 + S2 

where HI'" H2 ;. fJ 


then Tl + T2 is a restriction of TI. 


same value(X, y) is S2 in definition 6, and may be 

added to the trial in an attempt to make a 

consistent trial Ti+2. 


To test a trial Ti+l, Marvin shows the trainer an 

instance of Ti+l. If the program can create an 

object which does not belong to the target then 

T1+1 is inconsistent. The object will satisfy all 

the predicates in Ti+l but not satisfy any 

predicates in ACTi) except those implied by Ti+l. 

Thus, "same value(a,b)" must be false so that the 

equality of-values can be tested. 


Definit ion 7: Let Ti+1 be a generalization of Ti. 

Any object which satisfies Ti+1 but negates each 

element of A(Tl) - A(Ti+1) is called a crucial 

object. If T:i.+1 isinconsiatent and T' is the­

target then no crucial object of Ti+l satisfies 

the target. 


Let us now SIlllUI1arize Marvin's learning algoritl1ll: 


To learn a new clause: 

The trainer gives the program an example of the 

concept. 

- Find the list of replacement operations 


obtainable from the primary predicates. 

- Use these operations to generalize the initial 


trial. 

- Store the resulting concept in memory. 


To find the list of replacement operations: 

l.et P initially be the set of all primary 

predicates. 

- If P is a conjunction, find the set, I, of all 


concepts implied by P. 

- Append I to P, 

- Repeat this procedure until no more :Implied 


concept can be found. The result is A(P). 
The list of replacement operations consists of all 
the clauses used to find the implied concepts in 
A(P). (see defn 1). 

To generalize a trial Ti: 

- Choose the first concept in the list of 


replacement operations. 


- Perform the replacement to obtain T1+1. 
(see defn 3). 

- Try to "qualify" Ti+1. 
- Ti+l cannot be qualified, abandon this 

generalization. 
- Repeat this procedure with the next operation in 

the list. 

To qualify a trial Ti+1: 
- Construct a crucial object which staisfies Ti+l 

but does not satisfy A(Ti ) - A(Ti+l) (defn 7). 
- Ask trainer if object satisfies target. If it 

does then Ti+l has been qualified. 
- If not then restrict T1+1 to new trial T1+2. 
- Try to qual ify T1+2. 

To restrict a trial, Ti+1: 
- Search list of replacement operat ions for an 

S2 <- HZ such that HI ... M2 ;. fJ. HI is the 
replacement for Ti. 

- Perform replacement on Ti+l to obtain the new 
trial T1+2. (see defn 6). 

To construct an example from a trial, Ti+I: 
- To construct an example from P &Q: 

Construct P, Construct Q. 
- To construct an example from an atomic predicate 

P and there is a clause P <- B in memory, and 
B is not in A(Ti) - A(T1+1), if B is already 
true, do nothing, otherwise construct example 
using B. 

- To construct an example from an atomic predicate 
P and there is no clause P <- B, add B to 
conjunction representing example. 

3. CONCEPTS THAT MARVIN HAS LEARNED 

In this section we describe some of the concepts 
which Harvin has been able to learn. 

Since concepts are represented as Horn clauses in 
first order logic, they may be regarded as logic 
programs. Thus Harvin is able to perform as an 
automatic programming system as well as a learning 
system. 

Harvin has learned aritlmetic concepts, including 
representing numbers as strings of bits, comparing 
those numbers and adding them. Also in the domain 
of program synthesis, Harvin has learned what 
lists are, how to append lists, reverse them, and 
sort lists of numbers using an insertion sort. 
Sorting required that the knowledge of numbers and 
lists be combined 80 that the elements of the list 
could be compared. 

All of the prograDDllin concepts above are 
disjunctive and recursive. To illustrate how such 
concepts are learned, consider the definition of a 
liat of alphabetic characters. A list is either 
nil or an object which has a head (a letter) and a 
tail (a list). 

The learning a1goritlm in §2 showed how a single 
clause could be learned by presenting an instance 
of the concept. If the concept is disjunctive then 
a new example is shown for each disjunct to be 
learned. Learning the alphabet is merely rote 
learning. The clauses shown below are entered by 
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the trainer and stored without generalization. 

letter(X) <-value(X, a). 

letter(X) "'" value(X, z). 

To teach Marvin about lists, the trainer shows it 
nil first: 

listen) <- value(n, nil). 

The object "n" is a list because its value is nU. 
The term "value(n, nil)" is an atomic predicate 
which has no interpretation. This wUI be stored 
in memory as: 

list(X) ~ value(X, nUl. 

The object name "n" has been replaced by the 
variable "X". A further example of a list is: 

list(w) ~ 


head(w, h) & 

value(h, a) & 

tail(w, t) & 

value(t, nU). 


Matching predicates in this example with the right 
hand sides of clauses stored in memory, the 
program wUI generalize "value(h, a)" to 
"letter(h)" and "value(t, nU)" to "list(t)". 

In a different domain, Marvin is capable of 
learning simple grammars, such as: 

S-?NPVP 

NP -? Pnoun 

NP -? DET NOUN 

Pnoun -> John 

Pnoun -? Mary 

DET -? a 

DET -> the 

NOUN -> apple 

NOUN -?giraffe 

VP -> IVERB 

VP -> !VERB NP 

IVERB -? sleeps 

IVERB -? dreams 

TVERB -> dreams 

TVERB -> eats 


Although we have no space to show the learning 
session for this grammar, it is an interesting 
task for Marvin since some concepts such as VP 
must bepartially learned (one disjunct), then NP 
must be learned and then VP completed. See 
[Sammut, 1981l for a complete description. 

A more difficult language recognition problem 
which Marvin has learned is that posed by 
!:Hayes-Rot h, 19781. The task was to learn the 
rules to transform a sentence in the active form, 
such as, "The little man sang a lovely song" to 
the passive form, "A lovely song was sung by the 
little man". 

No work in concept learning would be complete 
without some reference to Winston's ARCH [1970]. 
Marvin learned to describe physical objects with 
the properties: orientation, shape, being on top 

of another obj ect, touching another object. The 
program was then shown a single example of an 
arch. It generalized the description of the arch 
and tested the generalizations by showing the 
trainer its own descriptions of WOUld-be arches 
until it produced a correct description. 

4. BUILDING HIERARCHICAL MEMORIES 

At present, the trainer is responsible for 
teaching concepts in an order which will allow the 
program to build a hierarchical memory. If the 
teaching sequence is not correct then Marvin may 
never be able to learn some concepts. For example, 
if we want to teach Marvin what a royal flush is 
then it must know which cards are court cards. 
What happens if these have not been taught before 
an example of a royal flush is shown? 

In the present system, the program only shows the 
trainer one example to test a generalization. If 
the training sequence is carefully ordered, this 
is sufficient. If not, Marvin may produce an 
incorrect description. The concept "any value" 
which we introduced earlier made no distinction 
between court cards and other cards. When 
constructing an example to show the trainer, 
Marvin could, by chance, choose court cards to 
test the generalization to "any value". This 
would appear correct to the trainer, even though 
the concept should only refer to court cards. 
Thus, an inconsistent generalization couls be 
passed as correct. 

This problem could be avoided if Marvin showed 
more examples. This works for cards because there 
is only a finite number of objects in the domain. 
If the program is learning about number or lists, 
how many examples should be shown? The design of 
a good experiment to test a hypothesis only comes 
with some experience in the domain being 
investigated. Therefore, we should expect the 
program to make mistakes and develop some strategy 
for recovering when the mistake is discovered. 

The choice of learning strategy wUl largely 
depend on the confidence the learning program has 
in its model of the world and the training data. 
That is, if contradictory results occur frequently 
then the model or data must not be correct. What 
to do when a contradiction appears may be 
controlled by heuristics which describe the 
confidence in a particular concept. For example, 
if Marvin is playing poker with its trainer (a 
somewhat far-fetched possibility) and the trainer 
realizes that the program's definition of a royal 
flush is incorrect, Marvin must be able to resolve 
this contradiction to its world model. 

A possible course of action is as follows: 
- initially, the example may be rej ected as due 

to noisy data. This may be wothwhUe doing if 
the concept in question has been used 
successfully elsewhere. 

- if contradictions recur, they may be kept as 
special cases (exception conditions). 

- If the recur frequently enough, then the model 
must be changed. 
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Let us simplify the learning task to "royal pair" 
rather than royal flush. Given the concepts we 
introduced earlier, Marvin could learn: 

royal-pair(X, Y) <­

playing card(X) &: 

playing-card(Y) &: 

same_value(x, Y). 


Clearly, this is an overgeneralization and will be 
discovered when Marvin's poker oponent points out 
that what it thought was a royal pair was not, 
Le. it discovers a negative example such as: 

not(royal-pa ir (X, Y» <­
suit(X, SX) &: 
atom(SX, hearts) &: 
value(X, V) &: 
atom(V, 10) &: 
su it (Y , SY) &: 
atom(SY, diamonds). 

Our problem now is to identify which generaliza­
t ion went wrong Shapiro uses a method called 
backtracing to work back through the derivation of 
a hypothesis. At each point where a generalization 
was made, his program, MIS, asks an oracle (the 
trainer) if the generalization was valid. To do 
this with Marvin, we need to know the replacement 
operations performed to determine that X and Y 
were supposed to be a royal pair. 

By questioning the trainer, asking which replace­
ment caused the inconsistent generalization, the 
program will find that "any value{V)" should not 
occur in the description. Hence all inferences 
following from this premise must be false, or at 
least must be qualified by additional 
restrictions. 

There are several alternatives to the way in which 
we may proceed from here. If a concept like 
"any_value" has 'been used frequently in the 
descriptions of concepts that have proved useful 
thenwe may wish to leave the definition of 
"any_value" unchanged and just add an exception 
to the definition of royal pair. If the negative 
example used the value, 10, then we may add the 
qualification that the cards must have the samil 
value as long as it is not 10. E.g. 

royal-psir{X, Y) <­

playing_card(X) &: 

p1ayin&-card(Y) &: 

value(X. V) &: 

value(Y, V) &: 

not (atom(V. 10». 


Assuming less conf idence in "any value", we may 
decide that any reference to it Tn "royal-pair" 
must be removed. Therefore generalizations made 
with "any_value" must be undone. 

Suppose that Marvin has seen two positive examples 
of a royal pair: pair of kings and a pair of 
queens. This was general ized to a pair of any 
value. If the generalization "any value" is 
then the program may return to a concept with two 
disjuncts: "a pair of kings or a pair of queens". 
A furhter example involVing a jack would add a 

third 4isjul\ct. 

Now we run into another problem. Will we allow an 
arbitrary numbe% of disjuncts to be added when­
ever contrad1etions in the model occur? With some 
introspection, Marvin may see that disjuncts 
involving kings, queens and jacks are created 
often.· 'l'herefQr$, it might be worthwhile to create 
a new'concept for thllll, thus eliminating some 
disjuncts. 

For.examp1e, 1.f :there are two clauses: 

W <- Q &: R &: S. 
W <- Q & R &: P. 

then thli!Y may be r$Wl'itten as: 

W <- Q &: R &: SP. 

SP <- S. 

SP <- P. 


Throughout this discussion we have used very vague 
terms such as "confidence" and "it may be 
wort hwhlle" • This 1s because we are considering 
learning in an environment whic does not enable 
the program when it has found the "right" 
description. An example of this in real life is 
that a scientific theory cannot be proven correct, 
only incorrect. The best we can do is to 
accumulate evidence to support the theory. The way 
we find the evidence is not always systematic but 
is often based on experiance. Thus, we propose 
that a system which learns by discovery must also 
learn "conf:l.dence in its model. 

5. CONCLUSION 

The examples we have used in explaining the method 
of operation of Marvin may have been deceptive in 
their simplicity. Amore complex example would 
have been more convinc ing of the powers of the 
program, but would probably have obscured its 
structure. It is important to note that the simple 
learning techniques devised for MArvin can lead to, 
quite complex concepts. 

The major motivation behind this work is the 
realization that. no matter how sophisticated a 
language be devised initially to describe objects, 
there is no assurance that the descriptions of 
object claases will remain conjunctive. The major 
difference between Marvin and many previously 
des1ined programs lies in the fact that it can 
handle disjunctions )lith almost the same ease as 
it can handle conjunctions. Both its strengths and 
weaknesses stem from this fact. 

Let us now take stock of the advantagea one loses 
once one gives up the insistance on conjunctive 
descriptions. The major advantage lay in the fact 
that once a positive example is focussed on at the 
beginning of the learning process, it is known 
that the final description will be the conjunction 
of a subset of all the predicates which the object 
satisfies. The only problem that remains is to 
weed out the unnecessary predicates. An easy way 
of doing this, especially if these predicates are 
independent, is to create test objects which 



differ from the focus object in differing only by 
a single statEment. If the test object lies in 
the concept then the corresponding statEment is ~ 
relevant. 

Things get somewhat complicated if the statements 
are not independent. But as long as the descript­
ion remains conjunctive, the problEmS are not in­
surmountable, as our above discussion of Marvin 
has shown. As a matter of fact, we have also show:!. 
that as long as the requirEments of mEmory hier­
archy can be met (i.e. the disjuncts of a concept 
are disjoint and the simpler concepts are placed 
in memory before the complex: ones), even disjunc­
tions can be handled. 

That, then, is the main contribution of Marvin: to 
show that the advantages of conjunctive descrip­
tions need not be given up entirely if one can re­
tain a hierarchical memory structure. Of course, 
to retain these advantages, one has to give up the 
obsolete graph structures and nets of old and take 
advantage of the flex:ibilities of Horn Clauses. 
What causes the real problEm is the question, ''How 
does one retain a hierarchical mEmory structure 
while learning concepts?" Marvin has side-stepped 
this question by assuming a benevolent teacher who 
gives examples of Simpler concepts before showing 
more complex: concepts. We have described our in­
itial thoughts about how one can try to keep mem­
ory hierarchical while trying to learn concepts 
withou t the help of a benevolent teacher. 
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ABSTRACT 

]h this paper we intend to show that learning 
is closely related to problems of generalization 
of expressions and changes in description langua­
ges. We cl~im that one must use properties of des­
cription,without f()rgettittS anything, during the ge­
neralization process. So the definition of gene­
ralization we propose here is the one use:i :in classi­
cal logic. One the other hand the forgetting action, 
which is central in learning, is but a change 
of description. In this sense a good description 
keeps only the meaningful1 characteristics for the 
learning task. Our aim is to demonstrate that re­
gardless of the paint of which the chauge of des­
cription takes place (either during or after the 
generalization process), any change which leads to 
forgetting anything, or to completing the descrip­
tion has to be preceeded by an analysis of the ge­
neralization success or fa1lure. 
Key terms : Learning, machine learning, pattern 
matching, generalisation, change of description 
structural matching, canonical form. ' 

I. INTRODUCTION 

The problem of learning is felt as a central 
one in A.t. since "a computer that doesn't learn 
really cannot make much of a claim on being intel­
ligent" [Shank 82]. In spite of this strong social 
pressure pushing us to study learning, we realize 
very well that the field improves at an amazingly 
low speed. 

A description of the main ideas relevant to 
the field has been given by Dietterich and Michal­
ski [Dietterich &AI. 81] in a particularly under­
standable paper. We shall here consider that the 
reader is aware of [Dietterich &AI. 81] since ~ 
own paper criticizes and refines the generalization 
concept used,by these authors. . 

The ideas more or less implicitely found in 
~Hayes-Roth &AI. ?8] and [Vere 8t1 are presented 
1n a more systemat1c way and their consequences 
are analysed. Our main point is that generalizanon 
implies that the descriptions to be generalized 
must be given in quite a standard way. If this is 
not the case then some preliminary "massaging is 
necessary as shown in section 2.2 •• The reader is 

.reminded that Dijkstra used to say that some spe­
cification massaging is necessary before program 

construction. In the following we hope to speci­
fy what "massaging" is. 

II. KNOWLEDGE REPRESENTATION 

The simple point'we want to emphasize here 
is that generalization can be used as one of the 
tools ?ecessary for building an efficient repre­
sentat10n of knowledge. 

If one admits that a good generalization al ­
gorithm must draw relevant information from a set 
of examples, then a failure to obtain this infor­
mation must bring us to the idea that our repre­
sentation of knowledge is not well adapted to the 
examples. If we have little knowledge about the 
world in which the learning is taking place then 
we can only imagine some random changes in ~he 
representation. On the contrary, in a well-known 
and structured world, representation changes can 
be made in a systematic way. 

Besides imagination or other meta-rules, ge­
neralization is an essential tool in the invemion 
of the correct description language because it 
gives some properties the language must displayso 
that one can learn from it. 

The effect of fitting a description into a 
theory is also a very efficient way to find new 
descriptions (the meta-rules are given by the 
theory itself). 

We shall now illustrate the above statements 
with two examples. 

2.1. A "Bongard" example 

Let us try to learn the difference between 
the following sets SI=«V,a,*),(V,a),(*),(V,O») 
and S2-«V,a,*,O),(V,*).(a,+),(a,*», where 51 is 
a set of examples and S2 a set of counter exam~es. 

The problem is : find a description of S 
which excludes S2' The generalization algorit&m 
we shall use has been given by Vere [Vere 80].Let 
us suppose that we start form a description . 
Where the only information is the presence or ab­
sence of each geometrical pattern. For instance, 
(V,a,*) can be described by (1,1,1,0,0) because 
we implicitely associate the first item of the 
quintuplet to V, the second one to a, the third 
one to 	*. the fourth one to 0 and the fifth one 
to +. The representation of Sand 5 becomes : 
Sl·(Al.(l,I,l,O,O,),A2~(1.l,O!O,o,),13.(0.0,l,o.O), 



A4-0.0,0.I,O» , 
S2=(BI-(I,I,l,I.0),B2-(I,O.l.O,O),B3-eO,I.O,O.I). 

B4-(O,I,I,O,O» 

Let x. denote the name of a variable in the 
ith place bf the quintuplets (otherwise stated the 
Ai's and the Bi's have the form (xl,x2,x3,x4'xS)' 

The least generalization of AI,A2,A3.A4 is 
such that the first four places are variables but 
such that tbe fiftb place is always equal to O. We 
sball write this as : GI - exS - 0). In Vere's ge­
neralization algorithm, tbe f1rst approximation 
to tbe solution API is API - = (xS • 0).Gl 

Following Vere, we delete tbe Bi's whicb 
are not instances of GI , here B3 only and consider 
tbe least generalization of 5i- (BI,B2,B3) It is 

- (x3 .. I) & (xS - 0).G2 

Following Vere, one says tbat tbe second ap­
proximation to the solution is 
AP2 .. GI & I (G2 - GI) 

-(xS • 0) &I (x3 - I). 

We now delete from S tbe Ai's that are ins­
tances of AP2, i.e. tbose t6at are not instances 
of G2 - GI , namely A2 and A4. The least generali ­
zation of 5j • (AI,A3) is 

G3 -(Xl - I) & (x4 • 0) & (xS • 0) whicb gives tbe 
tbird approximation 
AP3 - G1 &I «G2 - GI ) &I (G3 - G2» ­
(xS • 0) &I «x3 • I) &I (x4 .. 0». 

One deletes from 52 tbe Bi's that are not 
instances of G~ - G2• namely BI • The least gene­
ralization of .52- (1I2,B4) is still G3' The pro­
cess is tberefore stopped and the reader can 
check tbat AP3 is not a good description of 
5 I &""'1 52 since it re.cognizes B2 a1l.d B4 whicb should 
be reJected. 

One standard reaction to tbis failure is to 
take into account the presence or absence of a 
pair of patterns. The description of the examples 
is no longer a S-uplet but a IS-uplet 
(xl'''' ,xIS) where we associate : XI and V, x2and ~, X~ and *, x4 and 0, x~ and +, x6 and V~, 
x7 and V , xa and VO, x9 ana V+, x.LO and ~*, 
XII and~, xl2 and ~t. xI3 and *u; xI4 and *+, 
XIS and 0+. 

The examples and counterexamples are now 
described by : 
51 • (AI • (1~I,I,O,O.I,I,O,O,I,O,O,O,O,O,), 

A2 • (1,1,0,0,0,1,0,0.0,0,0,0,0,0,0,), 

A3 - (0,0,1,0,0,0,0,0,0,0,0,0,0,0,0,), 

A4 • (1,0,0,1,0,0,0,1,0,0.0,0,0,0,0» aDd 


(BI • (1,1,1,1,0,1,1,1,0,1,1.0.1,0,0), 

B2 • (1,0,1,0,0,0,1,0,0,0,0,0,0,0,0), 

B3 • (0,1,0,0,1,0,0,0,0,0,0,1,0,0,0), 

B4 • (0,1,1,0,0,0,0,0,0,1,0,0,0,0,0» 


We obtain AP • G - «xS • 0) & (~ • 0) 
& (XII • 0) & (x12 lo) 1 (x13 • 0) & (X14 • 0) 
& (X 15 -0». 
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One deletes from 5 the Bi's tbat are not 
instances of GI : B3 ana BI and one obtains 
52 .. (B2, B4). 

The least generalization of B2 and B4 is 
- «x] • !) & (x, • 0) & (xS .. 0) & (x6 • 0)G2& (x .. 0) & (x9 • 0) & (Xli • 0) & (x12 .. 0)S .. 0) & (x14 • 0) & (XIS· 0),& (x13 

It follows that AP2 • GI &I (G2 - GI) 
witb G2 - GI • (x3 • I) & (x4 • 0) & (x6 • 0) 

& (xS • 0). 

One deletes from S tbe Ai's that are not iu­
tances of G2 - Gj , namely A2,A4,AI. One is left 
witb 5' • (A3) tnerefore G • A3 and 
AP3 • hi &I «G2 - GI ) & ~ (G3 - G2» with 

- (XI • 0) & (x2 • 0) & (x7 • 0) & (xIO-o).G3 G2 • 

It is easy to see that tbere is no instance of 
G~ - G2 in 52' so the algorithm is finished and 
tne result is AP3 which can be rewritten as 

(xS • 0) & (x9 • 0) & (xII· 0) & (x12 • 0) & 
(x13 .. 0) & (x14 - 0) & (xIS" 0) & «x3 .. 0) v 

(x4 .. I) v (x6 • I) v (x • I) v «xI. 0) &s 
(x • 0) & (x - 0) & (x .. 0»)2 7 iO 

The reader can cbeck that AP3 recognizes 51 
and rejects 5 as it should be. Nevertbeless, it 
is not tbe beit generalization (it is easy to meck 
its redundancy) and this indicates that the re­
presentation could still be improved if one 
admits that 51 &I 52 is complete. 

2.2. Reaction to uncomplete descriptions 

It is usual to consider that the less compiete 
description is tbe more general. As we sball see. 
we try to avoid this situation by a description 
completing whenever possible. For instance, let us 
consider tbe two descriptions DI • (BLOCK A) & 
(RED A) and D2 • (BLOCK B). The classical way to 
generalize Dt and D2 is DG • (BLOCK x) wbere x is 
a free variable. The free variable is bere to in­
dicate that (BLOCK x) takes the value TRUE when 
x • A or X - B and the value FALSE wben x takes 
an otber value. 

This reaction can be well adapted to the pro­
blem, but we claim that it may also happen that 
one has some information allowing to "improve". 
DG, i.e. one can often obtain another generali ­
zation DG' sucb that DG is more general than DG'. 

In our example, let us suppose that one 
knows tbat each BLOCK bas some color, i.e. the 
data basis contains tbe two pleces <X information: 
Yx l!Y(COLOR. y x) and UD is a COLOR. : 
ax(COLOR. RED x). 

It is therefore possible to transform Dl into 
DI' • (BLOCK A) & (COLOR. RED A) and D2 into 
D2' • (BLOCK B) & i1(COLOR. y B). 

In tbat case, DG' • DG since Yx~ y(COLOR. y.x) 
i~lies ~y(COLOR y x).But if one considers 
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D3 (BLOCK A) & (RED B) 
D4 '" (BLOCK C) 

Then our "massaging" keeps the information 
that there are two objects. one of them being a 
block. the other one being coloured. If we assume 
that there exists at least one object which is co­
loured in red in our universe the generalisation 
of D and D should be 
00"",3 (BLOCK4x) & 3y(COLOR RED y). 

Besides. there examples being trivial no very 
significant information is kept by our massaging 
but we hope that everyone is aware that we intro­
duce here the possibility of a deduction during 
generalization. less trivial examples will be 
given in the following. 

III. PREDICATE GENERALIZATION 

It is quite evident that any description is a 
kind of logical formula which takes the value TRUE 
on the examples. 

Generalizing these logical formulas is reco­
gnized as an important field of A.I. research (cf 
[Hayes-Roth & AI. 781 [Michalski 83~ [Dietterich 
& AI. 8lJ.[Vere 80] •••• ). On the other hand, clas­
sical logics define generalization for terms (re­
cursively defined on free variables and functions) 
and not for formulas (recursively constructed from 
logical connectives and predicates depending on 
free or bound variables). As far as we need in SXDe 

way to be able to generalize formulas in order to 
achieve even an elementary learning, two reactions 
are possible. One is. the one used in [Hayes-Roth 
& AI. 78] and in [Vere 80] : stick as much as pos­
sible to classical logics but define a new way of 
generalizing. The other reaction will be described 
here (and has already been presented in [ltodra­
toff 82) : stick as much as possible to the clas­
sical definition of generalization but change the 
way of computing the canonical form of a logical 
formula. Our main reasons are as follows. 

3.1.1. Learning implies anyhow that the com­
putation of a canonical form is not the same as in 
classical logics. For instance, in any rewriting 
system computing a canonical form (as well for the 
well-known disjunctive or conjunctive normal forms 
(that are not canonical) as for the new Hsiang 
form (Hsiang 82]) an expression known for being TRUE 
must be rewritten as TRUE. On the contrary. in a 
learning context, a description is nothing but a 
tautology known for being TRUE : you introduce 
SQUARE(A) in your description only if you know that 
A is actually a square. 

As far as classical logics must be violated. 
we want to be as precise as possible in the esti­
mation of what is new and what tema.ins in learning 
versus classical logics,systems. 

3.1.2. The classical definition leads to dif­
ficulties due to the ne,cessity of int'roclucing ope­
rators that separate variables during the genera­
lization process [Hayes-Roth & AI. 78) [Vere 81). 

It is easy to see (an example follows) that 

this problem is linked to the idempotency of logi­
cal AND. As we shall also see in the following, our 
presentation of generalization takes this 
difficulty into account. This is now exemplified 
by the following problem, where & is the logical 
AND, A.B,C ••• are constants while x.y,z •••• are 
variables. Let 
EI-SQUARE(A)&RED(A)&SMALL(A) (There is a small red 

square) and 
E2-SQUARE (B)&RED(B)&SQUARE (C)&SMALL(C) (there are 

two squares. one is small, the other one is red) • 
The problem is to find the "best" generalization 
Eg of EI and E2. 
A partial matching generalization will 1eadieitherto 
EgI-SQUARE (x) &RED(x) &SMALL (y) or to 
Eg2-SQUARE(y)&RED(x)&SMALL(y) 
which are, for x + A,y + A. both instances of EI 
but. for x + B,y + C, only partial instances of E2. 

An alternative solution is the use of & idem­
potency relative to SQUARE(A). stating that: 
EII-SQUARE(A)&RED(A)&SQUARE(A)&SMALL(A) 
is totally equivalent to El (this is sure from the 
logic's point of view, but is it also sure from a 
learning point of view?). 
The generalization of Ell and E2 is : 
Eg-SQUARE(x)&RED(x)&SQUARE(y)&SMALL(y)which has EI 
as instance for x + A,y + A (and because SQUARE (A) 
&SQUARE(A) reduces to SQUARE(A) ) and which has E2 
as instance for x + B.y + C. 
A difficulty arises from the fact that E2 and 
E3-SQUARE (D) &RED(D) &SQUARE (E)&SMALL(E) 
generalize also to Eg. Intuitively, this a bad 
feature since (EI,E2) is a different set of exam­
ples than (E2,E3) (clearly, the first one is more 
particular) and they lead to the same "knowledge". 
The solution to this problem, discussed in [Hayes­
Roth & AI. 78) ,IXodratoff 82]and[Vere 80) is that 
one should look at the instances which produce the 
generalization and mark two variables u.v that 
never have the same instances in one example by 
DIFFERENT(u,v), and two variables w,t that have 
the same instance in one example by SAME(w,t). 
For instance, the generalization of El and E2 
should be 
Eg-SQUARE(x)&RED(x)&SQUARE(y)&SMALL(y) since it is 
always implicitly stated that x and y can be ins­
tantiated by' the same value, which happens in 
Ell-EI. On the contrary, the generalization of E2 
and E3 should be : 
Eg'-SQUARE(x)&RED(x)&SQUARE(y)&SMALL(y)&DIFFE­
RENT(x,y) since the instances of x and yare aif­
ferent in E2 and E3 which implicitly contain the 
information DIFFERENT(B.C) and DIFFERENT(D,E) zich 
should be used. 

Harking each couple of variables when they 
have the same instantiation, or when they have dif­
ferent instantiation is equivalent to say that two 
variables which did not appear simultaneously in 
one SAME or in one DIFFERENT relationship, may be 
either identical, or unidentica1. Another solution 
to this problem consists in marking two variables: 
either they have the same instantiation, with the 
SAME relationship, or they may have the same ins­
tantiation by the MBS(Hay Be the Same) relation­
ship. So two variables which are not marked are 
implicitely DIFFERENT. 
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For instance the generalization of EI and E2 
should be with the above convention 
Eg~SQUARE(X)&RED(x)&SQUARE(y)&SHALL(Y)&HBS(x,y) 
aud the generalization of E2 and E3 should be 

Eg=SQUARE(x)&RED(x)&SQUARE(y)&SHALL(y) 

Refer to [Kodratoff 82) for more details on the 

non-determinacy which is introduced in that way. 


3.1.3. Unification in equational theories is 
a well-known field of research (see for instance 
[Stickel 81J or [Martelli & AI. 82]) and matching 
in an equational theory (even a complicated one) 
is quite possible [Costa 8\]. 

This kind of problem comes down to the re­
search of a canonical form of terms. Instead of 
changing the classical definition of generalizaio~ 
we felt it more economical to modify the definition 
of a canonical term and to introduce "learning ca­
nonical terms". 

3.1.4. Besides, it is not at all counter-in­
tuitive to state that the usual canonical form of 
a logical formula is not particularly well-suited 
in order to express the trivialities one should 
start from when learning. 

3.1.5. In the following, we shall briefly re­
call the definitions of generalization, then des­
cribe our way to compute the canonical forms of a 
term (learning canonical forms) and discuss some 
of its consequences. 

We shall continue to use the above notations 
as well as the following : x • A means that the 
variable x must be substituted by the constant A, 
V is the logical OR, A < B means that A is more 
general than B, A < > B means that A and B are not 
comparable from a generalization point of view. 

3.2. 	Generalization 

3.2.1. 	Generalization of terms 

Let tl and t2 be two terms. Saying that tl is 

more general than t2 (tl < t2) i~ there is a sub­

stitution a such that atl-t2. 


A substitution has the form a - (x•• t.) 
where each x. is a variable and each t.lis alterm. 

1 	 1 

Example : Eg - SQUARE(x)&RED(X)&SQUARE(y)&SMALL(y) 

E2 - SQUARE(B)&RED(B)&SQUARE(C)&SMALL(C) 

Eg is more general than E2 since there exists a 

substitution cr such that a E - E2 where 
g 

a = (x. B, Y • C). 
- SQUARE(x)&RED(x)&SMALL(g)EgI 

Eglis not comparable with E2, indeed there does 
not exist any substitution such that aE - E2.

gI 

3.2.2. 	Vere's definition of generalization 
[Vere 80J 

3.2.2.1. Let us first consider conjunctions 
of elementary operators ; any expression A is sup­
posed to take the form A-AI& ••• & An where each Ai 
is elementary (i.e. contains no logical connec­
tives). He defines the set associated to A by 

-fA} • {A I .....An}. 

Then A is more general than B iff there is a 
substitution such that aA-B' where {B'} c {B}. 

Otherwise stated. crA is equal to a subpart of 
B. 

Example: with the Vere's definition E < E2 and 

Egi 	 < E2. g 

There exists in fact a substitution 

cr, a - (x. B, Y • C), such that crE - E2, which 
implies E < E2. On the other hand,g {E2} being 
the set afsociated with E2, and {aE I} the set asso­
ciated with aEgI' {aEgI } C {E2}, sog Egi < E2. 

3.2.2.2. For disjunctions of conjunctions, 
this definition becomes : 
let Gamgal V ••• V gan , Gb-gbi V •.. V gbm 
then Ga is more general than Gb iff Vj)i gai<gbj. 
Example : 
FI - (SQUARE(x)&RED(x»v(SHALL(y)&BLOCK(y) 

&GREEN(Y» 
E2 SQUARE (B)&RED(B)&SQUARE(C)&SHALL(C) 
Fl .. Fi V F'J' and there exists a such that 

Fi .. 	Ei with {Ei}c{E2}·a = (x • B) 

Therefore Fi is more general than E2, and applying 
the above definition we can conclude that FI is 
more general than E2• 

IV. OBTAINMENT OF A LEARNING CANONICAL FORM 

There is an infinite number of "learning ca­
nonical forms" for a given term. On the other hand, 
we claim that there is a finite number of lear­
ning canonical forms of a term as compared to 
another.We shall always therefore speak of one of 
the canonical formsof tl and t2. Each of them is 
the least generalization of tl and t2 which struc­
turally matches with tl and t 2 . (Structural mat­
ching is defined in 4.2.1.). Actually if t struc­
turally matches with tl and t 2, then t is one of 
the generalizations of the learning canonical 
forms of t J compared with t 2• Therefore structu­
ral matching may lead to the obtainment of lear­
ning canonical forms, and limit their number. 
Each of them is obtained by applying the same 
rules which depend either on the representation, 
as in the AND idempotency, or on the description, 
as in the use of the taxonomy of predicates. The 
order in which one attempts structural matching, 
the rules used, and the priority of rules define 
the strategy. For instance, let be GJ and G2 
two terms : 
GI (CIRCLE A) & (SMALL A) & (SQUARE B) & 

(LARGE B) & (ON A B) 
G2 - (CIRCLE C) & (SMALL C) & (SQUARE D) & 

(SMALL 	 D) & (LARGE E) & (CIRCLE E) &(ON C D) 
& (ON DE). 

We want to generalize Gi and G2 using idem­

potency of &, and the two following predicates 

taxonomies : 


FORM 	 SIZE 

/I~ /I~
CIRCLE 	 SQUARE TRIANGLE ••• SHALL MEDIUM LARGE ••• 

If we take the same properties of descrip­
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tions and representations for any given strategy 
of generalization, then the result depends on the 
strategy. 

Let us suppose that, in the first strategy 
used, the predicates describing the shape of ob­
jects (i.e. descriptors which belong to the FORM's 
taxonomy) have the priority for structural matchin& 
Using this strategy the generalization of Gl and 
G2 should be : 
G' .. (CIRCLE x ) & (SIZE SHALL x ) & (SQUARE Yo)o 0 

&(SIZE u y) & (CIRCLE z ) & (SIZE v y)&o 0 000 

(ON Xo Yo) & (ON to wo) & (MBS Zo Xo)(MBStoxJ 

& (MBS t z) & (MBS w y) & (MBS to Yo) & o 0 0 0 


(MBS Wo zo)' 


On the other hand, if one wants to generalize 
Gl and G2 using another strategy giving priority 
to the predicates describing the size of the ob­
jects (i.e. descriptors which belong to the SIZ~s 
taxonomy), we obtain the following generalization: 
G"=(FORM CIRCLE x ) & (SHALL x ) & (FORM u y) & 

o 000 

(LARGE Y ) & (FORM v z) & (SHALL z ) & 
000 0 

(ON Xo to) & (ON Zo Yo) & (MBS Xo zo) & 
(MBS Y t) & (MBS t z).o 0 0 0 

Notice that we use a convention for two vari ­
ables. Those which are not simultaneously present 
in one MBS or in one SAME relationship are impli­
citely different (see 3.1.2.). Now we may examine 
the two generalizations G' and Gil : they are not 
comparable (G' < > Gil) from a generalization point 
of view. G' fits together variables which corres­
pond to objects having the same shape, and Gil, to 
objects having same size. Therefore the strategy 
indicating the order in which we have to consider 
the different descriptors is not artificial, it 
has consequences for the generalized formulae. 

Notice that we do not claim that : 
- our way of computing a learning canonical 

term is unique. Using another strategy than the 
one here presented corresponds to another type of 
learning. For instance, we distinguish a "civiliad' 
learning (where the logical operators idempotency 
has priority: it amounts to using the same object 
several times in different situations) as opposed 
to a "military" learning where each object is des­
troyed when used (in practice, this can be taken 
into account also by using operators associated 
with numbers so that PERSHINGHISSILE(x,n) is dif­
ferent from PERSHINGHISSILE(x,n+l) ). 

- starting from unique learning canonical 
forms of tl and t2, one gets a unique generaliza~ 
tion. On the contrary, reference [Kodratoff 82) 
explains how one may reduce the size of the combi­
natory explosion of all the possible different ge­
neralizations. 

4.1. The generalization axioms 

There are .cases where a substitution cannot 
be found and where the generalization ordering is 
quite clear. Instead of using another definition 
of generalization we introduced the following 
axioms wh'ich order some terms relative to genera­

lization : 

4.1.a.) xP(x,y) < P(x,y) 

4.1.b. P(A,y) < YzP(z,y) 

Axioms 4.1.a. and 4.I.b. deal with quandfiers 
but their intuitive meaning is not self-evident. 
To give some intuitive justification we have to 
take into account the following : let us suppose 
that El and E2 are two expressions, that 
XI' x2' ••• xn are the free variables belonging 
to EI, and Yl' Y2' ••• , yp are the free variables 
belonging to E2. 

If EI and E2 have the following properties
* EI < E2 
* {YI' Y2' ... , yp} c: {xl' x2' ... , xn} 

Then, for al1(x l , x2' ••• , xn) E2 is true 

implies that there exists same distribution of free 

variables which are not present in E2 such that E1 

is true. 


Example 1 : 

Bl - SQUARE(x)&RED(x)&SHALL(y)&SQUARE(y) 

E2-SQUARE(x)&RED(x)&SHALL{x)&SQUARE (x) . 

*Ef < E2 because there exists a such that aEI =E2: 


a - (x + x, y ~ x) 
*x which is the only free variable in E2 is pre­
sent in El.tor each x E2(x) is true implies that 
there exists y (y • x) such that EI (x,y) is true. 

Example 2 : 

Another e~ple may be more convincing : we shall 

demonstrate (see 4.2.4.) that (LOWER x y) is more 

general than (EQ x I) & (EQ y 2). Thi~ prop?sidon, 

not surprisingly, corresponds to our 1ntuit1ve 

feeling because for all x and for all y, 

(EQ x I) & (EQ y 2) implies (LOWER x y). 


Now if we try to apply the above assertion 
to formulae which contain quantifiers, we can ve­
rify that it is, in fact, true : 

*Axiom 4.1.a : lxP(x,y) < P(x,y). Applying the . 
las t assertion to this axiom leads us to : for all 
x and for allyP{x,y) -> ixP{x,y) which is a1w~s 
true. 

*Axiom 4.I.b : P(A,y) < YZ p(z,y) 

Similarly axiom 4.I.b leads to : for all y 

yz P(z,y) -> P{A,y) which is a tautology. 


4.2. The elementary rewriting steps 

4.2.1. Structural matching 

Let us say that tl matches structurally t2 
when tl becomes identical to t2 (modulo a variable 
renaming) when all the leaves o~ tl.and t2 are.gi­
ven variables names. The massag1ng 1ntroduced 1Q 
section 2.2. indicates that learning canonical 
forms structurally match each other as f.r as pos­
sible. 

4.2.2. Using idempotency 

It amounts to a use of idempotency in order 
to favor a structural matching of tl and t2. 
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For instance, suppose that tl • P&Q and t2 ... Q, one 
then uses idempotency when one tries to find if Q 
can take the form Q'&Q" such that Q' structurally 
matches P. The term t2 is then rewritten as 
t2' a Q'&Q which is logically equivalent to t2 but 
allows us to attempt a matching of t2 - t2' and tl. 

4.2.3. 	Detecting a matching 

Given tl and t2, one attempts to find substi ­
tutions such that oltl • t2 or 02t2 ... tl. 

4.2.4. 	Using knowledge of descriptors 

When two expressions do not structurallymatc~ 
we can enforce the match by using rules describing 
the semantic of descriptors. As we shall see in 
4.2.5. if no structural match does appear, one may 
"lose" information by "abstracting" terms. We il ­
lustrate, in the following example an application 
of the se rules : 

It is intuitively clear that (LOWER X Y) is 
more general than (EQ X I) & (EQ Y 2), but actual­
ly, this is not easy to demonstrate. In order to 
do this, we need to use some semantic rules : 

(I) V X(EQUAL X X) - True 
(2) (LOWER 1 2) • True 
(3) (LOWER X Y) (EQUAL X Z) a (LOWER Z Y) 
(4) (LOWER X Y) (EQUAL Y Z) a (LOWER X Z) 

Now let us suppose that : 

T1 • (LOWER Xl YI) 

T2 .. (EQ X2 I) & (EQ Y2 2) 


There is no substitution a such that oTI • T4 
In order to demonstrate that TI is more general 
than T2, first we generalize TI and T2. 

Let T the least generalization of T1 and T2. 
Then we try to prove that T • Tl. In fact T < T2 
and T .. T1 implies that TI < T2. 

Obtainment of T : 

We attempted structural matching between T1 
and T2, but it failed : there is no descriptor EQ 
in TI and no descriptor LOWER in T2. We try to 
make apparent these descriptors by using semantic 
rules. 

Therefore we obtain : 
Ti • (LOWER Xl YI) &¥X(EQ X X) 

Ti • 	 (EQ X2 I) & (EQ Y2 2) & (LOWER 1 2) 

As there is no universal quantifier in Ti, 
we make it disappear by using the axiom 4.I.b : 
T'i < Ti 
Tl • (LOWER XI YI) & (EQ XI XI) & (EQ YI YI) 

Ti • (LOWER 1 2) & (EQ X2 1) & (EQ Y2 2) 

We try to detect the match between Tl and Ti. 
01 • (X + XI,I : Y + YI,2) 

o 0 

T'i ... (LOWER XoYo) & (EQ XoXo)& (EQ Yo Yo) 

Ti .. (LOWER XoYo) & (EQ X2 X~& (EQ Y2 Yo) 

There is no match because, in T', X2 appears 
in the (EQ X2 X.) and the only variaSles in TI are 
Xo and Yo. So T) is too particular, and we genera­
lize it by creating two new variables : 
T'" < Til

I I 
TI '- (LOWER Xo Vo) & (EQ X3 X.) & (EQ Y3 Yo) & 

(SAME X3 Xo) & (SAME Y3 Yo) 

Now we may obtain T which is the least gene­
ralization of TI and T2, by using the substitution 
O2 • (Uo + X3,X2 ; Vo + Y3.Y2) 

T • 	 (LOWER Xo Yo) & (EQ UO Xo) & (EQ VO Yo) & 
(MBS Xo Uo) & (MBS Yo Vol 

The reader can check that T is more general 
than TI and T2• Now, using rules (3) and (4) we 
obtain: 
T - (LOWER Uo Vol which implies : 
'T(Xo,Yo,Uo,Vo) .. TJ(Uo,Vo). 

4.2.5. 	Developping or reducing to TRUE or 
FALSE values 

One can also attempt to achieve the structu­
ral match between tl and t2 by using the tautolo­
gies : 
A&TRUE • A and A V FALSE - A, 
in either direction depending on tl and t2. 
For instance, suppose that tl - p(x) & Q(x) and 
t2 - P(x), then we can try to prove that Q(x)~UE 
so that tl reduces to t2 or Q(A) ... TRUE so that 
the canonical form of t2 is t2' ... P(x)&Q(A). In 
each case, the learning canonical forma of tl and 
t2 are brought to structural matching. 

4.2.6. 	Description transformation 

One may bring tl and t2 to structural matcting 
by considering that the "missing operators" of, 
say, tl are actually variables of a more general 
operator which must be introduced into the ~crip­
tion (how to invent these new operators is not 
considered here. As the following examples show 
one needs a good knowledge of the universe seman­
tics). For instance, suppose that one whishes to 
compare tl • P(x)&Q(x) and t2 • p(x). 

Instead of using idempotency, it may be more 
useful to consider P and Q as instances of (func­
tionnal) variables and find some more general ope­
rator G such that G(P,x) and G(Q,x) have the same 
interpretation than P(x) and Q(x). This is useful 
when one has some information about G(y,x). For 
instance, consider the assertion RED (x) (there are 
objects that can have the red hue), it may be use­
ful to rewrite it as COLOR (RED ,x) when, for ins­
tance, one knows that all the objects in our uni­
verse are colored, i.e. Vx iY cOLOR(y,x) • TRUE, 
especially in view of applying 4.2.5. 
4.3. 	Abstraction 

In theory, this brings us to second order 
logic but in practice this may well reduce to a 
kind of hierarchy among operators which is consi­
dered as being part of the knowledge basis descri ­
bing our universe. 

As in the example (see IV.). the generaliza­
tion of GI and G2 leads either to G' which intro­
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duces general descriptor, SIZE, or to G" which in­
troduces 	general descriptor FORM. 

Nevertheless it happens that whatever descrip­
tion transformation is used, a description which 
appears in an example may not appear in another. 
In this case structural matching is impossible. In 
order to generalize, one may remove the term, but 
this lead to forgetting information. This is the 
classical A.I. way to generalize, which is symbo­
lized by the use of the "Dropping condition rule" 
[Dietterich & AI. 81]. 

We could criticize this way of generalizing 
because it does not follow the classical logic de­
finition of generalization, unless we assume that 
"True" is more general than any particular asser­
tion and "False" less general. 

For instance. let El z P(y)&Q(z)and E2 = p(x). 
On one hand Vere's definition leads to E2 < EI a~ 
in the same way, the "Dropping condition rule" used 
by Michalski (see [Dietterich &Al. 81]) leads to 
E2 < EI. On the other hand in our theory, if P-Q 
then EI < E2 (see 4.4.8.), unless P ~ Q. However 
if P and Q belong to the same predicate taxonomy 
then the two formalae EI and E2 are comparable 
from a generalization point of view only if z ~ y 
(i.e. z and yare not the same parameter) (see 
4.4.2.). In this case E2 < EI (see 4.4.4.). Lastly 
if P and Q do not belong to the same predicate ta­
xonomy than E2 < EI (see 4.4.3. and 4.4.5.). If 
we assume as Vere and Mikalski, that whatever P 
and Q are. E2 is more general than EI, this implia 
if P(x) = True that True < Q(z) & True. Therefore, 
using the fact that Q(z) & True - Q(z). this leads 
to True < Q(z) whatever Q may be. In the same way, 
it is easy to demonstrate that with Vere and Mi­
chalski IS definition "False" is more particular 
than any other assertion. 

In the case studied above, there is no way to 
obtain the structural matching unless we "lose" 
same pieces of information, but we claim that it 
is not perrnissable to omit anything during the ge­
neralization process. In order to go through the 
structural matching. we need to make an abstra~ion 
: This operation is equivalent to removing the 
term which makes the matching impossible, while 
keeping this term in memory. Therefore. after the 
generalization process, the least generalization 
will match with the examples, modulo terms which 
have been abstracted. Because we have kept these 
terms, we can precisely verify the matching, and 
analize the failure of generalization by reading 
these terms. We can therefore conclude that, firs~ 
learning becomes an exact process. because nothing 
is lost, and secondly, the generalization process 
may guide the changes in description by showing 
the result and the terms abstracted ; thereby dis­
playing redundancies and lacks of descriptions. 

4.4. 	Examples of the consequences of our defini­
tions 

We give examples into a universe of colored 
shapes so that RED(A) can be rewri tten as COLOR 
(RED,A) and BLOCK(A) as SHAPE(BLOCK,A). Notice 
that we assume that it impossible to learn from 
partial descriptions into universes where this 

kind of knowledge is not known. 

The starred examples are more or less in contra­

diction with the usual definitions of generaliza­

tion and they will be further commented. 


4.4-1. RED(A) < RED(A)&BLOCK(A) 

*4.4-2. RED(A) < > RED(A)&BLUE(A) (in general) 

4.4-3. RED(A) < RED(A)&BLOCK(B) 

*4.4-4. RED (A) < RED(A)&BLUE(B) 

4.4-5. RED(;) < RED(y)&BLOCK(y) 

*4.4-6. RED (x) < > RED(y)&BLUE(y) 

4.4-7. RED (x) < RED(y)&BLOCK(z) 

*4.4-8. RED(y)&RED(z) < RED(x) 

4.4-9. RED (A) V BLOCK(A) < RED (A) 

*4.4-10. 	RED(A) V BLUE(A) < RED(A) (under 
some conditions) 

4.4-11. RED(A) V BLOCK(B) < RED(A) 

4.4-12. RED(y) V BLOCK(y) < RED(x) 

*4.4-13. 	RED(y) V BLUE(y) < RED(x) (under 
some conditions) 

4.4-14. RED(y) V BLOCK(z) < RED(x) 

4.4-15. RED(y) V RED(z) < RED(x) 

Proving 4.4-2. 

In general. RED(A)&BLUE(A) is equivalent to 
an other operator, either FALSE or 
REDBLUESPOTTED(A) or ROSY(A) etc ••• 
Using a distance notion which is intuitively clear 
in that case (and altogether not defined in this 
paper), replacing RED(A)&BLUE(A) by one of its 
equivalent form leads to an expression "nearer" 
from RED(A) (because a failure of matching with 
& is avoided), and therefore those equivalent 
forms are canonical and RED(A) is not comparable 
to any of them (unless it so in a very specific 
universe). 

Proving 4.4-4. 

One changes the description and tl - RED(A) 
becomes tl' - COLOR(RED,A) and t2 becomes 
t2' - COLOR(RED,A)&COLOR(BLUE.B). In tl one has 
the knowledge that B has a color (which is not 
valid in regard of t2 but because one supposes 
that all objects of the universe are colored, t~s 
may be untrue and t I and t2 would",then be uncom­
parable), Le. lIxCOLOR(x,B) - TRUE. 
tl' becomes ti" - ti' &TRUE 

- COLOR(RED,A)& ~OLOR(x,B) 
-1x(COLOR(RED.A)&COLOR(x,B» 

which is more general than t2' by 4.I.a; 

Proving 4.4-8. 

One uses 	idempotency and 
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tl-RED(y)&RED(z) is more general than 
t2'-RED(x)&RED(x) because atl=t2, 
where a - (y ~ X,z ~ x). 

Proving 4.4-10. 

Let tl-RED(A) V BLUE(A) and t2-RED(A). We 
change the representation and write : 
tl=tl'-COLOR(RED,A) V COLOR(BLUE,A) (which, as op­
posed to 4.4-2. has generally no implication) and 
t2=t2'=COLOR(RED,A). 
There are two cases : 
either A is the object which has all colors,i.e. 

Yx COLOR(x,A)-TRUE, then tl < > t2 
or A is not spotted by all colors, i.e. 

Yx COLOR(x,A)=FALSE and it follows 
t2"=t2' V FALSE 

=COLOR(RED,A) V Y x COLOR(x,A) 
=Yx(COLOR(RED,A) V COLOR(x,A) ) 

and tl' < t2" because of 4.1.b. 

Proving 4.4-13. 

The same proof as in 4.4-10. applies, except 
that one must be in a universe where there is not 
at all any object spotted by all colors, i.e. 
Yx COLOR(x,y)=FALSE to be able to compare the two 
clauses. 

V. ALGORITHM FOR GENERALIZING 

5.1. Difficulties of such an algorithm 

Besides the well-known difficulties due to 
the use of Associative-Commutative functions, same 
supplementary problems are introduced by the use 
of idempotency and semantic rules. The central 
problem is the obtainment of a learning canonical 
form: it is solved by an incremential matching 
process which manage it. 

Our approach may lead to obtain a great num­
ber of distinct generalizations, but some of them 
only are usefull. The role of the strategy is to 
diminish the size of the search space. The strate­
gy may depend itself on the kind of problem we 
have to solve. It indicates the order in which ~s­
criptors must be considered. For instance, in a 
block world, the central point may be the size of 
the blocks, or their shape or the above relation­
ship between blocks, etc ••.• or it may be inde­
pendent of the problem semantic, and for example, 
take only into account the number of variables 
which simultaneously appear in the generalized 
formula. 

5.2. Description of algorithm 

Step I 

Verify that each descriptor which appears at 
least in one example, appears in all the examples. 
If this is not the case, we try to make appear 
these descripto~by using some semantic rules. If 
this is impossible we need to make an "abstrac­
tion" (see 4.3.). 

Step 2 

One strategy being given, we choose the des­

criptors on which we have to generalize first. 

Step 3 

We mark each occurence of apparition of each 
descriptor having been chosen in step 2, CD each 
example, in order to compute the different possi­
ble generalizations. 

Example : 

Let us syppose that our strategy leads us to ge­

neralize examples Ei, Ei and E3 on the descriptor 

SMALL : 

Ei - (0 B)~& C)(LARGE A)&(SMALL 1 B)&(SMALL2 C) & 


(INSIDE B A)&(ABOVE A C)&(ABOVE. B C) 
Ei (0 D)&~ f)&(LARGE E)&(SMALL3 F)&(SMALL4D)& 

(INSIDE F E)&(ABOVE D E)&(ABOVE D F) 
E3 • (0 G)&(\I H)&(~ I)&(LARGE H)&(SMALLf)~MALLl) 

&(INSIDE I H)&(ABOVE G H)&{ABOVE G I) 

We may firstly generalize on SMALL!, SMALL3
and SMALLs, or on SMALL 1 , SMALL4 and SMALLs, or 

: we fiave to envisage 8 possible ways for ge­
neralizing. 

Step 4 

We envisage separably each possible genera­
lization. In each one we substitute one variable 
to the term which appears under the scope of the 
descriptor having been chosen. We operate simul­
taneously on all the examples. 

Step 5 

Let be Xo the variable that we have substi ­
tuted in step 4. We try to obtain one learning 
canonical form in regard to Xo. One have to ve­
rify that all the occurences of Xo are the same 
in all the examples. 

If this is not the case : 
- firstly, we try to make appear each occurence 

of Xo on all the examples by using either re­
presentation rules (see 4.2-2. or 4.2-5.) or 
knowledge about description (see 4.1., 4.2-3. 
or 4.2-6). 

- Secondly, if we fail to make appear one occu­
rence of Xc on at least one example, we make 
disappear this occurence on all the examplesin 
which it appears by creating a new variable. 

Notice that we use the convention described 
in 3.1.2. : we mark two variables which are iden­
tical by using the SAME relationship, and two va­
riables which may be the same by the MRS rela­
tionship. Two variables which does not appear in 
any SAME or MRS relationship are implicitely dif­
ferent. 

Step 6 

We return to step 2 until there does not 
appear any occurence of variable or constant, un­
der the scope of a descriptor, which may not be 
the same in all the example that we want to gene­
ralize. 

Notice that the substitutions of new vari ­
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ables, and the "massaging" which are introduced by 
them, must not transform any occurence of varia­
bles which have been previously substituted. 

5.3. 	Example 

Let be EI, E2 and E3 the three examples which 
have been presented in [Hayes-Roth & AI. 78) 

E 2 E 3 

Each example is described by a conjonction of 
clauses. Each of them describes either an object, 
or a spatial relation between two objects. 
There are 5 descriptors for objects : ~ which means 
triangle, 0 square, & circle, SMALL small size and 
LARGE large size. There are 2 descriptors for 
spatial relation : INSIDE and ABOVE. 

El • (~ A)&(O B)&(& C)&(LARGE A)&(SMALL B)&~LC) 
&(INSIDE B A)&(ABOVE A C)&(ABOVE B C) 

E2 .. (~ E)&(O D)&(& F)&(LARGE E)&(SMALL D)&$MALLF) 
&(INSIDE F E)&(ABOVE D F)&(ABOVE D E) 

E3 .. (& H)&(O G)&(& I)&(LARGE H)&(SMALL G)&$MALL [) 
&(INSIDE I H)&(ABOVE G H)&(ABOVE G I). 

Let us assume that there are two predicate 
taxonomies. The first relates the predicates des­
cribing the shape of the objects (~, 0, I). We caR 
it the FORM taxonomy. The second relates the predi­
cates describing the size of the objects, we cal k 
the SIZE taxonomy. 

FORM SIZE 
/I'\. /'\

t:. & 0 SMALL LARGE 

We shall omit the & in the following. 

Step 	1 

The descriptor ~ which appears in El and E2 
does not appear in E3. The predicate taxonomy of 
FORM permits us to transform the description : 
EI .. (FORM ~ A) (FORM 0 B) (FORM & C)(LARGE A) 

(SMALL B)(SMALL C) (INSIDE B A) (ABOVE A C) 
(ABOVE B C) 

E2 • 	 (FORM t:. E) (FORM 0 D) (FORM & F)(LARGE E) 
(SMALL D)(SMALL F)(INSIDE F E)(ABOVE D F) 
(ABOVE D E) 

E3 • 	 (FORM & H)(FORM 0 G)(FORM & I)(LARGE H) 
(SMALL G) (SMALL I)(INSIDE I H) (ABOVE G H) 
(ABOVE G I). 

Step 2 

Now suppose our strategy manage us to mini­
mize the number of generalization. This guide us 
to choose the descriptor LARGE or the d~scriptor 
INSIDE: there are five descriptors. Let be 
N(Ei • D) the number of occurences of descriptor D 
in fhe example E •• The number of ways to generalize 
on D is equal toll N(El,D)*N(E2,D)*N(E3,D) 

Each choice of descriptor leads to a diffe­
rent generalization. The role of the strategy is 
either to minimize the number of possible genera­
lization, or to indicate the most meaning full 
descriptor which has to be the focal point in the 
generalization process. Whatever the strategy is, 
it leads to some generalizations which are usual­
ly not comparable each other from a generalization 
point of view. 

Let us assume now that our strategy contains 
another criteria which manage us to generalize 
first, with the descriptors which qualify the 
objects, as FORM, LARGE and SMALL, and secondly, 
with the descriptors which describe relationship 
between objects, as INSIDE and ABOVE. 

In our case, the strategy leads us to gene­
ralize on LARGE. 

Step 3 

There is only one occurence of LARGE in each 
of the example, therefore, there is only one pos­
sible way of generalizing. 

Step 	4 

We substitute Xo to A, E and H in all the 
examples : 
EI • (FORM t:. xo)(FORM 0 B) (FORM & C) (LARGE xo) 

(SMALL B) (SMALL C)(INSIDE B xo) (ABOVE XO C) 
(ABOVE B C) 

E2 • (FORM t:. xo)(FORM 0 D) (FORM & F) (LARGE xo) 
(SMALL D) (SMALL F) (INSIDE F xo)(ABOVE D F) 
(ABOVE D xo) 

E3 • (FORM & xo)(FORM 0 G)(FORM & I)(LARGE xo) 
(SMALL G)(SMALL I)(INSIDE I xo)(ABOVE G xo) 
(ABOVE G I) 

Step 	5 

Occurences of Xo for each example 

EI (LARGExo) (FORM.6xo) (INSIDEBxo) (ABQVEx.C) 

E2 (LARGExo) (FORM6xo) (INSIDEFx';) 

£3 (LARGExo) (FORM&xo)(INSIDElxo) f.BOVE Gxo) 

(LARGE xo) (INSIDE xo) 

But (ABOVE XO ~) appears only in El and 
no ".rule permitato make appear it in E2 and 
E3, in the same way (ABOVE ~ xo) appears in E2 
and E3 and does not appear in El. 

We have to make disappear (ABOVE XO C) from 
El, (ABOVE D xo) from E2 and (ABOVE G xo) from E~ 

El • 	 (FORM ~ xo)(FORM 0 B)(FORM & C) (LARGE xo) 
(SMALL B) (SMALL C)(INSIDE B xo)(ABOVE UO C) 
(ABOVE B C)(SAME tie xo) 

E2 • 	 (FORM t:. xo)(FORM 0 D) (FORM & F) (LARGE xo) 
(SMALL F)(INSIDE F Xe)(ABOVE D F) (ABOVE D v~ 
(SAME VO X.)(SMALL D) 

E3 • 	 (FORM & xo)(FORM 0 G) (FORM &I)(LARGE xo) 
(SMALL G)(SMALL I) (INSIDE I xo)(ABOVE G wo) 
(ABOVE G I)(SAME XO wo) 
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Now step 6 manages us to go to step 2. This 
leads us to generalize either on (FORM &~) or on 
(FORM 0 ~). 

I - Generalization on (FORM &~) 

Yo .... C, F, I 

EI .. 	 (FORM ~ x.) (FORM 0 B) (FORM &y.)(LARGE xo) 
(SMALL B) (SMALL y.)(INSIDE B x.) (ABOVE Uo Yo) 
(ABOVE B y.)(SAME Uo xo) 

E2 .. 	 (FORM ~ xo)(FORM 0 D) (FORM &y.)(LARGE x.) 
(SMALL D)(SMALL yo)(INSIDE Yo xo)(ABOVE D Yo) 
(ABOVE D vo)(SAME Vo x.) 

E3 .. 	 (FORM &xo)(FORM 0 G)(FORM &y.)(LARGE xo) 
(SMALL G)(SMALL y.)(INSIDE yo x.)(ABOVE G wo) 
(ABOVE G Yo) (SAME Xo Wo) 

Step 	5 

(ABOVE Uo yo) which appears in EI does not 
appear in E2 and E3. In the same way (INSIDE yoxo) 
which appears in E2 and E3 does not appear in EI. 
On one hand, we can make appear (ABOVE UO yo) in 
E2 and E3, by the use of & indempotency. On the 
other hand, there is no way to make appear 
(INSIDE XO yo) in EI. Therefore we are leading to 
the following generalization : 

EI - (FORM ~ xo)(FORM 0 B)(FORM &yo) (LARGE xo) 
(SMALL B) (SMALL yo) (INSIDE B xo)(ABOVE uo yo) 
(ABOVE B y.,)(SAME uo xo) 

E2 	 (FORM ~ xo)(FORM 0 D) (FORM &yo)(LARGE xo) 
(SMALL D) (SMALL yo)(INSIDE y. xo)(ABOVE D y.) 
(ABOVE D vo)(SAME Vo xo)(SAME Zo Yo) 
(ABOVE to yo)(SAME to D) 

E3 .. 	 (FORM &xo)(FORM 0 G) (FORM &yo) (LARGE x.) 
(SMALL G) (SMALL y.)(INSIDE z. xo)(ABOVE G wo) 
(ABOVE G yo) (SAME x. w.)(SAME z. yo) 
(ABOVE t. y.)(SAME to G) 

2 - Generalization on (FORM 0 ~) 

y ..... 	B, D, G 

Using the same rewriting steps leads us to 
the following generalization : 

EI .. 	 (FORM ~ x.) (FORM 0 y.)(FORM &C)(LARGE x.) 
(SMALL y.)(SMALL C)(INSIDE ZO xo)(ABOVE u. C) 
(ABOVE y. C)(SAME u. xo)(SAME Zo Yo) 
(ABOVE Yo to)(SAME to C) 

E2 .. 	 (FORM ~ xo)(FORM 0 Yo) (FORM &F)(LARGE xo) 
(SMALL Yo) (SMALL F)(INSIDE F xo)(ABOVE yo F) 
(ABOVE y. v.)(SAME v. x.) 

E3 • 	 (FORM &x.)(FORM 0 Yo) (FORM &I)(LARGE xo) 
(SMALL yo) (SMALL I)(INSIDE I xo)(ABOVE y. w.,) 
(ABOVE Yo I)(SAME XO w.) 

If we pur~ethe generalization process we 
obtain two possible generalizations. 

The first one corresponds to the first gene­
ralization on (FORM &\) : 

EI s 	 (FORM 6 xo)(FORM 0 ko){FORM &yo){LARGE xo) 

(SMALL k,,)(SMALL y..)(INSIDE Zo xo) 
(ABOVE u. y.)(ABOVE k. yoiSAME u. x.) 
(SAME ko zo)(ABOVE ko po) (SAME p. y.) 

E2 - (FORM ~ x.) (FORM 0 k.)(FORM &y.)(LARGE x.) 
(SMALL k.) (SMALL y.) (INSIDE ZO xo) (ABOVE koy.) 
(ABOVE k. v.) (SAME Vo xo)(SAME Zo yo) 
(ABOVE to y.)(SAME t. ko) 

E3 a 	 (FORM &xo)(FORM 0 k.)(FORM &Yo) (LARGE x.) 

(SMALL ko)(SMALL y.)(INSIDE z. x.) 

(ABOVE ko w.)(ABOVE k. yo) (SAME x. w.) 

(SAME z. y.)(ABOVE t. yo)(SAME to k.) 


This leads to the following generalization 

formula : 


EGI .. 	 (FORM u. xo)(FORM IJ ko)(FORM & y.) 
(LARGE xo)(SMALL ko)(SMALL yo)(INSIDE Zo x.) 
(ABOVE to y.)(ABOVE k. yo)(ABOVE k. Yo) 
(MBS t. x.)(MBS v. Xo)(MBS v. y.)(MBS y. z.) 
(MBS ko z.)(MBS k. t.) 

We can verify that EGI is more general than 
E1, E2 and E3 : 

0'
1 

z (u..... ~, x ..... A, Yo .... C, ko .... Bf Zo .... B, 

Vo .... C, to .... A) 


0' .. (uo .... ~, Xo .... E, y. .... F, ko .... D, ZO .... F,
2 v ..... E, to .... D) 

0'3 • (u ..... &, Xo .... H, y. .... I, k ..... G, ZO .... I, 


Vo .... H, t ..... G) 


The reader can easily check that 

ojEGI .. El, 0iEGI .. E2 and OjEGl .. E3 


The second possible generalization which 

corresponds to the first generalization on 

(FORM 0 ~) is equal to EG1, modulo a variable 

renaming. 


Now, let us assume that, the focal point in 
learning is not the descriptions of objects, but 
their spatial relationship. In this case we first 
generalize on the descriptor INSIDE. 

Therefore we obtain one generalization 

EG2 .. 	(FORM Po x.) (FORM qo k.)(FORM r. yo) 
(LARGE xo)(SMALL k.)(SMALL yo)(INSIDE y. x~ 
(ABOVE WO t.)(ABOVE u. vo)(MBS u. x.) 
(MBS WO yo)(MBS k. vo)(MBS t. ko) 
(MBS to Yo) (MBS t. x.) 
(MBS VO yo)(MBS uo k.)(MBS w. k.) 
(MBS u., w.) 

The reader can easily verify that EG2 is 

more general than EI. E2 and E3, but that it is 

not comparable from a generalization point of 

view, with EGI. 
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ABSTRACT 

Expert systems are powerful when working 
within the domain-specific boundaries of the 
initial design. It is widely agreed that the 
usefulness of such systems would be greatly en­
hanced if they could be made more versatile or 
less brittle -- tolerant of changes in the 
domain and underlying model. This paper sug­
gests seven criteria for escaping brittleness 
[combination, parallelism, declarative and pro­
cedural information, categorization, synchronic 
and diachronic pOinting, gracefulness, and con­
firmation] and gives an example of a class of 
general-purpose systems. a~8ifiep 8y8te~. 
that attempt to meet these criteria. 

Key terms: Jlpportionment of credit, Brittle­
ness, Bucket-brigade algorithm. Classifier sys­
tem, Expert system. Genetic algorithm. Knowl­
edge structure. Learning. Parallelism. Produc­
tion system. 

Expert systems are one of Artificial Intel­
ligence's real successes in the exploration of 
intelligence. In the longer view. the most signi­
ficant part of this success may be the bright il­
lumination it throws upon questions of system ver­
satility. Expert Systems. as currently structured. 
are narrowly domain-specific and brittle in the 
sense that they cannot respond to slight changes 
in domain without substantial human intervention 
(see Duda and Shortliffe [1983]). A close compari­
son of the structures of Expert Systems with what 
we know of the structures of natural intelligence 
provides some interesting criteria for escaping 
brittleness: 

1. Combination: The knowledge structures and 
mo.dels used should be constructed from a well­
defined set of elements that can serve as "build­
ing blocks". ,The set of elements may be rich and 
varied. but it should be clear how the elements 
can be combined to yield the structures needed. 
This requirement. if properly implemented. fore­
stalls ambiguous definitions and serves as a power­
ful deterrent to ad hoc constructions. More im­
portantly, it makes possible comparison of differ­
ent structures in terms of the elements they hold 
in common. Without this possibility, discovery of 
similarities and analogies, transfer of information 
from one situstion to another, and a wide range of 
other activities vital to flexible problem-solving. 
become' quite difficult. Additionally, structures 
defined from "building blocks" possess rich, com­

binatorial possibilities for combating the 
complexity of the environment. 

2. Parallelism: In order to avoid a distinct 
element (or disjoint sets of elements) for each 
individual object encountered (a "grandmother" 
node. a "yellow volkswagon with a flat tire" node, 
etc •• etc.) it must be natural to treat the simul­
taneous activity of an array of elements. This is 
part and parcel of the discussion of combinatorics. 
Stated another way. it is the simultaneous invo­
cation of a set of hypotheses at various levels of 
generality that enables the system to model new 
situations by transfer of information and conjec­
tures from previous experience. 

3. Declarative and procedural information: The 
"building blocks". when combined, must readily 
incorporate both the declarative ("propositional") 
and the procedural ("state-transition") informa­
tion inherent in models. 

4. Categorization: It must be simple for induc­
tive procedures to generate and test elements. 
and combinations of elements. that represent the 
categories and other generalizations underpinning 
the models used. Categorization is the system's 
sins qua non for combating the environment's per­
petual novelty. Accordingly, it must be easy to 
describe processes for generating and testing 
categories. Once again, unless the elements them­
selves directly implement categorizations, it be­
comes difficult to provide simple processes for 
transferring knowledge from one situation. or 
structure, to another. 

5. Synchronic and diachronic pointing: Synchronic 
pointers -- association of categories to form 
analogies. hierarchies of generalization, default 
hierarchies, etc. -- and diachronic pointers -­
temporal association yielding transitions and 
expectation -- are the threads from which models 
are constructed. As such they must be easily 
generated and modified by the inductive processes. 

6. Gracefulness: It should be simple to insert 
new, tentative inductions into the overall struc­
ture without disturbing well-established proce­
dures and models (except where the new information 
or induction suggests a critical modification). 
To this end. the elements constituting the cogni­
tive structure should act as a network of inter­
acting, competing hypotheses. The competition 
replaces requirements for global consistency with 
one of progressive confirmation relative to the 
situations in which the hypotheses are used. This 
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makes it much easier for the system to iticorporate 
and use new information. Elements, and structures 
constructed from them, should be easily modified 
by combinations of bottom-up (input-driven) and 
top-down (category-driven) procedures. Bottom-up 
procedures, properly implemented in this context, 
generalize new information and place it in the 
cognitive structure at appropriate places for 
access and use; top-down procedures yield plausi­
ble defaults and support categories. 

7. Confirmation: As the system accumulates ex­
perience the relative reliability (and usefulness) 
of various hypotheses (elements and combinations 
of elements) must be readily adjustable and must 
reflect itself directly in the competition of 
hypotheses. There is also a second kind of con­
firmation tha,t must emerge from the combination of 
elements. A hypothesis based on a very general 
category, and tentatively invoked in some situa­
tion, should "support" and activate more specific 
conjectures that are to be tested and used to con­
firm, or disconfirm, the more general hypothesis. 

CLASSIFIER SYSTEMS 

Classifier systems are general-purpose pro­
gramming systems designed as an attempt to meet 
the criteria set forth in the preceding section. 
Classifier systems have many affinities to the 
rule-based (production) systems underpinning the 
usual approach to Expert Systema (see Waterman and 
Hayes-Roth [1978] for many examples), but with the 
following major differences: 

1. Any number of rules, called a~8ijter8, can 
be active at the same time. There can be no di­
rect conflict between classifiers because the only 
action of a classifier is to post a message to a 
global message list -- more active classifiers 
simply mean more messages on the list. The result­
ing conflict-free concurrency sidesteps the diffi­
cult conflict-resolution problems of one-rule-at­
a-time systems (see HcDermott and Forgy [1978J), 
allowing the system to use many rules concurrently 
to summarize and act upon a situation. The rules 
become "building blocks" with extensive possi­
bilities for combination and recombination. More­
over, the parallelism makes it easier to specify 
and control the parallel processes that pervade 
the real world. 

2. tressages are binary strings of fixed length k. 
Classifiers, following the usual convention for 
productions, consist of a aondition part and an 
aation part. Because the system only processes 
messages of fixed length, each condition has a 
uniform format, specifying the set of messages 
that can satisfy it. Specifically. conditions are 
all specified by strings of length k over the alpha­
bet {l.O,'} where the' plays the role of a "don't 
care" symbol. If 'M .. mlm~ •••~ is a message and 
C z clC2 •••ck' c € {1,0.6i, is a condition, then 
the message M satisfies condition C juat in case 
mj = Cj wherever Cj .. 1 or 0, and m can be either 
1 or 0 wherever Cj .. iI. This definition makes it 
possible to use a simple matching operator to test 
whether or not some message satisfies a condition. 
Despite these specializatiOns, classifier systems 
a~e provably general-purpose -- able to execute 
any algorithm that can be defined in a language 

such as LISP or C. 

3. When the condition part of a classifier (one 
or more conditions) is satisfied by some message 
on the global message list, the action part uses 
the message to form a new message which is posted 
to the list. Thus the basic procedure of the sys­
tem is a simple loop in which each classifier 
accesses the current message list, determines if 
its conditions are satisfied and, if so, posts a 
message to the message list for the next time­
step. Since messages are simply uninterpreted 
strings (taking their only meaning from the rules 
they activate) there can be no conflict in the 
posting of messages any number of distinct mes­
sages can be posted on the list for t+l. 

4. All external communication (input and output) 
is via messages to the message list. As a result, 
all internal control information and external com­
munications reside in the same data structure. 

5. Because of the global nature of the message 
list. tagging (the use of particular bit combina­
tions as prefixes, suffixes, etc.) and related 
techniques become efficient ways of coupling clas­
sifiers, providing predetermined sequences of exe­
cution, subroutines. hierarchical organization, 
diachronic and synchronic pointing, etc. The com­
bination of concurrency and a global list avoids 
the difficulties discussed by Davis and King [1977] 
in their review of production systems. 

6. Because the order in which classifiers are 
executed is independent of their order in storage, 
and because satisfaction of conditions is deter­
mined by simple matching, there is no need for an 
interpreter. This makes it possible to design 
local, syntactic operators that modify systems in 
uaeful ways. For example, tags can be modified in 
ways that gracefully change the behavior of the 
system. In particular, a system can gracefully 
accept new rules, and various kinds of learning 
procedures (see LEARNING PROCEDUP~S below) can be 
imposed, without disturbing well-established (use­
ful) procedures. 

This system can be extended in a number of 
ways that make it easier to use (e.g., adding not­
conditions, message processing, etc. -- for details 
the reader should see Holland [1980». These addi­
tions are important, but the ess~ce of the system 
is the parallelism that permits both a "building 
block" approach to the processing of information 
and a competition between rules. Successful full­
scale tests of classifier systems have been run at 
several institutions (see, for example, Booker 
[1982], Goldberg [1983], Smith [1980], or Wilson 
[1982]) • 

LEARNING 

Two kinds of learning algorithm are required 
if a classifier system is to adapt to changes in 
the domain and goals presented it. The first is 
an algorithm that reinforces or apportions credit 
to rules already available to the system. (See 
Samuel's [1959] cogent discussion of this problem.) 
The second is an algorithm for generating new, 
plausible rules when the ones available prove in­
adequate. (Samuel calls this "the parameter prob­
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lem"). This section describes one example of the 
first kind, called the bucket-brigade algorithm 
and one example of the second kind, called the 
genetia algorithm. 

The bucket brigade algorithm is designed to 
assign a value to each classifier, called its 
strength, that is adjusted to reflect the classi­
fier's net usefulness as a participant in goal­
seeking sequences. It is important that the algo­
rithm do this correctly for classifiers that, 
early in the sequence, set the stage for later 
successful actions. (For example, in checkers, 
this is the problem of crediting an early move 
that makes possible a triple jump some moves 
later.) The algorithm works by introducing a 
competition between classifiers through a modifi­
cation of the basic match cycle. Satisfied clas­
sifiers must compete to get their messages on the 
message list; each satisfied classifier makes a 
bid based on its strength and only the highest 
bidding classifiers place their messages on the 
list. The size of the bid depends not only on 
the strength, but also on the specificity of the 
classifier's conditions. (For classifier condi­
tions, specificity is easily measured: the more 
don't cares (U's) in the condition, the less spe­
cific it is.) Thus, a high bid is indicative of 
"relevance" (high specificity) and "past useful­
ness" (high strength). 

Formally, when the conditions of a classifier 
C are satisfied, it makes a bid 

B(C,t) = cR(C)S(e,t) 

where ~(C) is the specificity, equal to the num­
ber of non-U's in the condition part divided by 
the length thereof, S{c,t) is the strength of C 
at time t, and c is a constant « 1 (say 1/8 or 
1/16) • 
The winning (high) bidders place their messages 
on the message list and have their strength 
reduaed by the amount of the bid. 

S(C,t+l) - S(e,t) - B(C,t) 

(Each winner pays for the privilege of posting a 
message.) The classifiers {e'i that sent the 
messages matched by this winner have their 
strengths inareased by the amount of the bid 
(sharing among them). 

S(C· ,t+l) s(e,t) + aB(e,t), 

where a - l/(no. of members of {ell). (The 
senders are rewarded for setting up a situation 
usable by C., 

The bucket-brigade algorithm treats each 
classifier as a kind of "middleman" in a complex 
economy, the strength of a classifier measuring 
its ability to turn a "profit". As a middleman, 
the classifier only deals with its suppliers -­
the classifiers that send messages satisfying its 
conditions -- and its consumers -- the classifiers 
that are in turn satisfied by the messages it 
sends. Whenever a classifier wins a bidding corn­
petition, it initiates a transaction in which it 
pays out part of its strength to its suppliers, 
and then receives similar payments from its con­

sumers. Its strength is a kind of capital. If a 
classifier receives mare from its consumers than 
it paid out, its strength is increased. This is 
likely to occur only if the consumer in turn is 
profitable. This chain leads to the ultimate con­
sumers, the classifiers that directly attain goals 
and receive payoff directly from the environment. 
That is, certain actions are immediately rewarded 
or reinforced by the environment; this payoff for 
goal-attainment is added to the strengths of all 
classifiers active at that time. The profitability 
of other classifiers depends upon their being 
coupled into sequences leading to payoff. Thus, 
the bucket-brigade assures that early-acting, 
"stage-setting" classifiers receive credit if they 
(on average) make possible later, overtly reward­
ing acts. 

(It is worth noting that some of the fixed­
point theorems of mathematical economics provide 
a way of proving the above for environments that 
have "stable" statistics.) 

Once we can assign strengths to classifiers 
we have a basis for generating new classifiers to 
enter the competition. In broadest terms, the 
genetia algorithm uses high-valued classifiers as 
progenitors for new classifiers to be tested under 
the bucket brigade. Because there are many win­
ners of the competition on each time-step, i.e., 
the system is still highly parallel, it is pos­
sible to test newly generated classifiers without 
seriously disrupting the system's repertoire in 
well-practiced situations (see below). 

Genetic algorithms have been studied inten­
sively through analysis (Holland [1975) and Bethke 
[1980) and simulation (De Jong (1975), Smith 
[1980), Booker [1982), and others). It is vital 
to the understanding of genetic algorithms to 
know that even the simplest versions act much more 
subtly than "random search with preservation of 
the best", contrary to the conclusions one might 
reach from a common misreading of genetics as a 
process primarily driven by mutation. 

The central operator of a genetic algorithm 
is called arossover. It acts by exchanging a 
(randomly chosen) segment in a pair of strings. 
For example, it might exchange some initial por­
tion of the condition parts of two classifiers; or 
it might exchange the middle portion of a condi­
tion with the middle portion of a message specifi­
cation. This simple, seemingly non-mathematical, 
operator produces quite subtle effects under the 
competition induced by the bucket brigade. In 
effect. the genetic algorithm favors the construc­
tion of new rules from "building blocks" (called 
sahemata) that appear as components of classifiers 
already proved useful. The "parent" rules simply 
supply copies of their parts for use by the cross­
over operator; they remain in the system in their 
original form. 

The "building blocks" or schemata, so mani­
pulated by the genetic algorithm, may involve tags 
or other portions of messages that determine clas­
sifier coupling and control sequencing. Thus, 
the genetic algorithm can encourage variants of 
useful subroutines and it can generate hierarchi­
cal substructures for testing. Theoretical work 
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and simulations (Holland [unpublished]) make it 
clear that newly generated classifiers can be 
introduced to the system without seriously dis­
turbing capabilities already well-established. 
Classifiers with high strength will always score 
high in any competition in wh~ch they are rele­
vant. In such a competition a newly generated 
classifier (starting, say, with average strength) 
will be quite unlikely to be a winner. On the 
other hand, new rules get their chance when no 
high-strength rule is very relevant to a situatililn; 
then the new rule may be tried and rewarded, or 
not, by the bucket brigade. This quality of the 
competition, combined with the classifier system's 
ability to act coherently without maintaining glo­
bal consistency, permits the system to maintain a 
wide range of competing, plausible inductions. 
The system co~tinually modifies its knowledge 
structures on the basis of subsequent (dis-) con­
firmations, while exploiting well-established 
structures in familiar situations. 

[Classifier systems are currently being tested 
with the help of a program, CSl, that is both a 
"compiler", allowing one to design and simulate 
classifier systems on a standard computer, and a 
"test-bed", providing the means of simulating a 
wide range of environments for testing the learn­
ing algorithms. The current version provides the 
following facilities: (1) Simulation of a task 
environment consisting of up to 256 objects, each 
with up to 32 distinct features, emplaced on a 
65,000 by 65,000 grid. Any, or all, of the ob­
jects may be mobile. (2) An input interface that 
consists of an arbitrar;l.ly shaped "vision cone" 
that views a local part of the surface (typically 
less than 1000 grid points) and uses feature 
detectors to generate an input message for each 
object in the vision cone. (3) An emulator for 
the classifier system that can retain, in random 
access memory. the description of over 2000 clas­
sifiers and a message list of up to 32 messages. 
This part of the system is written in machine lan­
guage and can execute a basic time-step (all clas­
sifiers matched against all messages) in ahout 
0.1 second. - The overall system runs in close to 
real-time, making it convenient to run long learn­
ing sequencea in the simulated environment. (4) An 
output interface that permits manipulation of ob­
jects on the grid, movement over the gird, rota­
tion of the visual cone, and in fact any other 
effector action conveniently specifiable by a sub­
routine. (5) Parametrised versions of both the 
bucket-brigade and genetic algorithms,including 
provisions for contingent activation of these 
algorithms (such as activation of the genetic 
algorithm when no classifier responds, to an input 
message, with a high bid).] 
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ABSTRACT 

Programs for machine learning from instances 
or "structural descriptions" have been limited by 
restrictions on the logical form of the 
conclusions inferred. We describe two programs 
for testing hypotheses of any logical form. The 
first implements a qualitative confirmation 
relation due to Hempel. The second. and more 
useful. implements an approximation to any of 
several quantitative confirmation relations 
derivative from Hempel's. 

I. INTRODUCTION 

Many machine learning programs attempt to 
infer generalizations from data represented or 
straightforwardly representable by singular 
sentences in first-order logic. Such learning 
programs typically generate conclusions that can 
also be represented as first-order sentences. 
usually with some quantifier structure. The 
conclusions that can be drawn using such programs 
are inevitably limited by whatever restrictions 
the program imposes on the logical form of 
hypotheses, and in most cases these limits are 
severe. Hunt's (1966) "Concept Learning 
Systems". for example, were in effect restricted 
to hypotheses with monadic predicates, a single 
universal quantifier, and a biconditional form 
with a single predicate on one flank of the 
biconditional. A program described by Vere (1975) 
is restricted to cohjunctions with universal 
quantifiers. An impressive program due to 
Shapiro (1981) is restricted to Horn Sentences, 
that is. to universal conditions with conjunctive 
antecedents and atomic consequences. These 
restrictions essentially limit the expressive 
power of the conclusions that can be inferred by 
the respective systems. In our judgement, an 
important aspect of the progress of machine 
learning programs in the last twenty years has 
been the liberalization of restrictions on the 
logical form of conclusions. but existing 
programs cannot yet generate from instances 
hypotheses that are not subject to prior 
restrictions on logical form. and even hypotheses 
with so simple a form as VxEy(Pxy v Pyx) seem 
excluded at present. 

machine induction program with the same 
generality. We describe below two programs which. 
given an hypothesis H of any first-order logical 
form and given an instance or evidence sentence E 
which is a conjunction of atomic sentences or 
their negations. determine whether or not E 
confirms H. The formal ideas behind these 
programs derive from the philosophical literature 
on inductive logiC. and especially from the work 
of Carl Hempel. Coupled with an appropriate 
generator. on which we are now working, the second 
of these programs offers the prospect of 
Significantly liberalizing the restrictions on 
logical form in machine learning. The programs 
described below are written in MACLISP and are 
implemented on the computer facilities of 
Carnegie-Mellon University. 

II. THE HEMPEL PROGRAM 

The first account of confirmation that we 
have implemented is due to C.G. Hempel (1965a). 
who developed it for first-order languages without 
identity. although it has subsequently been 
extended by Glymour (1980) to languages with 
identi ty and definite descriptions. Hempel's 
confirmation relation is purely qualitative, that 
is. a singular sentence either confirms an 
hypothesis or it doesn't, and confirmation has no 
other degrees. Hempel's account of confirmation 
satisfies several formal conditions, the most 
important of which for our purposes is that if an 
evidence sentence confirms an hypothesis then it 
confirms all hypotheses logically equivalent to 
that hypothesis. and analogously for 
disconfirmation. Let E be a singular sentence in 
which the individual constants a1 ••••• a n occur 
essentially. and let H be any first-order sentence 
without identity. According to Hempel, E confirms 
H if and only if the sentence H is valid in every 
model of E in which all members of the domain are 
named by one of the constants ai" - - .an- Thus 
Paa confirms each of the following: VxPxx, 
VxVyPxy, VxEyPxy. etc•• but does not confirm ExEy­
Pxy. (The evidence sentence need not be 
conjunctive in Hempel's theory. but it seems 
almost always to be assumed to be conjunctive in 
machine learning problems, and we will keep that 
restriction throughout.) Evidence E fails to 
confirm H if E does not confirm Hj E discontrrms A 
if E confirms the denial of H. 

A computer program for efficiently testing Hempel shows that E confirms H if and only if 
(or confirming) hypotheses of arbi~rary logical E logically entails a certain variable-free 
form would be a significant step towards a sentence determined by H and the individual 
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constants ooourring essentially in E. This 
sentence. the development of H for ai .... ;an• can 
be obtained by iteration starting with the first 
quantifier ooourring in the formula. deleting 
that quantifier and. if the quantifier is 
universal. oonjoining all formulas obtained by 
substituting one by one the oonllltantlll 1l:!. ....8n. 
for all ooourrenoes of the freed variable. or if 
the quantifier is ezistential disjoining the 
substitution instanoes. Equivalently. the 
development can be represented as a tree with the 
hypothesis as root. eaoh vertez other than the 
root and leaves oorresponding either to a 
oonjunotion or to a disjunction. and atomio 
sentences or their negations (basio sentenoes) as 
leaves. So represented. the development of V%By 
Pxy for the constants a. b is 

VxEyPxy 

I " Ir:-'! r!b,! 
faa Pab Pba Pbb 

Our program estimates Hempel1an oonfirmation 
provided three oonditions are met: the evidenoe 
sentence is a singular conjunction; the 
hypothesis to be tested is ezpreued so that no 
quantifier occurs within the soope of a negation; 
and the hypothesis to be tested contains no 
predioates not occurring in the evidenoe 
sentenoe. Tbe program ezeoutes a deptb first 
searoh of the development tree of the bypotbes1s. 
returning eTe for a leaf if the oorresponding 
formula is found among tbe oonjunots of tbe 
evidence sentenoe, and-nile otberwise. Vertices 
whose daughters are obtained by instantiating an 
eZistentially quantified Variable are counted as 
disjunotive vertioes. and analogously for 
universal quantifiers and conjunotive vertioes. 
A disjunctive vertez is evaluated as "TIl it and 
only if at least one of its daughters is 
evaluated as eTe, and a conjunotive vertez is 
evaluated as eTe if and only it all of its 
daughter vertioes are evaluated "TIl. Negations 
are distributed so as to have the smallest 
possible scope. The depth first search strate" 
is such that whenever the fragment of the tree 
already evaluated suffioes logically to determine 
a truth value for the hypothesis to be tested 
(under the valuation determined by the evidenoe 
sentence). the generation and evaluation of the 
development tree oease and the appropriate value, 
T or n11, is returned. emle s1gn1fies that the 
hypothesis is not oonfirmed; it does not 
neoessar11)' mean that the negation of the 
hypothesis is oonfirmed. 

The program contains a parameter m that can 
be adjusted b)' the user when larse bodies of 
evidenoe or hypotheses with man)' quantifiers are 
to be oonsidered. The parameter oan be set to 
any value les. than or equal to the number of 
individual oonstanta ooourring in the evidenoe 
sentenoe. With the value of m less than the 
number of individual oonstants, the prosram 
behaves as desoribed above, ezoept that at eacb 
quantifier vertez. there are only m randomly 
seleoted daughter vertioes. Instead of 

instantiating each quantified variable with all of 
the individual constants. only m randomly selected 
oonstanta are ullled. The seleotion of the m 
conllltants is performed independently at eaoh 
quantifier vertez. When m has a value less than 
the number of individual oonstants the program 
output is no longer cartain to be the result that 
Bempel's oonfirmation theory would give. but is 
only an eatimate of that result. Coincidentally. 
of course. the program oan return the eoorreote 
result even though some of the data are in error. 

When the program is given as evidenoe all 
conjunots Pai41+1" -Paiaj with i, j " 1,2.3.11.5 
and j ~ i+1. the hypothesis oharacteristio of 
disorete order. VzVy (Pzy + -Ez(Pu" pzy» is 
oonfirmed in 0.11 seconda with m " 5. and in 0.27 
seconds with m ,,2. The same instanoe fails to 
confirm the hypothesis oharaoteristio of dense 
order and likewise tails to oonfirm transitiVity. 
With m " 5 these determinstions require 0.211 and 
0.1111 seconds respectively. 

Canfield (1962) pointed out. and Hempel 
(19658) himselt agrees, that Hempel's confirmation 
theory is ezcessively strict. It fails to allow 
oonfirmation by partial instanoes. Thus Pss " Pab 
" Pba faUs to confirm VzVyPzy beoause the 
conjunot Pbb does not ooour in the evidence. The 
oomputer program shows the same feature. The 
evidence sentenoe consisting of all oonjunots 
Paia1 with i,j - 1,2,3,4,5,6,7,8,9,10 and i<j seems 
as tnougb it ought to lend some lIIupport to the 
hypothesis of transitivity -- that is. to 
YzVyVz«Pzy .. Pyz) + Pu)) -- but in faot the 
hypothesis is not oonfirmed with m ,,10. (The 
decision takes about 0.3 seconds). With m " 2 
twelve trials produoed no confirmation of the 
hypothesis and with m " 1 seven of thirteen trials 
produced no oonfirmation. aempel's confirmation 
theory is too oonservative to be uaeful. 

III. THB PARTIAL INSTlHCES PROGRAM 

There are many formal ways in which to 
develop a confirmation measure that w111 eztend 
aempel's ideas by giving 1II0me weight to partial 
instances. ODe can let the degree of oonfirmation 
of H on E equal the proportion of the models of E 
(in which each element of the domain is named by 
an individual oonstant ooourring euentially in E) 
that are also models of H. The result is a 
oonditional probabil1ty measure, but it baa the 
unattraotive con.equence that the degree of 
oonfirmation of a un!versal hypothesis oannot be 
createI' than 1/2 unless it is 1. We develop a 
different idea, derivins from the intuition that 
sinoe the evidence Po .. Pab • Pba provides three 
of tbe four oonjunots neoessary for Sempelian 
confirmation of the hypotheSiS YzVyhy. the degree 
of oonfirmation of that bypotbesis on that 
evidence should be 3/11. ODe formal a..sure that 
captures this intuition 18 obtained by putting the 
development of B in full conjunotive normal form, 
oall it He. In He, give a sentential oomponent 
that i8 either atomio or the necation of an atomio 
foraula the soore 1 if that component is among the 
oonjunots of I, give it the score e if its 
negation is lUlong the oonjunots of I. and give it 
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the score 0 otherwise; give a disjunction the 
score 1 if at least one of its disjuncts has the 
score 1, give it the score - if all of its 
disjuncts have the score -, and give it the score 
o otherwise; give a conjunction (that is, H-) a 
degree of confirmation equal to the proportion of 
its conjuncts that have the score " provided 
none of its conjunts have the score -, and 
otherwise give it degree of confirmation O. 
Another measure of the same sort can be obtained 
by considering the minimal conjunctive normal 
forms of H and, because the minimal conjunctive 
normal form is not always unique (Hohn, 1966), 
applying some choice function. still other 
measures can be obtained from the disjunctive 
normal forms. All of these measures give about 
the same result in the simple and intuitive 
cases, and they all have the same essential 
feature, namely they are not probability 
measures. The sum of the confirmation of H on E 
and the confirmation of -H on E, need not be 
unity by any of these measures. They are closer 
to Shafer's (1976) belief functions than to 
probabilities. We find no powerful theoretical 
reason for preferring anyone of these normal 
form measures to the others, and any of them 
will, unlike Hempel's theory of confirmation, 
permit partial instances to give some weight to 
hypotheses. 

It is not practical actually to determine 
conjunctive normal forms of developments of 
hypotheses, and the Partial Instances Program we 
have implemented is only a crude approximation to 
any of the measures described above. The program 
distributes negations so as to give them the 
smallest scope or cancel them, and it distributes 
conjunction over disjunction, but it does not 
convert a formula such as (p v q) & (-p v r) into 
the equivalent but shorter (q v r). Because of 
the scoring procedure, the Partial Instances 

'Program, unlike the Hempel Program in all but the 
worst case, must typically search the entire 
development. Computation times are therefore 
significantly longer. The same sampling strategy 
is used in the Partial Instances program as is 
used in Hempel. The scoring procedure 
approximates the normal form measures by 
requiring that the confirmation of a disjunction 
is the confirmation of the best confirmed 
disjunct, by requiring that the confirmation of a 
conjunction is in the simplest case the ratio of 
confirmed conjuncts to unconfirmed conjuncts, and 
by working recursively on the logical structure 
of the development of the hypothesis to be 
tested. More exactly, the scoring procedure of 
the Partial Instances Program is as follows: a 
leaf (an atomic sentence or its negation) is 
scored (1,1) if it is among the conjuncts of the 
evidence sentence, - if its negation is among the 
conjuncts of the evidence sentence, and (0,1) 
otherwise; a conjunctive node is given the vector 
sum of the score of its daughter nodes provided 
none of the latter are scored -, and is given the 
score - otherwise; a disjunctive node is given 
the scorex/y if xly is the maximum ratio of the 
components of the scores of daughter nodes, 
provided some daughter node has a value other 
than -, and is given the score - otherwise. A 

score - at the root indicates that the hypothesis 
has been disc on firmed in Hempel's sense, i.e., 
that its r-egation has been confirmed to degree 1. 

When the Partial Instances Program is given 
the evidence sentence consisting of all conjuncts 
Pajai with i,j = 1,2,3,4,5,6,7, and i < j, the 
hypo~hesis VxVyVz (Pxy & Pyz) -- Pxz) is given 
degree of confirmation 5/12 with m = 7 in 6.4 
seconds. The price of avoiding the computation of 
normal forms is that the program gives different 
degrees of confirmation to logically equivalent 
hypotheses, on the same evidence. We believe that 
this incoherence will prove harmless so long as 
hypotheses are generated for testing in a standard 
form. No loss in the possible expressive power of 
conclusions generated by a machine learning system 
is entailed by restrictions on logical form, if 
every hypothesis is logically equivalent to an 
hypothesiS of the form permitted. We are at work 
on an hypothesis generator which will consider in 
order of simplicity open formulas that are 
instantiated at least once by any model of the 
evidence sentence. For each open sentence, the 
sentences in prenex form that can be obtained from 
it by prefixing quantifiers will be tested, one by 
one. Control of acceptance of hypotheses and 
cessation of generation and testing will be 
governed by a combined index of degree of 
confirmation and explanatory power, where the 
latter will be based on a computational 
approximation of a measure developed by Hempel and 
Oppenheim (1965b). 
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ABSTRACT 

This piper describes LP, a program that learns 
new techniques for solving equations by examining 
worked examples. Unlike most of the work in this 
field, where the equations used have been very 
simple, LP uses equations of A level standard. (A 
levels are exams taken 
universi ty selection.) 

In order to be able 
technique, LP learns 
information. At the 

at 18, and are used for 

to successfully use a new 
many different types of 

lowest level, LP compires 
consecutive lines in the worked example, finding 
differences between them. This allows the 
program to learn new rewrite rules. 

LP also tries to discover the strategic 
purpose of each step, expressed in terms of 
satisfying preconditions of following steps. 
From this viewpoint, the worked example can also 
be considered as a type of plan for solving the 
equation. LP extracts the necessary information, 
and builds a plan which is stored for future use. 
LP executes the plan in a flexible way to solve 
new equations. 

Key ~: Learning, learning by example, 
strategy learning, equation solving, planning, 
meta-level inference, PROLOG. 

I. IJI'l'RODUC'fIOJ 

This piper describes LP, a program which 
learns new techniques for solving symbolic 
equations. LP learns the new techniques by 
examining worked examples. These techniques can 
then be tested on some new problems. LP is built 
around the equation solving program PRESS, [Bundy 
and Welham 81, Sterling et al. 82], and is 
intended to be part of a self-improving algebra 
system, [B~dy and Sterling 81 J. 

The equations used by LP are symbolic, 
transcendental, non-differential equations, e.g. 

9NW, U.K. 

1.1. Motivation 

The motivation for LP arose from our equation 
solving program PRESS, [llundy and Welham 
81, Sterling et al 82]. This is a non-learning 
program, the only way to increase the ability of 
PRESS is to write new code. We have a test set 
of equations, and each version of PRESS is 
primarily judged by how many of these equations 
it can solve. Over several years, new equation 
solving methods have been added to PRESS, and its 
performance has markedly increased. However, 
coding and debugging the new methods can be 
tedious, and we set ourselves the goal of 
building a program which could learn new methods 
automatically. 

Other workers have deal t wi th learning 
equation solving methods, but our interests are 
somewhat different. 

Most of the other work in this field, e.g. 
[Brazdil 78, leves 78, Cotton et al 81, Langley 

82], have concentrated on very simple equations, 
such as 

2.x + ;; • 5. 

The machine learning communi ty have 
undoubtedly found such work interesting. It has 
been demonstrated that 
learn to solve equations, 
little knowledge. Also, 
prove interesting 
perticularly the programs 
childrens' errors. 

computer programs can 
building up from very 

eome of this work may 
to educationalists, 
that attempt to model 

However, not only beginners learn. so do 
experts and people in between these two extremes. 
We required a learning program wi th abilities 
nearer the expert end of the spectrum. While it 
would be nice for the program to build up to 
expert performance f~om a besinners knowledge, we 
felt that such an approach would be impractical. 
A more realistic goal is to build a program that 
starts with abilities around the "fairly good" 
mark, and learns to the standard of "very good". 

LP is able to learn a new method by examining 
a worked example which uses the new technique. 
We feel that a single example should be 
sufficient. As Jleves points out in [Jleves 78], 
many textbooks present juat one worked example 
before proceeding to the exercises. 
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This consideration rules out Dlany concept­
learning methods, e.g. [Winston 75. Mitchell et 
al 81, Young et al 77J, as these progrsms 
generally need to process several instances 
before a concept is learned. 

1.2. Worked Examples 

A worked exsmple should contain enough detail 
so that the reader (either a human or a progrsm) 
can understand the technique being demonstrated, 
but there should not so much detail that the 
important points are swamped. 

We now give a typical instance of the type of 
worked example used by LP: 

cos(x) + 2.cos(2.x) + cos(3.x) o (i) 

2.cos(2.x).cos(x) + 2.cos(2.x) '" 0 (ii) 

2.cos(2.x).(cos(x) + 1) o (iii) 

cos(2.x)= 0 or cos(x) + 1 o 

cos(2.x) '" 0 

x '" 180.n1 + 90 

cos(x) + 1 o 

cos( x) -1 

x'" 180.(2.n2 + 1) 

The key step in this worked example is the 
transformation from equation (i) to equa tion 
(ii) • 

II. THE METHODS or LP 

In this section we describe the basic 
operators of LP, called methods. These are 
modified PRESS methods. 

Equations are solved by applying methods, 
which in turn may apply rewrite rules. An 
example of a method is Collection. which applies 
to equations containing more than one occurrence 
of the unknown. Collection reduces the number of 
occurrences of the unknown.- Collection is used 
in the worked example above to obtain line 
(iii) from line (ii). This step uses the 
Collection rule 

U.v + U.W => U.(V + W). 

Two other methods that will be referred to 
later are ll'actorization and Change of UnlmoWD.. 
Fac toriza. tion transforms equa tions of the form 

-If the number can be reduced to one, another 
method, Isolation, can be applied to solve the 
equation. 

into 

and solves each factor separately. 

The Change of Unknown method transforms 
equations of the form 

f(g(x» = 0, 

where g occurs at least twice in f, into 

fey) = 0, (iv) 

where 

y = g( x) • 

The equation (iv) is called the changed variable 
equation. If it is solved, producing the answer 
y '" a, say, then solving the equation 

g(x) '" a (v) 

solves the original equation. Equation (v) is 
called the substitution equation. 

A method consists of a set of rules applicable 
to that method, and some information telling when 
and hOw the rules should be applied. For the 
case of rule-learning, in [Bundy & Silver 82J. we 
call this control information. The control 
information includes preconditions, fac ts which 
must be true before the method can be applied, 
and postconditions which must be true after the 
application of the method. The postconditions 
are used both to ensure that the method has 
achieved the desired effec ts, and to allow 
planning. 

Many learning programs work in domains where 
the basic operators are similar to those of 
STRIPS. The operators of STRIPS, [Fikes et al 
72], have preconditions, an add list which 
contains the facts that the operator makes true, 
and the delete list which contains the facts that 
are no longer true after the application of the 
operator. If the preconditions are satisfied the 
operator can be applied. 

In contrast, LP methods do not have this 
desirable property. The precond i tions of a 
method represent necessary. but not sufficient 
conditions. In general, a method is not certain 
to succeed, even if the preconditions are 
applicable. This is because the preconditions 
are too general, but we can not give stronger 
preconditions that do not involve actually 
applying the method to test if it is applicable! 
It Beems that this might be a problem in many 
domains. 

http:180.(2.n2
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Similarly. the effects of a method are hard to 
classify. The postconditions are used to specify 
what should be true after a method has been 
applied in the desired way. but there is no 
guarantee that the method will produce these 
effects. It is also difficult to say which facts 
will no longer be true. 

2.1. What.!!~.!£~ 

In order to learn a "new technique". LP may 
need to learn at several levels. At the lowest 
level. it may need to learn new algebraic 
identi ties. These will be used as rewrite rules. 
We are not particularly concerned with this low 
level task. 

At the next level up, LP needs to learn new 
operators. i.e. methods. This will involve 
learning the control information for the method, 
snd associating with it some rewrite rulea. 
These rewrite rules may be new or old rules. The 
control information does not depend on which 
equation is being used. 

However. LP needs also to learn the meta­
control information, which controls the order in 
which methods are used. This information is 
recorded in a plan, called a sch_a. The schema 
records how the equation is solved, and can be 
used to solve new equations. The plans may be 
equation dependent. For example, the plan aay 
record that the solution involved applying method 
M followed by method B. In the general case 
however, even if method M can be applied, it may 
not be the case that method Ii will then be 
applicable. 

III. LBARBIIG PRall EIAIIPLI!IS 

LP learns by examining worked examples. LP is 
given a worked example that shows hoy a 
particular equstion is solved. We will call this 
equation the generating equation. 

3.1. step Justification 

The first task for LP is to discover hoy each 
line in the worked ex_ple is transformed into 
the next. We call this step Justification. To 
do this, it examines consecutive pairs of lines, 
trying to find the method that transforms each 
line to the next. 

Suppose that LP is working on thE! step from a 
line p to the next line, called q. LP first tries 
to see if an existing aethod can account for the 
step. To do this, LP computes the characteriatic 
tuple, henceforth CT, for each of the lines p and 
q. 

The CT is a tuple of meta-level 
characteristics of the equation, consisting of 
facts such as the number of occurrences of the 
unknown, the type of function symbols occurring 
111 the equationa, e.g. trigonometric. wbether 
the equation ia a aingle equation or a 

disjunction etc. For example, the CT of 

cos(x) + 2.cos(2.x) + cos(3.x) • 0 

is 

(occ(multiple,3), trig, eq, functor(+,2)], 

meaning that there are multiple occurrences of 
the unknown, 3 in all. The expression is 
trigonometric, it is an equation (rather than a 
disjunction). and the dominating functor on the 
Lhs is "+" of sri ty 2. 

LP then looke for a method that can transform 
the CT of p into the CT of q.* Use of the CT to 
constrain search is an example of the technique 
of aeta-level inference that is used extensively 
in the FRESS, DlFRESS ( [Bundy and Sterling 81 ]) • 
and LP projects. 

If it finds a method, it attempts to use it to 
transform pinto q (a method may not apply even 
if its CT and other control information indicate 
that it is sui table) • If the method is 
successful, LP records that the step from p to q 
was performed by that method, and proceeds to the 
step from q to the next line. Otherwise, it 
tries to find another possible method. If no 
more possible methods can be found, LP 
conJectures a rewrite rule that would explain the 
step. 

The rewrite rule is obtained by removing 
cOUlon terms.· from p and q and e'l,ua ting the 
re.aining terms. Beves, (Iieves 78J, uses a 
similar technique. For example, consider the 
lines (1) and (ii) in the worked example shown in 
section 1.2. Both lines contain the additive 
term 2.cos(2.x) and the right hand side of both 
is O. Deleting these and equating the remainder 
produces the conjecture 

cos(x) + cos(3.x) ·2.cos(2.x).cos(x). 

LP asks the user if the conjecture is correct, 
and if it is, the user is asked to provide the 
general rul e. In this case, the user gives LP 
the rule 

cos(A) + cos(B) -> 

2.cos«1 + B)/2).cos«1 - B)/2». 


lIThis information is part of the control 
information of the methods. 

**I,P uses its· knowledge of properties of 
functions to decide wether terms are cOUlon or 
not. For example. 1 can be deleted from the 
equations 1 + B • C and D + A • C, to produce the 
conJecture B - D. However, A can not be deleted 
from the pair 10gAB - C and log~ - C, aa the two 
arguments of the logarithmic function do not 
cOUlute. 



102 

If the rewrite rule has the same characteristics 
as an existing rule set*, the new rule is added 
to that set, otherwise LP puts it in a special 
set of miscellaneous rules. 

Given that LP is learning from one trial, 
there seems to be no easy way for the program to 
correctly generalize rules of this 
sophistication. Unlike Neves, [Neves 78J, it is 
no longer sufficient just to replace numbers wi th 
variables. However, we do not worry about this 
problem. As mentioned above, we are not 
particularly interersted in the learning of 
rules, we are more concerned with the learning of 
methods and schemas. 

;.2. Creating ~ Methods 

Once every step has been processed, LP 
examines its analysis to see if any new methods 
need to be created. New methods are created to 
explain the application of new rules. Suppose a 
new rule R is applied at line i, to produce line 
i + 1. LP first finds the preconditions, P, of 
the method M applied at line i + 1, to give-line 
i + 2. It then finds which of the members of P 
are satisfied at line i. Call these preconditions 
S. The set difference P \ S is the set of 
preconditions not satisfIed at line i, but 
satisfied at i + 1, call this set ~.** 

If U is non-empty, LP assumes that the purpose 
of spplying R ia to setisfy U so that II can be 
applied. The set U is called the major effects 
of the rule. ­

If LP finds that all the preconditions of II 
were satisfied, i.e. U is empty, it looks for 
another explanation. one possibility is that the 
rule is used to manipulate the equation so that II 
can be applied, although no new preconditions are 
satisfied. This kind of behaviour occurs because 
the methods are not STRIPS type operators (ses 
section II). 

The above analysis is performed for each 
application of a new rule in the worked example, 
causing LP to create a new method. This method 
applies the rule and then method II. The 
preconditions of the method are S, plus any 
preconditions of rule. The postcondrtions of the 
method are those of M. 

~.;. .!h! .Division of .!!!!.!2!!!!! Example 

The next step involves dividing the worked 
examples into sections. This allows LP to 

*the rules for each method have certain 
characteristics, e.g. Collection rules reduce the 
number of occurrences of the unknown. 

**U must be satisfied at i + 1 or II could not 
be applied. 

construct new macros and schemas. The first step 
is to give the worked example a type. At 
present, LP has three types. 

If the worked example contains an application 
of Change of Unlmown (see section II) type is 
chunk, otherwise, if it contains a Factorization 
step its type is factor. If neither of these 
steps occur, the type is normal. 

The worked example can now be divided into 
sections. If the example has type chunk, it is 
divided into three sections. The first section 
contains the steps leading up to the Change of 
Unlmown step, the second section contains the 
steps that solve the changed variable equation, 
the final section contains the steps involved in 
the solution of the substitution equation. 

If the example has type factor, and the 
Factorization step produces n factors, the 
example will contain n + 1 sections. The first 
section contains the steps leading up to the 
application of Factorization. '!'he remaining 
sections each contain the steps involved in 
solving one factor. 

If the example has type normal, all the steps 
go into a single section. 

;.3.1. Macro Formation 

Each section consists of a sequence of steps. 
LP now creates a macro operator from the 
sequence. '!'he process is similar to that for 
creating new methods, except that the purpose of 
the sequence can be described differently. '!'hus 
macros produced from the first section of a 
factor type example are marked as being useful 
for transforming an equation to a state where 
Factorization can be applied. The preconditions 
of the macro are the preconditions of the first 
method in the sequence, and the postconditions 
are the postconditions of the last method in the 
sequence, plus preconditions derived from the 
macros purpose. For example, a macro useful for 
Factorization would have the extra postcondition 
that the resulting equation is of the form 

so that Factorization.£!!!. be applied. 

The new macros are like KACROPS in STRIl'S, 
[Fikes et al 72]. They have a similar status to 

normal methods, and LP can detect the use of a 
new method in a worked example. Macros are 
executed in the obvious way, each method in the 
sequence is executed in tUrn. If one of the 
methods fails, the macro fails. 

3.3.2. Schema Formation 

Now most of the work has been done, and the 
schema can be created easily. The schema 
contains four main parts. These are 
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-the generating equation, 

-the unknown, 

-the type of the worked example, 

-and the body of the schema. 

The body is a list consisting of all the methods 
used in the worked exsple. Each step is tagged 
with the conditions that it is used to satisfy, 
i.e. the major effects, plus any conditions that 
must also be maintained. The steps are divided 
into the divisions that were found above. 

The schema is uaed to solve new equations. 

iv. SOLVING BBJ EQUATIOBS 

When LP is given an equation it first tries to 
find a schema that seems to be relevant. A 
schema is relevant if the equation that produced 
it has the sse CT as the current equation. If 
one is found, LP tries to apply the steps listed 
in the schema. We first discuss the case where 
the schema is unsectioned, i.e. the worked 
exsple was of type nomal. 

Suppose that the current line in the schema 
suggests the application of method H. LP uses the 
following procedure: 

1. 	Try to apply" method H. If this succeeds, 
continue with the next step in the schema. 

2. 	Otherwise, try to find another method that 
has the same major effects as H, and apply 
it. If this succeeds, continue With the 
next line in the schema. 

,. 	If the two steps above both fail, try to 
find a method that does not undo already 
satisfied conditions, and apply it. If 
this succeeds, go to 1. 

4. 	 If none of the abov;e steps have succeeded, 
and if H has no major effects, omit the 
step entirely, and proceed with the next 
schema step. 

If none of these attempts are successful, LP 
tries to solve the equation without the schema, 
in a similar way to PRESS. 

If the schema is divided, i.e. the worked 
exemple was not of type nomal, there is one 
addition to the above account. Each division in 
the schema has a purpose. For exemple, the first 
section of a factor type schema consists of the 
steps that transfom the equation so that 
Factorization can be applied. At each step LP 
checks for fortui toua circumstances. For 
exsple, if LP is executing the first section of 
a factor type schema, it checks to see if the 
Factorization can be applied to the current 
equation. If it can, LP assumes that the purpose 
of the section has been achieved, and ignores the 
remaining steps in the section. It then proceeds 

to 	the next section. 

The schema acts as a simple plan that can be 
exscuted in a flexible way. 

4.1. LearniPB ~ Doing 

leves, [Reves 78], has written a progrs ALEX 
that also learns by exs1ning worksd exemples. 
He calls this approach learning by ex_ple. ALEX 
can also learn during the equation solviDi stage, 
using the learning by doing technique. We have 
found it preferable to centralize the learning 
process. New schemas, macros, methods and rules 
are fomed only when LP is analyzing a worked 
example. Howaver, when LP solves an equation it 
produces a trace of the solution psth. This 
trace is juat a list of the equations produced 
during the solution process and can be used as a 
worked example. In this way LP can produce new 
macros and schemas to help it solve future 
problems. 

4.2. Generating New Problems 

Like LEX, [Hi tchell et al 81, Hi tchell et al 
82], LP is able to create new problems for it to 
solve. After LP has completed its exemination of 
the worked exemple, it produces a set of 
equations that differ in only one feature from 
the generating equation. The simplest change ie 
the replacing of one numerical coefficient by 
another. Another consists of replacing a 
function by a sibling function, e.g. replacing 
sin by cos. The problem generator allows LP to 
test the appl1cabil1ty of the schema. At 
present, LP simply notes if the schema allowed it 
to solve the test problem or not. A future 
version could incorporate a concept-learning 
mschanillll that would enable modification of the 
schema. 

V. RESULTS 

LP has learned several new techniques from 
worked ex_ples. One resul t is that LP has been 
able to solve difficult equations after examining 
much easier exemples. For instance, after LP has 
been given 'IIOrked ex_ples for the equations 

sin(x) + sin(2.x) • 0, 

sin(4.x) • cos(2.x), and 

cos(x) + cos(3.x) • 0 	 (vi) 

it 	is able to solve 

sin(2.x) + sin(;.x) + sin(S.x) • O. (vii) 

In the second equation the coefficient of x in 
the sin term* must be twice that in the cos tem, 

*The number 4 in our ex_ple. 
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but is otherwise arbitrary. In. the first and 
third equations there are no restrictions on the 
choice of coefficients. The worked examples for 
the first three equations contain 7 or 8 lines. 
The solution for equation (vii) contains 14 major 
steps, and includes a variant of equation (vi) as 
a subproblem. 

VI. CONCLUSIONS 

In this paper we have described LP, a program 
that learns equation-solving techniques from 
worked examples. LP uses concepts from planning, 
analyzing strategic information in terms of 
satisfying preconditions. 

This approach seems to be applicable to other 
domains. Symbolic integration seems to be an 
obvious choice. LEX, [Mi tchell et al 
81, Mitchell et al 82J learns heuristics for 
symbolic integration. LEX solves integrals by 
applying a sequence of operators. Each operator 
transforms the integral into another (hopefully) 
simpler one. This process is very similar to 
equation solving. It appears that LP could 
easily be adapted to learn how to perform 
symbolic integration, although at present this 
idea has not been tested. LEX refines 
heuristiCS, using several examples, whereas LP 
learns strategies from one example. Thus the two 
approaches are somewhat complementary. 

Using concepts from planning, the technique of 
learning from examples seems to work well in the 
algebra domain, even when the equations are much 
harder than those considered by earlier workers, 

[Cotton et al 81, Neves 78J. 
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ABSTRACT 

We approach concept learning as a heur istic 
search through a space of concepts for a concept 
that satisfies the learning task at hand. The 
heuristics represent bias that the concept 
learning program employs when forming an 
inductive generalization. We present a model of 
bias adjustment and report our experience with 
an implementation of the model. 

Key Terms: Inductive concept learning, 
heuristic, bias, candidate elimination, 
description language, assimilation, constraint 
back-propagation. 

I. ROLE OF BIAS 

A major objective in research on inductive 
concept learning is creation of a program that 
can accept training data, apply knowledge, and 
form inductive hypotheses of the concept, all 
without human intervention. The learning 
program searches a space of hypotheses for those 
that are consistent with the observed examples, 
and which classify the unobserved instances as 
indicated by heuristics. The heuristics, which 
we call bias, determine the inductive 
generalizations that the program will form, 
given some set of training examples. The 
initial bias may be appropriate for one learning 
task, yet inappropriate for another. 

We see two basic approaches to using 
heuristics for inductive concept learning by 
example. The first approach is to use a 
relatively large space of hypotheses, and to 
employ bias to influence how the space is 
searched. An example of this approach is 
Michalski's STAR methodology IMichalski 831. 
Michalski defines a large hypothesis s.pace via 
a comprehensive description language. The 
program uses bias provided by hand to determine 
whether one consistent hypothesis is to be 

• This work was supported by National Science 
Foundation Grant GHCS80-08889, Rutgers 
University Laboratory for Computer Science 
Research, and Sielllens Research and Technology 
Laboratories. 

preferred to another. Often, the bias is 
specified as a meta-statement about 
descriptions, e.g. preference for a simpler 
description. The second approach is to use a 
relatively small space of hypotheses, and to 
employ no bias in searching the space of 
hypotheses for consistent descriptions. An 
example of this approach is Mitchell's Candidate' 
Elimination Algorithm IMitchell 771. His 
algorithm uses a restricted space of hypotheses 
to limit those that the program can consider. 
The program prunes every hypothesis that has 
been refuted by a training instance. 

Whichever approach is adopted, the colllllOn 
fundamantal problem is to obtain and use bias so 
that the learning program guesses the 
claSSification of unobserved instances on the 
basis of appropriate heuristics rather than 
simple chance. In most research to date, the 
search for bias is done by hand. A particular 
bias is encoded, the program is tested, 
performance noted, new bias formulated, and the 
cycle repeated until acceptable performance is 
achieved. 

Automation of the search for appropriate bias 
is a major problem to be solved. Vere' s 
counterfactual technique [Vere 80} uses a biased 
hypothesis space, and an unbiased search. When 
no consistent description can be found, the set 
difference operator is then employed to 
construct a new description using those that are 
already in the space. For example, a new 
description C can be defined as equal to A-B, 
where A and B are existing descriptions. The 
new description C is then added to the space of 
hypotheses that can be searched by the program. 

Lenat's EURISKO (Lenat 831 addresses the same 
problem. The goal of EURISKO is not only to 
discover interesting concepts, but also to learn 
heuristics, or bias, that will lead a program to 
discover interesting concepts. Unlike Lenat' s 
AM, EURISKO alters the bias that drives the 
discovery procedure. 

II. AN APPROACH TO ADJUSTING BIAS 

We represent bias as a restricted search 
space of concepts that we call the concept 
description language. We use "language" in a formal 
sensei a set of legal sentences in some given 
formalism • 

•• Current address is Sielllens Research and 
Technology Laboratories, 105 College Road East, 
Princeton, New Jersey 085_0. 
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As shown in figure 1, we use Mitchell's 
Candidate Elimination Algorithm IMitchell 771 to 
maintain the set of all concept descriptions in 
the concept description language that are 
consist,ent with the training instances. That 
set is called a lwrsiun space. When the trainer 
supplies a positive instance, all concept 
descriptions that exclude the instance are 
refuted and removed from the version space. 
Similarly, when the trainer supplies a negative 
instance, all concept descriptions that include 
the instance are refuted and removed from the 
version space. 

Training [(""" [V""o' Sp"" 
Imltance not Empty 

Candidate 
Elimination 

Version Space Version Space 
Empty Reinitialiwd 

Heuristics 

Figure 1 Learning Element 

Figure 2 shows the relationship of the 
version space, the conoept description language, 
and the formalism for the concept desoription 

'language. As the version space shrinks, the 
complementary set of refuted hypotheses grows. 
If the version space beoomes empty, then all 
desoriptions in the concept description language 
have been refuted. A refuted conoept 
desoription language indicates a refuted bias. 
and is sufficient justification for adjusting 
the bias. We do not yet know stronger 
justifications. The role of bias adjustment is 
to enlarge the concept description language so 
that the version space becomes non-empty and 
search can continue. It may be that certain 

'concepts are not describable within a particular 
formalism. If so, shift to a more appropriate 
formalism may be necessary. 

We approach bias adjustment as a three step 
process: 

1. 	Determine a membership 
speoification for the new conoept. 

2. 	Translate the membership 
speCification into a description 
that uses the formalism of the 
ooncept desoription language. 

3. 	Assimilate the new oonoept 
desoription into the hierarohy of 
the concept description language. 

Concepts Describable 
in Formalism 

Concept Description 
Language 

I':nlargclncnt 
via Bias 

Figure 2 - Model of Biu:; 

A membership speci/icalion is itself a concept 
description, but is expressed in an unbiased 
language so that the heuristics for determining 
the specification are not compromised by what is 
expressible. If the membership specification is 
expressed in an alternate formalism then we 
require the ability to translate the membership 
specification into a concept description in the 
formalism of the concept descript10n language. 
The translation step may require creation of new 
descriptive terms that correspond to membership 
specifications that are not describable in the 
current concept description language. A new 
concept must then be assimilated into the 
concept description language. As,~imilalion is the 
process of inserting a new concept description 
into the hierarchy of descriptions in the 
concept description language. Assimilation is 
necessary so that we can use the match predicate 
to evaluate whether one conoept is more specifio 
or equal to another. 

II1. AN EXAMPLE 

We have implemented a program that models 
bias adjustment as part of the LEX program 
[Mi tchell 831. LEX is a concept learning program 
that learns heuristics that suggest whether a 
given operator should be applied to a given 
problem state. For each operator there is a 
heuristic that is represented as the concept 
"set of states to which this operator should be 
applied." 

LEX currently learns heuristics in the domain 
of integral caloulus. The program is initially 
given a set of problem-solving operators. Each 
operator has a domain of applioability, a 
rewrite rule, and a range of producible states. 
For each operator, the legal domain of 
applicability describes states to which the 
operator ~ be applied. For each operator, the 
heuristio domain of applicability describes 
states to whioh the operator should be applied. 

LEX solves a problem by producing a state 
that oontains no integral. The solution tree is 
then critioized. Each operator applioation 
along the minimum solution path is labelled as a 
positive instance showing a state to whioh the 
given operator should be applied. Eaoh operator 
application that leads away from the minimum 
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solution path is labelled as a negative instance 
showing a state to which the given operator 
should not be applied. 'lbe training instances 
are then used to update the heuristics being 
learned for the operators. For each operator, 
Mitchell's Candidate Elimination Algorithm is 
used to maintain a version space of all 
candidate versions of the heuristic that have 
not yet been refuted. If a version space 
becomes empty, then the bias adjustment module 
is invoked. 

3.1. A Heuristic for Membership 

Deciding the membership of a new concept is 
the essence of induction. Which instances 
should be included, and which should be 
excluded? We employ a heuristic: 

'!be domain of an operator sequence that 
leads to a solution shOUld be describable 
in the concept description language. 

We choose this heuristic because of our a priori 
knowledge that the operator heuristic we hope to 
learn will be the disjunction of all useful 
sequences that start with that operator. To 
describe the diSjunction, we can start by being 
able to describe the disjuncts. To compute a 
speCification of the domain of an operator 
sequence that produces a state in a given range, 
in this case the set of solved problelll8, we 
apply a deduction procedure that we call 
constraint back-propagation. 

Constraint back~propagation is a procedure 
for deducing the domain of a macrooperator that 
produces some constrained range of states. 
Consider an operator sequence of length 1 that 
uses operator OPi, as shown in Figure 3. If we 
constrain the range of the 0Pi to some set of 
states Rr;;;Range(Op{), and then apply the inverse 
operator OP- 1i to R, then we deduce a 
constrained set Dr;;; Domain(OPi ) such that 
0Pi (D) =R. For example. an operator r-+(r·21 has 
the set of real numbers as its domain and also 
as its range. If the domain is constrained to 
the set of integers. then the range is 
constrained to the set of even integers. 

Figure 3 - Constraint Propagation 

If we know that 0Pi can produce a state that 
is a solved problem, we can compute Op­
'i(Intersect(SolvedProblems, Range(OPi») to 
deduce a constrained set D. D is then the set 
of states to which application of Opi will 
produce a solved problem. For operator 
sequences of length greater than 1, the 
deduction step is simply applied sequentially to 
the result of the previous deduction. 

3.2. A Translation Method 

A nested expression of intersections and 
inverse-operator applications, as shown above, 
is a specification of concept membership, but is 
not useful as a concept description because 
operator applications are required to evaluate 
whether an instance matches the description. 
'lbe nested expression must be translated from a 
membership specification into a concept 
description that uses the formalism of the 
concept description language. Our translation 
method is to evaluate the membership 
specification. To let this work, we have 
defined a description of the set of solved 
problems, an Intersection function, and inverse 
operator definitions. New concepts are created 
and assimilated during evaluation of the 
membership specification. 

When an operator only restructures a state 
via a simple rewrite rule, e.g. a·b-+b·a. 
creation of new concepts is not required because 
the range of the operator is expressible by a 
description in the concept description language. 
When an operator requires a computation. e.g. 
multiplication by 2, the range may be 
describable in the operator language, but not 
the concept description language. For example, 
consider an operator r-+lr·2\. The [r·2\ indicates 
that, as part of applying the operator, the 
bound value of r should be multiplied by 2, and 
the result used in the rewritten state. If an 
operator is to be applied to a set of states, as 
with constraint back-propagation. then correct 
specification of the operator's domain and range 
becomes very important. Application of r-+\r·2\ 
to the set of integers k produces a description 
Ik·2). 'Ibis is a deSCription in the operator 
language, but not the concept descr iption 
language. 

OUr method of translating a description 
implied by a computation y=f(x) to a term in the 
concept description language is to first create 
adefinition {y1(A(y)(_tch f-'(y) x»} and then 
search for a term with the same definition. If 
a term with that definition is not found, then a 
new term is created and defined as per the 
constructed definition. For example, the 
definition that corresponds to [k·2J is 
{y1(A(y)(_teIl yl2 'k»}, which we could associate 
with a new term "even integer." 

3.3. An ASSimilation Method 

OUr present method is imprecise. In general,
if we are to assimilate Z={yI(A(yH_tcb f-l(y) 
x»}, then we make z a specialization of y. 'Ibis 
method is correct only in the sense that no 
false _tell relation is asserted. For example, 
our method may assert that "even integers" is a 
specialization of "real numbers", but fail to 
assert that "even integers" is also· a 
specialization of "integers". At the same time, 
the method does indicate y as a most general 
bound on where z should be assimilated. If the 
set of possible assimilations is small, we would 
expect that a mechanical procedure could prune 
these by empirical refutation, but we have not 
pursued this. Below we show an example of 
deducing the correct assimilation. 



We present three experiments with the 
implementation. Several problems came to light. 

3.4.1. Experiment 11 

As in IUtgoff 821, LEX found a solution for 
fcos7(x)·dx similar to that shown in Figure 4. 
LEX was then given fcos5(x)·dx, for which the 
same solution sequence, and fcos6(x)·dx for which 
the same solution sequence did not work because 
the polynomial in the integrand was not an 
integer. Because the concept description 
language did not contain a description that 
included fcos7(x)·dx and fcos5(x)·dx and excluded 
fcos6(x)·dx, the heuristic for 0p51 could not be 
described. Bias adjustment was invoked, and 
constraint back-propagation was expected to 
proceed as shown in Figure 1./. The 
implementation was successful for the last three 
propagation steps through Op- 152, Op- 150, and 
Op- 151. Back-propagation through Op- 113 failed 
because our formalism, a modified context-free 
granunar, does not permit specifying that 
whatever matches f' be the derivative of 
whatever matches f.* This example shows that 
the formalism of the concept description 
language also implies bias. The ability to 
identify the bias that is associated with a 
given formalism is an important open problem. 

. f cos7(xj·dx : f cO~(ldd( x j·clx 

:l···.~~~·;·:········::·· Nx)_~··I(x)·fix) ·····:~·~:;·5;···.·.r. 

. fcos6(x)·cos(x)·dx 

P-( x) -( fl(xI )r/2,'1 Op50: :OP'150.r,' 

: f(cos2(x»3·cos(x)·dx . f(Ct)!;2(x))k·cm;(x)·dx 

;.l··()~52.: COS2(X)_I_sin2(~)""""""" :'~~:';~;":J: 
f( l-sin2(x»3·cos(x)·dx fpolyk(f!xl){'(x)'dx 

~·r~.~.~·i:.fP~I~(~xn'f'(X):dX-f poly(~j)'du: ~... nX):()~:I·I·3.:t:: 
: f(l-u2)3-du, u=sin(x)': . fpolykluJ·du. u fix) • ...".... .... ..................... .... .......... ........ . .. . 

multiply polynomial fadol' polynomial 

I<'igure 4 - Solution and propagation for f('os7( xl·dx 

Back-propagation of the set of integers k 
through the exponent in Op-l50 caused a new 
description (xl(>'(x}(_tch x/2 'k»} to be 
constructed; the set of even integers. Because 
the operator could divide any real exponent by 
2, the constructed set description was 
assimilated as a specialization of the set of 
real numbers. It would have been better to 

* The constraint that f' be the derivative of f 
is encoded as a test within the operator 
definition, not within the domain description 
itself. 
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assimilate the set of even integers as a 
speCialization of the set of integers. Precise 
assimilation could have been determined with the 
following reasoning: An alternate equivalent 
definition of even integers is 
{yl(3xEIntegersly=2·x)}. Because x and 2 are 
integers, and because we know that integers are 
closed under multiplication, we prove that every 
y is also an integer. The critical piece of 
knowledge for the proof is that integers are 
closed under multiplication. We have not 

. implemented a mechanism for executing such 
proofs. Proposing and then proving subset 
relationships is an open problem of great 
interest. The backward constraint propagation 
method is useful for deducing which conjectures 
are worth proving. 

3.4.2. Experiment 12 

In this experiment, the set of real numbers 
"rfl was to be back-propagated through Op22 as 
shown in Figure 5. The result of the back­
propagation step was r4·(r3/r4). Because this 
set was describable by an existing set 
description, it was not necessary to add any new 
descriptions to the search space. 

: 5·6 ~ . r4·(r:11r4) 

J··.:'.oP22: rl·r2.... [rl·r21 :OP'122:1 

; 30 : : ra 

Figure 5 - Evaluating Product with Op22 

Nevertheless, the back-propagation failed 
because the deduced set r4-( r3/r4) did not 

. satisfy a safety check requiring that a deduced 
set, in this case r4·(r3/r4), match the state 
that occurred in the original solution sequence, 
in this case 5-6. Although r4 matched 5, r3/r4 
did not match 6. The concept description 
language did not include knowledge that r3/r4 is 
equivalent to the set of rational numbers, and 
that 6 is an instance of a rational number. The 
inverse operator had inserted an implicit 
computationj division. 

A problem fx2·dx was given to LEX, and was 
solved by Op2 as shown in Figure 6. Other 
instances were also provided that caused the 
bias adjustment module to be invoked. The 
program needed to back-propagate the set of real 
numbers fir" through the exponent in Op- 12. The 
code created a description {XI(.I.(x)(match x+1 
'r)}}, and assimilated it as a specialization of 
r. This produced a descr iption with infinite 
recursion of the form "x is a real number if x+1 
is a real number". If the program could have 
applied knowledge that the real numbers are 
closed under addi tion. in this case by 1. then 
it would have proven that adding 1 to an x will 
not alter whether that x is a real number. 



109 

REFERENCES 
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Figure 6 - Solution and propagation for fx 2·dx 

It is important to consider not only where, 
but whether to assimilate a new description. To 
circumvent superfluous descriptions, we added an 
ad hoc procedure for computing closures; if the 
description Dnew is intended to be a 
specialization of an existing description Dold, 
but Dnew is more general or equal to Dold, then 
Dnew is superfluous. 

IV. SUMMARY 

We suggested that heuristics used for 
induction should be found by the learning 
program itself, not by hand. We presented a 
model of a concept learning program that adjusts 
its own bias, thereby altering the inductive 
generalizations it will make. We implemented an 
example of the model by adding a bias adjustment 
module to the existing LEX concept learning 
program. Experience with the implementation 
uncovered examples where the formalism of the 
concept description language was weak, or 
additional knowledge was needed to determine 
whether or where to assimilate a newly 
constructed description. Where these probleJ118 
were not a factor, the program was able to 
automatically adjust its own bias. 
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Abstract 

A problem with learning by taking advice arises when the advice 
is non·operational, Le., expressed in terms of data or actions 
unavailable to the learner. For example, the advice "avoid taking 
points" in the card game Hearts is non·operational because the 
game does not give players an explicit choice about whether to 
take points. Operationalization is the process of converting such 
advice into an executable (perhaps heuristic) procedure. A 
model of this process has been implemented in a problem· solver 
that takes a piece of advice for an agent performing a task and 
reformulates it in terms of the agent's capabilities by applying 
transformations from its knowledge base. 

The program uses means·ends analysis and planning in an 
abstraction space to identify non·operational aspects of advice 
and find transformation sequences that eliminate them. Rather 
than using a hand· coded difference table. the program analyzes 
the transformations in order to identify transformation sequences 
likely to be useful in solving a given problem. Thus new 
transformations can be added without modifying the problem· 
solver itself. 

Key terms: learning by taking advice, ope rationalization , 
program transformation, means-ends analysis, planning in a 
hierarchy of abstraction spaces 

1. Introduction 
The idea of learning by taking advice has been around for 

some time [McCarthy 68], but the ability to accept and fonow 
advice poses several difficult problems. This paper focusses on 
the problem of handling advice that is non·operationa/. i.e.• 
expressed in terms of data or actions unavailable to the learner. 

My dissertation [Mostow 81) [Dietterich et aI 82] showed how a 
transformational approach could capture the process of 
translating heuristic advice into an effective procedural form. It 
modelled operationalization as a series of transformations 
leading from the initial advice statement to an executable 
procedure. For example, the Hearts advice "avoid taking points 
in a trick" was transformed into the procedure "playa low card." 

1This .-arch was eupported by DARPA Contract MOA-903-8',C.Q33S. The 
views and conclusiOl\$ contained in this document are Ihoae 01 the authors and 
lIhould not be Interpreted _ repr_nting the official policies, either expreaed or 
implied. 01 the. Defense Advanced R_rch Projects Agency or the US 
Government. I am grateful to Jell Barnell. Martin Fasther. Matthew Morgenstern. 
Bill Swartout. and eapecielV Don COhan for their comments. to the Gist projeet at 
lSi for Its intelleetual influence, and to my diesertation committee (Rick Hayes­
FlOIh, Allen Newell, Jaime C&tbonell, and Bob Balzer) for manllold contributiOl\$ to 
thill_arCh. 

This model was incorporated in a program called FOO,2 which was 
used to operationalize a dozen pieces of advice (for Hearts and a 
music composition task) by applying sequences of transformation 
rules, some equivalence-preserving, others heuristic, The 
sequences averaged several dozen steps, but typically each 
sequence was based on one high.level operationalization 
strategy; the rest of the steps "jittered" the advice to match the 
form required to apply the strategy [Fickas 82J. 

FOO lacked a problem·solver; the user selected transformations 
by hand and stopped when an operational procedure was 
produced. This paper describes FOO'S successor, a problem· 
solver called BAR.3 BAR accepts an expression and a pattern; it 
must rewrite the expression to match the pattern by applying a 
sequence 01 transformations from its knowledge base. 
Automating what was done by hand in FOO raises several issues: 

1. Model of operarionality: how can operationality be 
decided automatically? 

2, Goal structure: given a problem to solve. what 
subgoals need to be achieved along the way? 

3. Contact: given a 8ubgOal to achieve, which 
transformation sequences are likely to help? 

4. Selection: given several plans for achieving a goal, 
which is best? 

To provide a basis for discussing these issues, Section 
2 describes the problem space in which BAFI operates; the model 
of operationality is part of this space. Section 3 shows how BAR 
uses means-ends analysis to identify key subgoals, and Section 
4 shows how BAFI'S abstract plan generator addresses the contact 
problem. Section 5 presents an extended example to illustrate 
BAFI'S strategies for reducing various kinds of differences 
between an expression and a pattern. Section 6 presents BAR'S 
rather rudimentary techniques for selecting among alternative 
plans. Section 7 describes some remaining problems. Section 
8 evaluates BAFI'S approaches to the issues, and concludes by 
putting thjs work in perspective, 

2. The Problem Space 
This section describes BAR'S problem space [Newell 79] lor 

operationalization. consisting of problem states (initial and 
transformed advice), goals (patterns), and operators 
(transformation rules). The problem space represents BAR'S 
knowledge about the task domain, operationalny, and 
transformations. BAR'S control component is described later. 

2For "Firat Order Operationalizer," 

~or "Basically Automatic Relormulator." 
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2.1. The States 
Like FOO, BAR represents advice in a language similar to 

applicative LISP: there are no assignment statements, the only 
variables are Quantifier variables, and the only functions with side 
effects are actions that change the state of the environment. A 
complete definition of this language is outside the 1C0pe of this 
paper: the constructs relevant to this paper include: 

· constants 

- function applications of the form (f e, ... en) 

• Quantification in the form 	(0 x S e), where 0 is a 
Quantifier and e is an expression in which the 
variable x is Quantified over the set S 

For example, the initial advice "avoid taking points in a trick" is 
encoded as (Avoid (Take·po/nts ME) (Trick», where the constant 
ME denotes the advice recipient and the other symbols are 
functions. 

2.2. The Goals 
BAR considers a procedure to be operational for an agent if It is 

expressed entirely in terms of the data and actions available to 
the agent. In this model, the agent interacts with its environment 
(which may contain other, autonomous agents) via a two·way 
channel: it can sense observable data. and it can act in certain 
ways to chenge the state of the environment. The model 
assumes that the agent can remember any condition or event it 
could observe i,n the past. and derive any computable value of 
observed or remembered data. 

This model of operationality leads immediately to two types of 
goals: 

1. Find a procedure to evaluate a given expression 
using available data. 

2. Find a procedure to achieve a given condition using 
available actions, 

In the course of $Olving such problema, BAA generates subQoals 
of the form 

3. Transform an expression to match the left aide of a 
specified rule. 

These goals could be represented formally as the goal of 
proving (constructively) that 

3e''3Pl.e')ARCe.e'), 

where e is the initial expression, P is a predicate that describes 
the desired sYntactic form of the transfOrmed expression e', and 
R specifies the desired semantic relation between e and e', For 
example, for type (1) e should be semantically equivalent to e', 
whereas for type (2) e' should be a procedure for achieving e. At 
present, BAR pretends that all its transformations are equivalence­
preserving; since they are not, it $Ometimes produces heuristic 
solutions. All three types of goals are represented in BAA as 
transforming an expression to match a pattern expr888ed in a 
pattern language. 

BAR'S pattern language includes the following constructs: 

• Literals: a literal expression matches itself. 

• Variables: 	 an expression E matches a pattern 
variable ?V. binding ?v to E, if ?v is unbound; 
otherwise Ematches ?v only if E matches ?v's 
binding. 

- Sequences: a sequence (f e, ... en) (normally a 
function application) matches the pattern 
(pattn ..• patt ) if f matches PIdto and ej matches patti n
for l~~n. 	 ' 

• Ellipsis: 	the segment pattern .... " matches zero or 
more consecutive elements of a sequence. 

• Kleene star: the segment pattern patt· matches zero 
or more consecutive sequence elements all of which 
match patt. 

• Tests: 	 E matches the pattern @P if peEl is true. 
Notice that P is a predicate on syntactic expressions, 
not on their referents. The tests in the language 
include IaAchievable, IsComputable. IsPredicate, 
laConstent, !sOuantifier, etc. Tests act like variables, 
i.e.. matching E to @P binds @P to E, so multiple 
instances of a test in a pattern must be matched by 
the same expression. Tests can be bound to 
different expressions by giving them different 
suffixes. Thus the expression (. 3 4) matches the 
pattem (. @lsCanstant1 @lsConstant2) but not the 
pattem ( • @lsConstant @lsConatant). BAA 

automatically generates such suffixes to distinguish 
among different instances of a test inside a Kleene 
atar: this allows (. 3 4) to match (@lsComputable 
@lsConstant'" 

· Containment: an expression matches the pattern 
[ ... patt ...] if it matches patt or contains a 
subexpression that matches patt. This is a weak 
version of what it means to be expressed in terms of 
something; for example. the expression (f x y) 
matches [ ... y...] even if f ignores its second 
argument. However. BAA'S current set of 
transformations and the way it uses them have $0 far 
prevented this deficiency from causing any vacuous 
solutions. 

- Independence: an expression matches the pattern 
[-...v...] if It contains no references to the variable v. 

• Conjunction: 	 an expression matches the pattern 
[Patt,...patt2... ] if it matches both patt, and 
[ ... patt2...], and similarly for [patt - ... v...]. More 
general conjunctive patterns have not been needed 
yet. 

2.3. Mode' of Operatlon.llty 
BAA'S knowledge about operationality includes a description of 

the advice recipient's capabilities in a given environment. For 
example, BAA knows that the predicate Has(pleyer,card) is 
evaluable when player • ME, but not in general, since player ME 
(the learner) can see its own cards but not its opponents'. This is 
implemented by delinin; Haa-ME(card) • Has(ME.card) and 
attaching the property l&Computable to the function Haa·ME but 
not to Has. Similarly, the fact that player ME chooses Its own 
card but not its oPponents' cards is represented by attaching the 
property laControllable to Card·played·by·ME, defined .. Card· 
played·by(ME), but not to Card·played-by. 
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General knowledge about what is operational is encoded in 
BAR as a set of facts defining the class of operational procedures. 
For example, the fact that the application of a computable 
function to evaluable arguments is evaluable is represented as 

(@lsComputable @lsEvaluable • ) 
-matches- @lsEvaluable (1) 

Similarly. the lact that an evaluable constraint on a controllable 
variable is considered operational is represented as 

(@lsConstrsint [@lsEvaluable ... @lsControllable...j) 
-matches- @lsAchievable (2) 

Rule 2 embodies the heuristic assumption that the value of a 
controllable variable can be chosen to satisfy a given constraint. 
For example. It says that the constraint (Require (Low (Card· 
played-by,ME))) is achievable, but this is false if player ME has no 
low cards. 

2.4, The Operators 
BAR'S operators are transformations that rewrite expressions in 

this language. A transformation rule Ihs - rhs can be used to 
rewrite the advice or to replace a sub-expression of it. 

Some of the transformations encode knowledge about domain 
concepts, which BAR represents as functions. For example, the 
concept "avoid" is represented by the function 

Avoid(event,scenario) .. 
(Prohibit (During scenario event)} (3) 

That is, "don't let event occur during scenario," Each definition 
corresponds to two possible transformations: unfolding an 
instance (f e, ... en) of a function f(x, ... xn) by substituting e 1 ... en 
lor x, ,., xn throughout f's definition, and folding an expression 
that matches this definition into an instance of f [Darlington 76], 

Other transformations can represent knowledge about a whole 
class of functions. For example, BAR lacks a definition for the 
relation During but knows that it is reflexive. and has rules for 
transforming reflexive relations, One such rule is 

(R If )( I'" )(n) If y1 ... Yn)) - (And (;:; )( 1 Y1)'" (;:; lin Yn)) (4) 

This transformation rule rewrites a rellexive relation R between 
two expressions (f x, ... xn) and (f y, ... Yn) by equating their 
corresponding arguments, which is a useful simplification in the 
absence of a definitiOn for R. Rule 4 is shown here in an informal 
notation for readability; rules are actually implemented as 
procedures using the Interlisp Pattern Match Compiler [Teitel man 
78]. Rule 4's right side logically implies its left side, but the 
converse need not be true. Thus depending on where it is used,' 
Rule 4 can make heuristic (non-equivalence-preserving) 
transformations. 

3. Overview of Problem-Solver 
BAR uses means-ends analysis [Newell 69] to find a sequence 

of transformations that rewrites a given expression to match a 
given pattern. 

BAR'S top·level procedure, called Transform. takes an 
expreSSion and a pattern as input. For example, the problem of 
operationalizing "avoid taking points" is given to BAR by calling 
Transform with (Avoid (Take-points ME) (Trick)) as the 
expression and @lsAchievableasthe pattern, 

Transform calls Reduce to reduce differences between the 
expression and the pattern. Reduce identifies the grossest 
difference between them. looks for plans to eliminate it. selects a 
plan. and tries to apply it. If this generates subproblems 
(rewriting the expression to match the left side of a proposed 
rule), Reduce recursively invokes Transform to solve them. After 
each transformation, BAR tries to simplify the new expression. 
Simplifying the expression typically renders the current plan 
obsolete and causes BAR to replan. Transform calls Reduce 
repeatedly until either the rewritten expression matches the 
pattern (success) or Reduce is unable to make further reductions 
(failure). 

Reduce knows about several kinds of differences, listed below 
in the order it tries to reduce them: 

1, Semantic difference between expression (f ...) and 
pattern (P ...): f doesn't match P 

2, Extraction: f doesn't match P, but (f ...) contains a 
sub·expression that might 

3. Recursion: sub-expression doesn't match 
corresponding subpattern 

4. Deletion: sub-expression must be deleted to match 

pattern [- ...?v ... ] 


5. Expansion: expression must mention a specified 
function to match pattern { ...LJ 

6. Restructuring: arguments must be rearranged to 
match pattern 

A plan is simply a series of proposed transformations to apply: 
it is abstract in that getting the expression into the form required 
by a step in the plan may require applying additional 
transformations along the way, The next section shows how BAR 
finds abstract plans for reducing semantic differences. The 
treatment of other kinds of differences is illustrated in the Section 
5. and BAR'S mechanisms for selecting among alternative plans 
are described in Section 6. 

4. Planning with Operator Abstractions 
To find plans for reducing semantic differences. BAR solves an 

abstracted version of the problem. The purpose of the abstract 
search is to find a high-level plan for rewriting an expression (f ...) 
to match a pattern (P ...). that is, to find a sequence of rules that 
reformulates an instance 01 I as an instance of some 9 that 
matches P. This is accomplished by abstracting the original 
problem space essentially as follows: 

· Abstract a state (f ...) as f 

· Abstract a goal (P ...) as P 

· Abstract a rule (L ",) - (R ",) as L - R 

BAR then searches for a sequence of abstracted rules leading 
from f to P; this sequence constitutes an abstract plan for 
rewriting (f ...) to match (P ...), Le., carrying out the plan generally 
requires additional transformations to fully match the left side of 
each step. 
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Somewhat more precisely. BAR searches lor a path from I to P 
(without repeated symbols) consisting 01 the following kinds 01 
steps: 

I-unlold- g, where f's definition has the lorm (g ...) 

f -Iold- g. where g's definition has the form (f ...) 

L -rule- R, where rule has the lorm (L ...) - (R ...) 

I-matches- @P. where f sati$fies the test p4 

f -fact- @P. where lact has the lorm 
(I ... ) -matches- @P 

To find such plans. BAR uses straightforward depth· first search 
up to a preset depth limit. currently 10. The recursive search 
procedure FindRephrasePlan(expreasion, pattern. depth) can be 
described as follows: 

II expreasion matches pattem 
then return the one·step plan 

expression -matches- pattern 
else if depth • 0 then fail 
else if there i$ an allowable step 

expression-next such that 
FindRephrasePlan(next, pattern, depth·,) returns 

a plan 
then return CONS(step, plan) 
else lail. 

To prune the search. FindRephrasePlan uses memo 
functions [Marsh 70] in several ways. First, it remembers 
succeasful calls; if it has earlier found a path from g to P, and 
encounters 9 while searching for a path from I to P, it will use it to 
lorm a path to P. Second, it remembers unsucceasful calls and 
their associated depth limit. If FindRephrasePlan(g.P,n) falls, 
subsequent calls of the form FindRephrasePlan(g.P.k) with k~n 
will fail immediately. BAR lurther prunes the search by testing 
whether a proposed step is allowable; it rejects any step that 
repeats an earlier state in the current path, or has proved 
impossible to carry out in the past. 

BAR does not stop after finding one plan to reduce a given 
difference; it tries to cover the set of possible plans by finding all 
first steps that can be extended into a plan. BAR does not bother 
to generate more than one plan with the same first step, since 
there is no point in finding all such plans if the first step lails. If 
BAR gets stuck partway through a plan. it tries replanning from the 
current expreasion. If this fails, BAR backs up to the original 
expression and tries a different first step. This arrangement 
reduces the search for plans at the cost of replanning whenever 
the chosen plan atrays from the correct path after the first step. 
To generate only one path with a given first step, 
FlndRephrasePlan rejects the first step if a plan that starts with it 
has already been found for reducing the current difference. 

In the case at hand. FindRephrasePian finds one plan lor 
eliminating the semantic difference between (Avoid (Take· points 
ME) (Trick» and the pattern @lsAchievabl.: 

Avoid -unlold­

Prohibit -matchas­
@lsConstraint -Fact 2­
@IsAchlevabie . (5) 


"'0 meke this lIbIIractlon work, lIAR" .... .,. UIUIIIy del'1I'WId 10 that " !he 
exprasion (f ... ) lltialiea alilt. e.g., lIPrecIIca., 10 dOll8Ihe function f. 

Actually. thi$ description is over·simplified .. a plan can contain 
more information than a series 01 atomic symbols connected by 
rules. FindRepnraaePlan tries to preserve as much information 
as possible about the expression resulting !rom each step. "a 
rule in a plan can be applied without subgoaling, 
FindRephraaePlan does so. II not. It tries to force a match 
between the expression and the left side 01 the rule. and then 
substitute the resulting bindings in the right side of the rule to 
produce a partial instantiation, These bindings represent 
subproblems to be SOlved. Only as a last resort does BAR abstract 
an expression as its topmost symbol. 

Although BAR applies its transformation rules procedurally. a 
procedural rule representation makes it difficult to identify the 
subgoals required to match the left side of a rule in a plan. or to 
predict what the eventual result of applying it will look like. For 
this kind of reasoning, BAR uses rule knowledge expressed in the 
pattern language. For example. Rule 4 is described as 

(@/sRrtfI9xive (?f ••J (?f ..)) - (And (= 7x?ytJ 

This is an abstraction: It lacks information contained in the 
procedural representation. but captures several facts useful in 
deciding when to try Rule 4: 

. Rule 4 rewrites a rellexive predicate as a conjunction. 

- The two arguments of the predicate must be 
instances of the same function. 

• Rule 	4 eliminates the reflexive predicate and the 
function. 

Thus plan 5 actually looks like thi$: 

(Avoid (Take-points ME) (Trick» 
-unlold­
(Prohibit (During (Trick) (Take· points ME))) 
-matches­
(@lsConstraint [@IaEvaluable ... @lsControllsble ...D 
-Fact 2­
@lsAchlevabie 	 (6) 

Executing this plan will require SOlving the subproblem of 
rewriting (During (Trick) (Take· points ME» to match 
(@lsEvaluable ... @IsControllsble ...). Thi$ subproblem takes 
several dozen steps to solve. and illustrates the benefit of 
planning in the abstracted problem space (Sacerdoti 74]: it 
prunes the search by trying only those transformations that lead 
to a solution in the abstraction apace. Otherwi$e BAR could waste 
lots of time solving such subproblems along the way to a dead 
end. 

5. Reduction Strategies lIIu8trated 
BAR'S strategies for reducing each kind of difference are now 

illustrated by means of an extended example: the 
operationalization of "avoid taking points." ThiS takes about 60 
transformation steps, but the reasoning can be loosely 
paraphrased as follows: 

1. I want to avoid taking points in the trick. 

2. To take points, I would have to take a trick with 
points. 

3. To take the trick, I would have to play the highest 
card in the suit led. 
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4. So I should playa card lower than somebody else's. 

5. But I can't always tell whether my card will be lower 
than somebody else's. 

6. So I should simply playa low card. and hope for the 
best. 

The problem is given to BAR by calling Transform with (Avoid 
(Take· points ME) (Trick)) as the expression and @lsAchievable 
as the pattern to match. Reduce identifies the semantic 
difference between Avoid and @lsAchievable as the grossest 
difference between the two. and FindRephrasePlan finds plan 
6 above. BAR looks for all possible plans before choosing which 
one to apply. but in this case it can only find one. so it proceeds 
to execute it. 

The first step of the plan unfolds the definition (3) of Avoid, 
rewriting the initial advice as 

(Prohibit (During (Trick) (Take-points ME))) (7) 

Although Prohibit satisfies the test IsConstraint, this expression 
does not match the left side of Fact 2, because 

(During (Trick) (Take-points ME)) (8) 

is not an evaluable constraint on a variable controlled by ME. 
When the current expression does not match the next step in a 
plan. Reduce invokes Transform to rewrite the expression to 
match the left side of the rule. This idea is not new -- GPS 
invoked itself to satisfy the preconditions of an operator it wanted 
to apply [Newell 50}. Thus Reduce now calls Transform to rewrite 
expression 7 to match (@lsConstraint [@lsEvaluable 
... @lsControHable._.]), and Transform calls Reduce to reduce the 
differences between them. 

Given an expression (f e, ... en) and a pattern (P patt, ... patt )n
where f matches p, Reduce uses recursion to reduce the 
differences between them by Transforming each ei to match the 
corresponding subpattern patti' Thus Reduce now calls 
Transform with expression 8 and the pattern 
[@lsEvaluable... @lsControllable...]. 

By unfolding the definitions of Trick and Take-points and 
applying Rule 4, BAR eventually reduces expression 8 to 

(And (Trick· has-points) 
(= (Card-played-by ME) (Winning-card))) (9) 

That is. for player ME to take pOints, the trick must have points 
and player ME must play the highest card in the suit led. 

At this point, BAR is partway through a plan to rewrite the 
expression as an instance of the computable function And, and 
then apply Fact 1; to match the left side of the rule. each conjunct 
must match @lsEvaluable. To simplify this example. Trick-has­
points is marked l&Computable to represent the existence of 
(heuristic) methods for predicting whether a trick will have points. 
(BAR has not been used to derive such methods but this could be 
done.) However. 

(= (Card-played-by ME) (Winning-card)) (10) 

is unevaluabie because Winning-card cannot be predicted. To 
make this expression evaluable, BAR decides to apply 

(= (The x S Px) cJ - (And (In c S) Pc) (11) 

It turns out that (Card-played-by ME) cannot be transformed to 
match (The x S Px) given BAR'S current set of concept definitions. 

When Reduce cannot transform the arguments of an expression 

~ to match the arguments of a pattern, it looks for rules that might 

restructure the expression by moving information between 

arguments. It then tries to transform the restructured expression 

to match the pattern. A rule is considered a restructuring rule if it 

has the form P ... - P..., i.e., leaves the function of an expression 

unchanged. One such rule transposes the arguments of a 


symmetriC function: 

(@/sSymmetric?x ?y) - (@lsSymmetric?y?x) (12) 

Applying Rule 12 to expression 10 produces 

(= (Winning-card) (Card-played-by ME)) (13) 

To apply Rule 11, BAR unfolds (Winning-card), producing 

(= (The?c (Cards-played·in-suit-led) 
(Forali?x (Cards-played-in-suit·led) 

(Not (Higher ?x ?e)))) 
(Card-played-by ME) (14) 

The result of applying Rule 11 reduces to 

(And (In-suit-Ied (Card-played-by-ME)) 
(Forall ?x (Cards-played-in-suit·led) 

(Not (Higher ?x (Card-played-by-ME))))) (15) 

That is, in order for ME to take the trick. no other player can play 
a higher card in the suit led. 

BAR considers the first conjunct of expression 15 to be 
evaluable. but the second conjunct is quantified over (Cards­
playec!-in·suit-Ied), which player ME cannot generally predict. 
When an expression cannot be transformed to match a pattern 
but contains an argument that can, BAR looks for rules that might 
extract the argument. A rule is considered if its right side is 
embedded in its left side, like 

(@lsQuantifierPredicate?x ?S [@lsPredicate - ... ?x ... j) 
- @/sPredicate (16) 

Rule 16 extracts a predicate from the scope of a quantifier 
provided the predicate is independent of the quantifier variable. 
It suggests a plan for evaluating expression 15: eliminate the 
quantifier variable ?x from the predicate 

(Not (Higher ?x (Card-played-by-ME))) (17) 

Then extract the predicate and make it evaluable. 

To delete a variable from an expression, BAR looks for rules 
that have a pattern variable in an argument position on the left 
side but not on the right side. One such rule is abstracted as 

(@/sComparative?e ?v) - (@/sPredlcate ?e) (18) 

Rule 18 approximates a binary ordering relation as the 
corresponding unary predicate, thereby deleting 'N. BAR decides 
to use Rule 18 to delete ?x from 

(Higher ?x (Card-played-by-ME)) (19) 

However. ?x must be the second argument of the binary relation 
for this plan to work, SO BAR first rewrites expression 19 as (Lower 
(Card·played·by-ME) ?x) and then applies Rule 18, redUCing 
expression 19 to (Low (Card-played-by-MEj). That is, to make my 
card lower than somebody else's, I should playa low card and 
hope for the best. 

The final result of Transforming expression 8 to match 
@lsEvaluableistheexpression 

(And (Trick-has· pOints) 
(In-suit· led (Card-played-by-ME)) 
(Not (Low (Card-played-by-ME»))) (20) 
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Since Card·played·by·ME is a choice variable controlled by 
player ME, expression 20 also happens to match the pattern 
[...@lsControllable ... 1in Fact 2. Otherwise. Reduce would try to 
expand expression 20 in terms of some controllable function. To 
transform an expression to match { ...P ... ], BAR uses a search that 
resembles FindRephraaePlan but allows steps that go from an 
expression to one of its subexpressions. 

At this point the overall expression is 

(Prohibit (And (Trick·has· points) 
(In·sult·1ed (Card·played·by·ME» 
(Not (Low (Card·played·by·ME»))) (21) 

This expression matches the left side of Fact 2. 

(@lsConstraint [@lsEvaluable ... @lsControllable ...]) 
-matches- @lsAchievable 

@lsAchievab!e was the original goal, so BAR halts. Thus the 
result of operationalizing "avoid taking points" can be freely 
paraphrased as ..playa low card if the trick has points." 

6. Selection 
Since BAR deals with problems requiring dozens of steps to 

solve, and often finds &evera! plans for reducing a given 
difference, it faces a combinatorial search problem that wilt 
worsen as more rules and concepts are added. It uses &everal 
techniques to deal with this problem. 

BAR rates the plans it finds according to their estimated chance 
of success, and tri~s them in order until it finds one that 
succeeds. The rating depends on the number of steps in the plan 
that require additional problem·solvlng and a numerical strength 
for each rule. Heuristic rules like Rule 18 are penalized so as to 
try correctness· preserving plans first. 

Alternatively, BAR provides a mode called UaerSelectPlan that 
allows the user to guide the search. In this mode, whenever 
Reduce finds multiple plans It asks the usar to select among 
them. but whenever it finds only one plan It tries It without asking. 
This reduces the question·answering burden on the user but 
leads to extra &earch in casas where a single plan is found and 
fails. 

BAR caches the results of all calls to Transform and Reduce in 
the course of solving a given problem {Lenat 791 [Marsh 701. This 
allows a subproblem solution found in one branch of the search 
to be used in another, and prevents a failed subproblem from 
being re·attempted. Caching is also used to avoid the kind of 
looping that occurs when a problem generates itaelf as its own 
subproblem. When a problem Is first attempted, a failure result Is 
cached; if in the course of soMng the problem, a subproblem 
identical to it is encountered, the subproblem will fail without 
preventing the solution of the original problem by other means. 

Finally. BAR keeps track of the number of successful and 
unsuccessful attemPts to apply each rule. This Information is 
used both to order the path· finding sitarch and to rate plans once 
they are found, allowing BAR to tune its feasibility estimates even 
during the course of a single problem. This almple form of 
learning generalizes experience gained in the course of problem­
solving, and allows BAR to tune ifl own performance within and 
between problems. It Is compatible with user guidance; in 
UaerSetectPlan mode, the plan ratings have no effect. but tuning 
increases the chances that the first plan found with a given initial 

step will be the most feasible plan starting with that step. This 
cuts down on the replanning required when the adopted plan 
gets stuck after the first step. Of course such statistical learning 
is quite weak: leaming to discriminate between successful and 
unsuccessful attempts to apply a rule would be much stronger. 
However. predicting whether a rule can be applied to a given 
expression requires rather deep analysis, and it·may be less work 
to try it and see. 

As of this writing the "aVOid taking points" example has been 
operatlonalized only in UserSelectPlan mode. Even though the 
right plan is frequently the only one found or Is scored higher 
than the alternatives, and wrong paths often reach dead ends 
quickly, BAR'S rating scheme is not strong enough to prevent an 
explosive search. and is fragile in the face of added rutes. 

7. Remaining Problems 
BAR can be evaluated by how well it decides operationality, 

models the goal structure of operationalization, makes contact 
between problems and methods. and &elects among competing 
methods. 

As implemented. BAR'S modei of operatlonality ignores 
preconditions and state dependenCies •• it does not handle 
procedures that can be executed only at certain times or in 
certain situations. For example. the procedure to avoid taking 
points Implicitly assumes that player ME can legally play a low 
card. Also. the circumstances under which Trick·has-points is 
computable are not explicitly represented. The model assumes 
that the environment is external to the agent operating in it: it 
does not address the problem of representing and reasoning 
about states of knowledge. Although BAR uses heuristic methods 
like Rule 18 that lead to fallible procedures, it does not consider 
their relative reliability. To analyze the logical status of a 
transformation, BAR would have to keep track of the type of goal 
being pursued and the context of the sub-expression to be 
transformed. Also. the model assumes that all computation is 
free. 

A more realistic model would acknowledge that operationailly 
is relative: some methods are more reliable than others. some 
computations are more expensive than others, and the 
operationality of a procedure depends on the feasibility of 
executing it and the probability that doing so will produce the 
desired result. These improvements are needed to handle 
operatlonalization goals of the form "make this procedure 
cheaper to execute," "make this estimate more accurate," or 
"make this plan succeed more often." Some such problems were 
solved In FOO. for example the problem of refining a heuristic 
aearch procedure [Mostow 82]. but the goals were implicit in the 
hand· selected sequence of transformations. 

BAR uses a rather syntactic goal structure: given an expression 
and a pattem. ifl top-level goal is to change the top·most symbol 
of the expression to match the top· moat symbol of the pattern. It 
addresses the contact problem by searching for abstract plans to 
get from one to the other. This planning narrows the set of 
attempted transformations to thoae for which some abstract path 
to the solution exists. However, this scheme generates vacuous 
plans when the top·most symbol contains little semantic content, 
e.g., "And" or "Exists." Moreover, this goal structure appears 
unintuitive when the important reasoning Is burled in one of the 
subproblems. The planner might be improved by explicitly 
identifying the obstacles to the avaIuation of an expresalon. For 
example, the fact that BAR lacks a definition for During would 
motivate its deletion from expression 8. 
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To constrain the search. BAR assumes that an expression (f ...J 
can be transformed to match a pattern (f ...Jwithout rewriting the 
expression in the form (g ...) along the way, if it can be done at all. 
It is easy to construct examples that violate this assumption. For 
example. to transform (Union A B) into (Union B A) if one didn't 
know Union was commutative. one might have to unfold (Union A 
B) as (SetOf x Universe (Or (In x A) (In x B))). transpose the 
arguments of Or. and refold into (Union B A). BAR cannot find 
proofs of this simple "bridge" form so familiar to algebra 
students. although none have been needed in the few examples 
attempted thus far. Allowing BAR to consider such plans would 
explode its search space unless the conditions for considering 
them were strongly restricted. 

BAR'S selection mechanism is rather weak, since it relies on 
crude numerical estimates of rule feasibility. Tuning these 
estimates based on experience provides limited improvement at 
best. Also. BAR searches depth-first. although it tries plans in 
order of estimated feasibility. A breadth·first strategy could find 
short transformation sequences faster. but would require more 
memory. Also, implementing it would be complicated by the 
recursive nature of the problem·solver. A more promising 
approach is to constrain the output of the plan generator based 
on the identified non· operational aspects of the current 
expression. 

8. Conclusion 
BAR is still in a relatively early stage of development; so far it 

contains only 60 of FOO'S 230 rules and 38 of FOO'S 112 concept 
definitions, and FOO itself came nowhere close to covering the 
space of operationalization problems. In the absence of 
additional knowledge or improved control strategies, BAR'S 

syntactic approach can be expected to doom it to combinatorial 
explosion in the face of added rules and concepts. Thus BAR 

should not be viewed as a practical tool for ope rationalization, 
but as a vehicle for investigating the knowledge. inference 
.methods. and goal structure needed by such a tool. Already it 
has inspired the several improvements proposed in the previous 
section. 

BAR addresses only one of many problems involved in taking 
advice. Other key problems include interpreting informally 
expressed advice, acquiring domain concepts, developing a 
catalog of transformation rules, and integrating multiple pieces of 
advice [Mostow 79b]. Practical application of the work described 
here will be easiest where these other problems are minimized, 
i.e.. where the advice, domain knowledge, and a small but 
adequate set of transformations have already been formalized. 

A promising candidate for such an application arises in the 
course of transforming a formal closed system 
specification [Feather 83J into a compl/able program. Such a 
specification defines acceptable behavior for a system of 
interacting components, and describes the data and actions 
available to each component; the problem is to implement each 
component subject to these restrictions. Many of the required 
transformations have already been formalized [London & Feather 
82]. An especially attractive aspect of this application is that a 
useful solution need not solve the control problem completely: 
automating even some of the implementation decisions could 
significantly amplify human software productivity [Fickas 82]. 
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I Introduction 

Much research on learning has focussed on methods 
for empirical generalization: for learning descriptions of 
general concepts from training examples, This 
generalization problem is usually formulated so that the only 
information available to the learner is the set of input 
training instances, and some a priori biases for prefering 
certain generalizations over others. We argue here that this 
kind of formulation of the generalization problem is 
unrealistic and overly difficult--that when humans face such 
generalization problems, they typically have some goat or 
purpose for attempting to learn, a particular concept Our 
main point is that explicit knowledge of this learning goal, 
and of the context in which it was formulated, can provide 
very strong guidance for learning, 

The longer version of this paper will compare two 
recent learning systems that use expliCit knowledge of their 
learning goal as the basis for driving learning, One of 
these is the LEX2 system [Mitchell 82, Keller 83, Mitchell 
83J, which learns problem-solving heuristics in integral 
calculus. The learning goal of LEX2 is to learn Nheuristics 
that recommend problem solving steps which lead to 
solutions". LEX2 interprets each of its positive training 
instances in terms of this learning goat in order to 
determine which features of the instance are essential, and 
which are irrelevant to the heuristic to be learned, In LEX2, 
we have found that introducing explicit knowledge of the 
learning goal ieads to two important new capabilities: (1) the 
ability to form a justifiable generalization by analyzing a 
single training instance [Mitchell 82. Keller 83, Mitchell 83J, 
and 121 the ability to discover new terms, such as "odd 
integer·, which are essential for describing heuristics in the 
program's task domain of integral calculus [Lltgoff 82J. 

In comparison to LEX2, its predecessor, LEX [Mitchell 
81], had no explicit knowledge of its learning goal. In 
giving LEX2 knowledge of its learning goal, we have 
changed in a fundamental way the nature of the 
generalization problem. In particular, we have told the 
system the concept (e.g., "problem solving steps that lead 
to solutions") that it is to learn! Without explicit knowledge 
of its learning goal. LEX was forced to make inductive 
leaps to guess the classification of unobserved training 
instances. With knowledge of this learning goal. LEX2 
begins by knowing in principlf1 the classification of every 
possible training instance, But while the learning goal 

..This is an extended abstract of a forthcomming paper 
to be presented at the Second International Machine 
Learning Work.shop, ThiS work. is supported by the National 
Science Foundation under grant MCS80-0B8B9. and by the 
National Institutes of Health under grant RR-64309 

constitutes a valid definition of the concept to be learned. 
It IS not a very useful definition. In particular. to determine 
whether any particular problem solving step is a "problem 
solVing step which leads to a solution". one must first 
attempt to find a solution! Since learned heuristics are 
meant to guide the problem solver in finding solutions, this 
method for evaluating whether a potential search step 
should be attempted is prohibitively expensive. Thus. the 
learning problem in LEX2 can be viewed as a problem of 
reformulating a valid definition of the concept to be 
learned. into a form in which it is more useful for 
recognizing instances of the concept 

A second system which uses explicit knowledge of its 
learning goal is the BAR system [Mostow 83J Ia successor 
to the FOO system [Mostow 82)1 which learns effective 
strategies for playing the card game Hearts. BAR starts 
with knowledge of its learning goal jfor example to learn 
"which cards to play to avoid taking pOints"). As with LEX2. 
this initial piece of advice is not particularly useful. since it 
gives no information as to how the recommendation should 
be implemented. Similarly, a piece of advice which requires 
complete knowledge of another player's hand le.g. "lead 
with a card having higher point value than any card of the 
same suit in another player's hand") is not directly useful 

.since this kind of information is not typically available to 
the card player. The system must reexpress such advice 
into a form which the player can use more directly. For 
exanple. there are many possible ways in which the advice 
to "avoid taking points" could be successfully realized by a 
Hearts-player. Consider the following operational forms: 

• 	 Always play your lowest card in the suit led. 

• 	Underplay another card in the current hand. 

• 	Use probabilistic methods to determine the 
best card to play. 

• 	 Search through a space of possible scenarios 
in which one might envision taking pOints, 
Avoid any such scenarios. 

Mostow's program can derive each of these forms 
from the initial. non-usable advice about avoiding tricks with 
points. In contrast to LEX2. BAR reasons directly from its 
learning goal to the more operational form of its 
knowledge. without considering training examples to guide' 
this process . 
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Goal-directed learning is a form of learning by being 
told the learning goal defines the concept to be learned. 
and the learning problem is one of reexpressing this 
concept in a more useful form While the learner's goal 
could come from outside the learning system, we argue 
that for many kinds of learning. the learning goal could 
instead be formulated by the system itself. Given the 
capability to monitor its own performance. and to formulate 
learning tasks, a problem-solving system should be able to 
compose learning goals such as "learn heuristics for task K 
so that the heunstics suggest problem-solving steps leading 
to solutIons' In such cases. goal-directed learmng 
corresponds to learning by being told by oneself. The 
Euris",o program [Lenat 82j prOVIdes one example of a 
s,.'stE:~ tt1a'~ r;,:>n;tors aspect.£ of It& own periorman~E: If) 
orde~ tc formulate certain tvpes of useful learning task!:. 
We suggest that such learning tasks are naturally suited to 
goal-directed learning. 

[Keller 83] 

[Lenat 82] 

[Mitchell 81] 

[Mitchell 82] 

[ry,itchell 83] 

[Mostow 82] 

[Mostow 83] 

[Utgoff 82J 
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EXTENDED ABSTRACT 

The long-term objective of this research is to understand 
theory formation processes and to develop effective 
methods for mechanizing them. It hu been clear ror 
some time that we need to make progress in this area of 
AI in order to develop applications that will have serious 
impact on the -doing of science. - Recent work shows 
that advances in theory formation are of a more 
fundamental significance for AI, especially in 

. developmental issues related to problem solving. Thec;>ry 
formation capabilities are necessary for problem solvIDg 
systems that can.impro~e their performance by I~ning 
rrom experience; tn particular, systems that can shift the 
representation of the problem on which t~ey are work~g 
via the effective use of new knowledge dIScovered dUflng 
their problem solving activity (See Amarel, 10821. 

The specific rocus of our work hu been on the 
interactions between problem representations and 
methods for searching/building solutions in theory 
formation problems, and also on processes for moving 
between alternative problem representations. We are 
exploring these issues in the context 0 a specific pr~am 
formation (synthesis) tuk in the mathematieal domalD of 
finite partially ordered structures. This is an ~tremely 
rich domain with many applieations to eomputmg. In 
particular, we are considering the follow~g I?roblem: 
given a language or programs, and the specifieatlon or a 
function (such as Infimum) in the form of a table of 
associations between data elements in the domain; build a 
program that defines the function. 

The problem that we faee here is how to seareh in the 
given language of programs for ~ program that ~at~fies 
the constraints imposed by the gIven set of aasoctatlOns. 
This can be regarded u a eonstraint satisfaction problem, 
where the constraints are presented in a data space, and 
the possible solutions are presented in a second space 
-- the program space; and furthermore, the initial body of 
available knowledge is not in a form that permits useful 
links to be readily established between the two spaces. 
An effective solution method requires the development 01 
strong links between the two spaces, and the 

·This re&earch was supported in pan by 'he Diviaio8 01 Research 
Resources, NOl, Graat RROO643 &0 'be Ru',en Researcb RlIOurc. 
08 Compu"r in Biomedicine. 

··Visitin& Research Fellow.' &be AI Cea"r, SRI r.teraa&io8a1, 
Mealo Park. California, darin, ,be Sprill, 011083. 

establishment of a stragey Cor good coordination between 
the search/reasoning activities in these spaces. Problems 
of this type have been studies by SimoD and Lea (1974J. 

In previous work, we developed two approaches Cor 
solving our program formation problem. The first 
approach (See Amarel, IOG2) started by specifying a 
grammar Cor the language of programs, which provided 
rich facilities Cor a hierarchical description of the 
structure of programs. The choice of the grammar wu 
essentially arbitrary. We then assumed that cert~ types 
of regularities exist between structured descriptIOns of 
programs obtained in the grammar and the Cunctional 
behavior of these programs; and we formulated an 
evaluation function which ranked candidate programs by 
their degree of partial success in satisfying the given 
functional constraint of the problem, i.e. the table of data 
associations. Using the grammar, the evaluation function 
and the assumptions of reptlarity, we formulated a 
-Generate-and·Test- procedure, which wu guided by a 
heuristic hill-climbing search strategy in program space. 
No reasoning in data space took place here. The problem 
data was used mainly for testing a candid!l'~ 
program/hypothesis, and only very weakly for ! 1!!!2!! 
control of program generation. Even though a mooerate 
level of performance was obtained by this approach, it 
became clear very soon that performance wu highly 
sensitive to the choice of program grammar. SmaU 
changes in the way of specifying the grammar had strong 
effects on overall system performance. This experience 
convinced us of the centrality of the problem of 
representation in the formation process; and it led us to 
the development of a second approach for handling the 
problem. 

The second approach (See Amarel, 19711 is bued on a 
model of program space which enables us to reason about 
programs in terms of their functional characteristics. We 
constructed such a model in the form of a modified 
algebra of relations whose terms correspond to str~etural 
descriptions of programs. Given the model, It wu 
possible to formulate a strategy of search in problem 
space which is more goaI.-directed than in our rlJ'St 
approach. The search involves obtaining estimates of 
-distance- in program space between candidate programs 
and the goal program, and applying -distanee reducing­
moves in program space that are ehosen on the buw of 
algebraie properties of the model. In this approach, a 
considerable amount of speeifie knowledge about program 
space had to be used - to constrain the choice of program 
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grammar, and to provide a more solid basis for the 
as~umptions of structure-function regularity that are 
needed in the problem solving process. This approach 
resulted in a more robust (and an improved level of) 
performance in solving our problem by improving the 
representation of program space relative to the given task. 
Again, no direct reasoning in data space was involved. 

In recent work we are concentrating on a third 
approach to program formation, where the process is 
strongly guided by the detailed analysis of individual data 
associations. In contrast to the previous two approaches 
where the main thrust of reasoning is from candidate 
programs to data associations, the present approach is 
mainly data driven; but it is strongly guided by the 
program grammar and by the algebraic properties of the 
model of program space. Given a data association, a 
derivation problem is solved to obtain a ·computational 
path· between the two elements of the association. The 
program grammar provides the. reduction schemes and the 
moves for solving the derivation problem. The key 
problem that we face here is how to combine the 
• computational paths· of several data associations in 
order to infer a single program that can be seen as 
generating them; and how to merge programs that 
provide partial solutions to our program (by satisfying 
subdomains of the function) into a program that 
represents a global solution for the entire domain. 
Algebraic properties of program space can help in this 
merging process. 

By shifting the reasoning towards the data space, 
several interesting domain-dependent problems of concept 
specialization and generalization have been encountered. 
In general, the present approach appears more nexible 
and more general then our previous two approaches. 

Our recent work in this area has resulted in the 
identification of several basic issues in AI and in theory 
formation. Clearly, the degree or dependence between the 
conditions (or the goals) of a problem is or rundamental 
importance for the choice or a problem solving method. 
More research is needed on methods for handling 
conjunctive goal situations, not only for planning or 
design problems but also for theory formation problems. 
Also, it became evident that the notion of problem 
formulation in theory formation is somehow nuid and 
open-ended. While our present formulation of the theory 
formation task is oriented to the finding of a definition ror 
a given concept in terms of a given language, this 
represents a special case of theory formation. In our case, 
the concept is well-specified from outside the system in 
terms of a concrete domain which we are aSked to express 
in the language of the theory. More generally, theory 
formation illvolves both the choice of a (sub)domain to 
express within a language of theory, and the finding of an 
expression for defining/explaining the (sub)domain in the 
theoretical terms or the language. The interplay between 
domain choice and the (ormation of a theory for the 
domain is an interesting and difficult problem, which we 
have started to explore. 
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ABSTRACT 

Scientific discovery is a complex activity involving many different 
components. Our interest in discovery has led us to construct 
lour AI systems' that address dillerent facets of the scientific 
process. BACON.tl focuses on discovering empirical laws that 
summarize numerical data. This program includes heuristics for 
finding numerical relations in noisy data, postulating intrinsic 
properties such as mass and specific heat, and noting common 
divisors. GLAUBER is concerned with discovering laws of 
Qualitative structure. such as the hypothesis that acids react with 
alkalis to form salts. It includes heuristics for noting recurring 
patterns, for defining classes based on those patterns, and lor 
combining classes thai have many elements in common. STAHL 
focuses on determining the components of substances involved 
in reactions, and has been used to model the reasoning that led 
to the phlogiston theory. DALTON is concerned with formulating 
molecular models that explain I'eactions such as those occurring 
in chemistry and particle physics. It carries out a search through 
the space of possible models, using information it has acquired 
in other contexts to direct its search down promising paths. 
Whil9 each of these discovery systems is interesting in its own 
right, we are also exploring ways in which the systems can 
interact to help direct each other's search process. 

Key Terms: scientific discovery. quantitative laws, qualitative 
laws. chemical reactions, classification. theory of acids and 
bases, phlogiston theory, atomic theory, molecular models 

Introduction 

Science is a complex endeavor, involving such diverse 
activities as designing experiments, inventing new measuring 
de·/iceS. discovering empirical laws. formulating explanations, 
and testing hypotheses. Until recently, philosophers and 
historians of science have focused on the criteria for verification 
and testing of hypotheses, which were amenable to logical 
analysis. The discovery process was largely ignored. since there 
seemed no logically valid methods for approaching this elusive 
activity. However. in recent years. researchers in computer 
science and cognitive psychology have developed powerful new 
approaches to mC"df,ling thought. The most central ideas of this 
new methodology are the notion of searCh through a problem 
space. and the notion of heuristics for directing that search. 
Allhough these concepts were originally developed with respect 
to problem solving. they are equally applicable to explaining the 
mechanisms that lie behind scientific discovery. 

1 . 
Reprint requests should be sent to Pat Langley, The Robotics 

Institute, Carnegie-Mellon University, Pittsburgh. Pennsylvania 
15213. This work was supported by Contract N00014.82.0168 
from the Office of Naval Research. 

In this paper we examine SCientific discovery in the light of 
such nOlions as search and hp.uristics. Of course, there are many 
different types of discovery. ranging from finding numerical laws, 
to classifying similar objects and events, 10 formulating structural 
models to explain regularities. In the loll owing pages, we address 
each of these forms of discovery. Our approach has been to 
consider some period from the history 01 science, and then to 
construct an AI system capable of rediscovering laws that were 
lirst found during that period. Thus, while we have not attempted 
to replicate the historical discovery process in detail, our ideas 
have been influenced by the historical data. We have organized 
the paper around four discovery programs that we have 
developed in this manner. In each case, we discuss the historical 
context. describe the system in terms of the heuristics it employs, 
and consider the manner in which theses heuristics let the 
system discover the historical laws. Most of our examples are 
drawn Irom Ihe history of chemistry, but none of the systems are 
limited to this domain. In clOsing, we discuss the relations 
between the various programs, and examine the potential for 
constructing an integrated discovery system that includes these 
programs as components. 

Discovering Quantitative Empirical Laws 

At the very end of the 18th century and the beginning of the 
19th, three fundamental discoveries were made that shaped the 
directions of chemical research for several generations 
thereafter. The first of these was Proust's (1799) statement of the 
law ot constant proportions. Proust conducted a painstaking 
analysis of chemical compounds, finding that the ratio of the 
combining weights of the constituent elements was always 
constant for a particular compound. The second fundamental 
advance was Dalton's (1804) introduction of the law of multiple 
proportions. This faw asserts that when two elements combine to 
form several different compounds, the ratios of their combining 
weights are always small integer multiples of one another. The 
third advance was Gay·Lussac's (1809) discovery of the law of 
combining volumes for gaseous reactions, which states that 
gases combine with each other in very simple ratios by volume. 

These three discoveries provided the foundation for a 
quantitative theory of chemical reactions. and ultimately led to 
the determination of the atomic weights of the elements. To the 
extent that the work of Dalton and Gay·lussac was motivated by 
the atomic hypothesis, these discoveries were not products of • 
pure data·driven induction but were partly guided by theory. 
However, we shall see that data·driven induction is SUfficiently 
powerful to attain the laws without making use of a full· blown 
atomic hypotheela. 

http:BACON.tl
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Finding Numerical Relations in Noisy Data 

We have explored the process 01 quantitative discovery 
through BACON.5. the sixth in a line of programs nalned after Sir 
Francis Bacon (1561-1526). Given a set of independent 
variables. BACON.6 varies one 01 tile terms, looking for relations 
between thai term and some dependent variable. Once a 
functional relation has been found. the parameters in that 
lun::tion are given the status of dependent terms at a higher level 
01 description. When the system varies the next independent 
term. it looks for a relation between that variable and the new 
higher level terms. fhis process continues, with BACON.6 
recursing to higher levels of description. until all the independent 
terms have been incorporated into a complex Quantitative 
relationship. We will not discuss this process in any great detail. 
since it has been described for earlier versions of BACON 
elsewhere [Langley, 1981, Langley, 1982]' 

Unlike previous versions the current system is capable of 
dealing with significant amounts of noise in its data. The program 
uses a differencing technique to find the best polynomial 
h.. nction for relating two terms. However, it also considers 
polynomial relation,S between functions of thase terms, so that 

2relations such as y3 " ax + bx + c. nnd sin(y) " alog(x) + b 
con be found. The diff.erenCing method accepts any relation that 
accounts for more than a uSE:r·specified percentage of the 
variance in the data. When this requirement for explained 
variance is high, BACON.6 behaves much like its predecessors: if 
the data are noise-free. it generates only a single hypothesis; 
however. if the data are noisy, it fails to hnd any relation at all. In 
contrast, when the setting is low, the system tends to generate a 
number of alternate hypotheses, whether the data are noisy or 
not. 

In cases where a number of competing hypotheses have been 
generated, BACON.6 must have some way to order these 
hypotheses. In addition to the explained variance, the system 
takes into account the complexity of each law. measuring this by 
the number 01 terms that make up the polynomial expression. 
The user can sper.ify the exact role played by the two criteria. but 
in our experiments with the system, we have found that the ratio 
of explained· variance to complexity gives good results. Once the 
seore lor each hypothesis ha:;; been calculated, a threshold 
score is computed, and only those laws exceeding the threshold 
are retained. BACON.6 also takes the generalilr of each law into 
account. For example, if two laws are found to describe the 
relation between y and z when x " 1.0, but one ot these laws 
does not fit well when i = 2.0, then that law will be rejected. In 
this way, the system ensures that only hypotheses holding 
across a broad ra.nge of data are retained. 

Postulating Intrin3ic Properties 

While the nbove heuristics nre useful for discovering relations 
between numerical terms. they cannot be used to relate nominal 
or symbolic independent terms to numeric dependent variables, 
ano this is precisely the situatiQfI in which the early chemists 
found themselves. For instance, the independent terms in 
Proust's, Dalton's, and Gay-Lussac's chemical experiments were 
the elements or compounds involved, while the dependent terms 
were numerical measures such as weight or volume. In such 
cases, BACON.6 defines intrinsic properties that take on numeric 
values, and then associates these properties with the nominal 
terms. 

ElE...,EN1 1 ELEMENT 2 COMPo Ww1 2 W')./Wl 

NITROGEN OXYGEN NO 1.0 1.14 1.14 
IIITROGEN OXYGEN NO 2.0 2.28 1.14 
NITROGEN OXYGEN NO 3.0 3.42 1.14 
NITROGEN OXYGEN N20 1.0 0.57 0.57 

NITROGEN OXYGEN N20 2.0 1.14 0.57 
NITROGEN OXYGEN N20 3.0 1.71 0.57 
NITROGEN OXYGEN N02 

1.0 2.28 2.28 
NITROGEN OXYGEN N0

2 
2.0 4.58 2.28 

NITROGEN OXYGEN N02 
3.0 8.84 2.28 

Table 1. Determining the combining weights for reactions. 

Let us consider the role of intrinsic properties in BACON.6's 
rediscovery of the early chemical laws. Given control over the 
substances entering and resulting from a reaction, as well as the 
weight of the first substance that is used, the system gathers 
data like those shown in Table 1. Upon varying the amount of 
oxygen used to form nitric oxide (NO). the program discovers 
that the two weights w1 and w are linearly related with a slope 2 
of 1.14 and an intercept of zero. Upon varying the output of the 
reaction, BACON.a then examines the weight relations for the 
compound nitrous oxide (N20). In this case, the law is also 
linear, but the slope has changed to 0.57. A similar result is 
obtained when the system examines the values for nitrogen 
dioxide. and in this case the slope is 2.29. 

The slopes that BACml.6 finds in these experiments ara 
closely related to the weight ratios found by Proust.. Having 
found these ratios, the program summarizes its results at a 
higher level of description, as shown in Table 2, and treats these. 
summaries as data. The table also includes the results obtained 
for two 'eactions of oxygen and carbon. In this case. the system 
finds three nominal independent terms and a single numeric 
dependent variable, so it defines an intrinsic property (say p) 
whose values are associated with the three nominal values under 
which they occur. Thus. the value of p for the triple 
nitrogen/oxygenlnitric oxide would be set to 1.14, the value for 
nitrogen/oxygen/nitrous oxide would be 0.57, and the value for 
nitrogen/oxygen/nitrogen dioxide would be 2.29. As stated, 
these intrinsic values simply store an already knowll fact, and in 
this sense they are tautological. However, they can be retrieved 
in future experiments involving the same chemicals. and used to 
make predictions or to discover new empirical laws. 

Noting Common Divisors 

As we have seen, Proust's insight about combining weights 
laid the groundwork for Dalton's law of multiple proportions. This 
law stated that in cases where two elements combine to form 
different compounds, the ratios of their combining weights were 
always small integer multiples of one another. BACON.6 includes 
a heuristic which lets it discover just such a relation in the data 
from Table 2. This heuristic operates whenever the system 
defines a new intrinSic property, and examines the values of the 
new property to see if they (or their inverses) have a common 
divisor. This technique is especially useful when intrinsic values 
are associated with multiple nominal values, as often occurs in 
chemistry. We have described both the intrinSic property and 
common divisor methods at length in earlier papers [Bradshaw, 
1980, Langley. 1983]. 
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In this case, BACON notes that 1.14,0.57, and 2.28 have the 
common divisor 0.57, and would rap/ace these intrinsic values I 

with their corresponding integers 2, 1, and 4. In addition, the 
program defines a higher level intrinsic property based on the 
divisors it finds in different situations, and associates the divisors 
with those cases. Thus, the common divisor 0.57 would be 
associated with the nitrogen/oxygen pair, while the divisor 1.33 
would be associated with carbon and oxygen. These relations 
are formally equivalent to Dalton's law 01 multiple proportions. 
BACON takes a similar path in discovering Gay-Lussac's 
common divisors lor combining volumes, and has even arrived at 
the correct relative atomic weights of hydrogen, oxygen, and 
nitrogen from data similar to those in Table 1. Thus, BACON's 
discovery mechanisms account for many of the quantitative laws 
found by chemists in the early 19th Century. 

ELEMENT, ELEMENT 2 COMPo w ,w, P W2'W 1P2

NITROGEN OX.YGEN NO '.14 2 0.57 
NITROGEN OXYGEN N20 0.57 0.57 
NITROGEN OXYGEN N02 2.28 4 0.&7 

CARBON OXYGEN CO 1.33 1 1,33 
CARBON OXYGEN CO2 2.88 2 1.33 

Table 2. Noting common divisors for chemical reactions. 

Expectation-Driven Discovery 

The discovery heuristics we examined above can all be 
characterized as dala-driven techniques. In other words, 
although they search a predefined space of hypotheses, the 
directions followed during that search are largely controlled by 
the data that are observed. However, the current version of 
BACON (along with its immediate predecessor, BACON.5) also 
includes expectation-driven discovery heuristics. These range 
from very simple rules for expecting the same form of law to hold 
across different contexts, to much more sophisticated 
assumptions about symmetric laws. The second of these is 
employed in cases involving two objects, each having the same 
set of associated variables. For instance. in a collision between 
two balls, one can measure the initial and final velocities for each 
object. In· such situations, BACON.S first finds a partial law 
relating the terms associated with one of the objects, and then 
assumes that the final law will have a symmetric form. Using this 
technique, the system has rediscovered Snell's law of refraction, 
Black's speCific heat law, and conservation of momentum. 
BACON's expectation-driven methods have been described in 
greater detail in an earlier article, so we will not elaborate on 
them here (Langley, 1982]. 

Such heuristics simplify BACON's task in two important 
respects. First. they allow the system to consider a few alternate 
hypotheses in a top-down manner, rather than forcing it to 
systematically search the entire hypothesis space In a bottom-up 
fashion. Second. these heuristics greatly reduce the data the 
system must collect in order to deterMine laWl!. Since the 
program expects laws of only a few alternate forms to occur, it 
need gather only enough observations to determine parameter 
values and to see which of these fares best. In addition, 
BACON's expectation-driven methods simplify the discovery 
process with very little loss in generality. This results from the 
fact that they obtain their expectations not from domain-specific 
knowledge, but from relations that have been found by the data­
driven methods. This interaction between data-driven and 
expectation·driven techniques lets BACON take advantage of its 
early discoveries to direct its search at later stages. 

Comments 

In the f)recfteCling pages. we have described BACON's inputs, 
outputs. and the heuril!;tics it employs to generate one from the 
other. By itSell. BACON provides an interesting and useful 
account of the discovery of quantitative empirical laws. However, 
the system leaves some important questions unanswered. For 
example, howdOelj BACON decide which variables to employ in 
the experiments it rUIl$? Similarly, how are the laws generated by 
the system put to u~? In the current version, the representation 
of data is provided by the programmer, and the laws are simply 
print. on ilterminal screen. One can imagine a version of 
BACON with an improved user interface, serving as a scientist's 

'aide in analyzing data, and fulfilling a useful function while still 
requiring its user to design its input and interpret its output. This 
is one direction in which the system might be extended, and it 
should probably be done. 

However, if one's goal is to understand the nature of scientific 
discovery, then a more serious answer to the above questions is 
required. The introduction of expectation-driven heuristics 
provides a partial answer to the second question, stating that 
laws found in one context are used to reduce the search for taws 
in other contexts. However, we know from the history of science 
that laws also lead eventually to theories and explanations, and 
BACON has little to say about such aspects 01 discovery. This 
suggests that we will find answers to both questions only by 
studying other facets of the discovery process. Although 
constructing AI modelS of these components would undoubtedly 
be interesting even in isolation, tile true advantage will come 
from exploring the interrelations between different forms of 
di~ov.ry. Our long-range goal, then, should be to understand 
components of the discovery process whose outputs can be 
used as BACON's inputs, and to uncover other components 
which can employ BACON's outputs as their inputs. In the 
remainder 0' the paper, we focus on three different models of 
discovery that we have constructed to this end, and we close 
with some speculations on possible interactions between the 
various systems. 

Discovering Qualitative Empirical Laws 

Although BACON's heuristics are quite useful for discovering 
quantitative relations, they cannot be applied when only 
qualitative information is avallable.2 "'or example, let us consider 
the state of chemistry before scientists discovered theories 
invollling quantitative measures such as weight and volume. By 
the 17th and 18th Centuries, chemists had made considerable 
progress in classifying substances on the basis of qualitative 
properties. During this period, researchers focused on features 
such as the taste and texture of substances, as well as their 
interactions With other substances. Thus, they knew that the 
substance we now call hydrochloric acid had a sour taste. and 
that it combined with ammonia to form NH4CI (though the 
structure of this compound was not known). Moreover, tiley 
knew that sulfuric acid also tasted sour, and that It also 
combined with ammonia to form (NH412SO4' From such facts as 
these, the early chemists defined classes such as acids, alleaf;s. 
and salts, and formutated laws involving these terms, such as 
"acids taste sour" and "acids react with alkalis to form salts". 
Eventually, they came to view both alkalis and metals as special 
cases of the more abstract concept of a base, and arrived at the 
more general law that "acids react with bases to form salts". 

2The Intrinsic property heuristic does let one associate 
numbers with symbols, but some numbers must be present at the 
outset. 

http:di~ov.ry
http:1.14,0.57
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A Qualitative Discovery System 

In our elforts to understand tile process by which chemists 
arrived at the nOlions of acids and bases. and by which they 
developed theories involving these terms. we constructed a 
second discovery syslem Ihal accepts Qualitative facts as input. 
We have named the program GLAUBER, after the 17th Century 
German chemi"t who played an i!l1portant role in dtweloping the 
concepts of acids and bases. Before considering the program's 
heurislics. we should examine its representation of data, since 
Ihis representation is closely linked to its discovery methods, 

GLAUBER represents facts using a simple frame· like 
structure. Each fact contains a predicate that specifies the type 
of fact it is. along with one or more attribute, value pairs. For 
example, the fact that HCI reacts with NH3 to form NH4CI would 
be stored as (reacts inputs (HCI NH3) outputs (NH4CI». Here the 
predicate is reacts, the attributes are inputs and outputs. and the 
lists (I-iCI Nf1 ) and (NH 4CI) are the values for these attributes. 

3
GLAUBER knows that the order of symbols in a value list does 
not maUer, so that (reacts inputs (NH HCI) outputs (NH4CI))3
would be considered identical to the above fact. The knowl6dge 
that Hel tastes sour would be stored as (has·quahty object (HCI) 
taste (sour», In this case the lialues are enclosed in parentheses 
for consistency with other predicates (such as reacts), which 
may have multiple symbols as values. The reason for not 
representing this fact in the simpler form (sour object (HCI» will 
become apparent shortly. 

Like BACON, the GLAUBER program is largely data·driven, in 
that the data it observes play a major role in determining the 
hypotheses it generates. GLAUBER's first heuristic searches lor 
recurring patterns in these data; it may be stated as: 

If two facts have the same predicate, 
and havo the same value for the same attribute, 

then create a pattern identical to these facts, but in 
which differing values are replaced by class names 

For instance, given the two lacts (reacts inputs (HCI NHa) 
outputs (NH4CI» and (reacts inputs (H2S04 NH3) outpufs 
(NH4)2S04»' the system would note that the symbol Ntta 
occurred in the value of the inputs property in both cases. As a 
result, it would define two classes (say class· 1 and class·2). and 
create an abstract pattern in which the class names replace the 
differing symbols, but which retains the constant term NHa, In 
this case. the pattern would be (reacts inputs (class·1 NH )

3
outputs (class·2». Given this strategy, GLAUBER must represent 
the taste of an object as a value rather than as a predicate, if it is 
ever to note recurring tastes. 

As soon as the system creates such a pattern, a second 
heuristic comes into play, which is responsible for assigning 
app(opriate substances to the ("lasses that have been defined. It 
may be paraphrased: 

If you have just created a pattern, 
then find all facts that fit this pattern, 

and add the values which differ in those facts 
to the appropriate classes. 

This rule iterates through the list of known facts, c.hecking each 
one to see il it obeys the new p3ttern. This occurs when a fact 
has the same predicate as the pattern, and when all non·class 
symbols are the same, Minimally, the two facts that first led to the 
pattern's creation will match. and the symbols that differ in these 
facts will be ndded as members 01 the class mentioned in the 
pattern. In our example. the chemicals HCI and H2S04 would be 
stored as members of class·t, while NH4CI and (NH4)2S04 
would be stored with class·2. Since the substance NHa occurs in 
both inputs, it would not be added to any class at this tIme. 

Table 3 presents a set of facts that were generally known by 
Chemists in the 17th Century, This set IIlclud€'s il1forrnatit)11 about 
reactions between chemicals, as woll as information about the 
tastes 01 individual substance:s. When GLAUBER was presented 
with this set 01 propositions. it arrived at a class of sour·tasting 
substances, a class of bitter· tasting ones, a clas') 01 salty ones, 
and some 12 classes defined in terms o! reactions with other 
chemicals. 

(reacts inputs (HCI NaOH) outputs (NaCI)) 

(reacts inputs (HCI KOH) outputs (KCI» 

(reacts inputs (HCI NH ) outputs (NH CI» 

(reacts inputs (HN03 JaOH) outputs (NllN03» 

(reacts inputs (HN03 KOH) outputs (KNO » 

(reacts inputs (HN03 NH3) outputs (IJH4;t03» 

(reacts inputs (H2S04 NaOH) outputs (Na2SO4» 

(reacts inputs (H2S04 KOH) outputs (K2S04» 

(reacts inputs (H2S04 NH3) outputs ((NH4)2S04» 

(has'Quality object (HCI) taste (sour» 

(has· Quality object (HN03) taste (sour» 

(has·quality object (H2S04) taste (sour» 

(has'Quality object (NaOH) taste (biUer» 

(has'Quality object (KOH) taste (bitter)) 

(haS'Quality object (NH3) taste (biUer» 

(has· quality object (NaCI) taste (salty» 

(has'Quality object (KCI) taste (salty» 

(has'Quality object (NH4CI) taste (salty)) 

(has'Quality object (NaN03) taste (salty» 

(has· quality object (KN03) taste (salty» 

(has'Quality object (NH4NO ) taste (salty» 

(has·Quality object (Na2S0~ taste (salty)) 

(has· Quality object (K S04) taste (salM) 

(has· quality object «t.l}j4)2S04) taste (salty» 


Table 3. Chemical facts presented to GLAUBER. 

If the early chemists had stopped at this point, their developing 
science might have remained a mass of isolated regularities. 
However, they also note.'<i that certain j.)atterns tended to occur 
together, and GLAUBER uses a third heuristic to notice such 
co· occurrences: 

II two classes A and B 

have enough members in common, 


then combine them into a single class C, 

and store the patterns for A and B with C. 


This rule would note, for example, that the class of HCI·reacting 
substances has the same members as the class of 
HN03-reacting substances, and would define a new class (let us 
call it the class 01 alkalis) that subsumes both 01 the original 
classes. The more specific classes would be abandoned, but 
their associated patterns would be stored with the alkali concept 

Thus, the alkali class would have two associated patterns ­
one stating that alkalis tend to react with HCI, and another 
stating that IIle, also tend to react with HN03. Alter making this 
combination, the same heuristic would note that the alkali class 
and the class of substances that react with H2S04 also have 
have identical members. The process would be repeated, this 
time replacing alkalis and the H2S04·reacting class with another 
class (say alkalis'), This new class would have three associated 
patterns, one relerring to reactions with Hel, another to 
reactions with HN03, and a third to reacUons with H S0

4
, 

GLAUBER continues to apply the combination heuristic until all 
claS&es with enough members in common have been combined. 
The exact meaning 01 the phrase "enough in common" depends 

2
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on the setting of a system paramete~; however, we have kept it 
close to 100 percent to avoid the combination of all classes into 
one sllperclass. 

Note that when two classes with non· identical members are 
combined, GLAUBER is effectively deciding to incorporate a 
pattern into the delinition of a concept even though that pattern 
does not hold lor all examples of tile concept. Thus, il most 
alkalis tasted bitter - but not all of them - the system would still 
add this as one of the main characteristics of alkalis, even 
though exceptions to the rule exist. This is an important 
characteristic of GLAUBER's approach to discovery, since there 
are few concepts in any branch of science that do not include 
some exceptions. In order to avoid overgeneralizations, the 
system stores Ihe names of substances obe}'ing each particular 
pattern. 

A closely related heuristic applies when the members of one 
class appear to be a subset of the members of another. In such 
cases, the subset class is retained, but its associated patterns 
are copied over to the superset class and stored with it as well. 
With respect to the acid/alkali data Shown in Table 3. this 
situation occurs for various classes of salts. For instance. 
GLAUBER defines one class consisting of substances that have 
salty tastes. and another composed of compounds that result 
from reactions with HCI. Since the second of these classes is a 
subset of the first, the latter's pattern is copied (with the first 
class's name being substituted for the second) and added to the 
first class's set of aSSociated patterns. Table 3 presents the 
three main classes that GLAUBER settles on using its two 
heuristics for combining classes, along with their members and 
associated patterns; these classes are very similar to the 18th 
Century chemists' nollons of acids, alkalis, and salts. 

ACIDS: {HCI, HN0 , H SO4}3 2
(reacts inputs (acid NaOH) outputs (salt» 
(reacts inputs (acid KOH) outputs (sail» 
(reacts inputs (acid NH ) outputs (salt) 3
(has· quality object (acid) taste (sour» 

ALKALIS: {NaOH, KOH, NH } .3
(reacts inputs (HCI alkali) outputs (salt)) 
(reacts inputs (HNO alkalI) outputs (.salt» 
(reacts inputs (H2S84 alkalI) outputs (.salt)) 
(has·quality object (alkali) taste (bitter» 

SALTS; {NaCI, KCI, NH4CI, NaN03, KN03, NH4N03, 
Na2S04, K2S04, (NH4)2S04} 

(reacts inputs (acid NaOH) outputs (.salt» 
(reacts inputs (acid KOH) outputs (.sslt)) 
(reacts inputs (acid NH ) outputs (.salt)) 
(reacts inputs (HCI alka~) outputs (.salt) 
(reacts inputs (HNO alkali) outputs (.salt)) 
(reacts inputs (H2S64 alkali) outputs (.salt)) 
(has· quality object (.salt) taste (salty)) . 

Table 4. Classes retained by GLAUBER after: combination. 

At this point, GLAUBER has arrived at a set of classes that 
accurately summar!ze the data, but its patterns are still fairly 
specific. Thus, it has defined a class of substances with sour, 
bitter, and salty tastes, but it does not yet have a general law 
relating acids, alkalis. and salts. To arrive at .such a law, 
GLAUBER must employ a final heuristic that is very similar to 
BACON's rule for recursing to higher levels of description; it may 
be paraphrased: 

If you have found all the patterns that you can, 

and combined all the classes that you can, 


then treat the known patterns as facts, 

and apply the other heuristics to them. 


This rule leads the program to examine the patterns shown in 
Table 4 and to treat them as iI they were data, thus generating 
new classes and patterns. For instance, given these data, the 
first heuristic discussed above would note the recurring symbols 
all!ali and salt in the "facts" (reacts inputs (HCI alkali) outputs 
(salt» and (reacts inputs (HN0 alkali) outputs (salt». As a3 
result. it would define a new class (say alkali· reactors) and use it 
in the higher level pattern (reacts inputs (alkali· reactor alkali) 
outputs (salt». Alter this, the second heuristic would add the 
chemicals HCI, HN0 , and H2SO4 to this class, since each of 3
them occurs in a second level fact that fits the pattern. Later, 
after other higher level patterns and classes have been defined, 
our third heuristic would note that the class of alkali· reactors has 
the same members as the class of acids, and combine the two 
categories. When this process is complete, GLAUBER is left with 
basically the same classes as shown in Table 4, except that each 
has thi! associated pattern "acids react with alkalis to form 
salts".3 

When GLAUBER is presented with facts about metals (such as 
their texture and reactions) as well as information about alkalis, 
the system follows a somewhat more complex, but basically 
similar, path. It formulates a class of HCI·reacting substances, 
consisting of both metals and alkalis, very early on, as well as 
identical classes based on reactions with the other acids. The 
class of alkalis (as distinct from metals) is originally defined 
entirely in terms of taste, while metals are defined in terms of 
textur9. Since both of these classes are subsets of the various 
acid·reacting classes, their associated patterns are copied over 
to the supersets. Alter combining overlapping classes and 
recursing multiple times, GLAUBER arrives at concepts for 
alkalis, metals, and bases which are similar to those defined by 
the early chemists. 

Limitations and Extensions 

In its present form, GLAUBER has a number of important 
limitations, and these should be remedied in future versions of 
the system. For one thing, the existing representation of 
qualitative laws is ambiguous. For instance, the pattern (reacts 
inputs (HCI class·1) outputs (class-2» contains implicit 
quantifiers on the terms class·1 and class·2. but it is not clear 
whether these are universal or existential. The following 
interpretation seems to be a useful one. Whenever GLAUBER 
generalizes by replacing constant terms with class names, a 
number of alternate patterns should be produced. In each of 
these, one of the class names is universally quantified, with the 
remaining classes being existentially quantified (with the 
universal quantifier occurring first). As a special case, if only one 
class in created, it is universally quantified. 

Thus. if N classes are introduced, N alternate patterns are 
created. For instance, in the above example. two statements 
would result: "for all members X of class· 1 , there exists a 
member Y 01 class·2, such that HCI reacts with X to form Y", and . 
"for all members Y of class·2, there exists a member X of class· t 

3we have used the munes "acid-, "alkali", and "salt" in the 
table for the sake 01 clarity, though of course GLAUBER does not 
generate them. 
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such that Hel reacts with X to form Y". Upon comparison with 
the data, an extended version 01 GLAUBER might decide that 
only one of these statements was accurate. or it might decide 
that both were useful summaries of the observed phenomena, 
The ambiguity of the current representation has not yet caused 
difficulties because both interpretations hold for the theory of 
acids and bases. However, one can imagine domains in which 
only one interpretation describes the data. and the system's 
representation of laws and its decision processes should be 
extended to deal with these cases. 

A second limitation is that the existing version fails to find 
recllrring relations between conjunctions of facts. For instance, 
slippose one observed (a5 Mendel did) that when certain green 
garden peas were seif·fertili:ted, they produced only green 
offspring. but that when other green peas were self·fertili:ted, 
they produced both green and yellow children. In this case, we 
would like GLAUBER to divide the green peas into two classes 
based not on their own directly observable features (since these 
(lre identical), but based on the leatures ollheir offspring. Thus, 
In looking for patterns. the system would have to examine not 
only single facts, but pairs 01 facts, triples of facts, and so forth. 
Such a strategy, though much more expensive than the current 
one. would enable the program to note that some green peas 
have only green offspring, while others have mixed offspring, 
and to classify them on this basis. 

A final difficulty with GLAUBER relates to the system's search 
through the space of patterns and classification schemes. The 
current version completes a run with a number of classes. some 
having many associated patterns and others having only a few or 
even one attached pattern (such as the sub·class of salts that are 
formed from reactions involving HCI). From the early chemists' 
viewpoint, some of these classes were clearly more important 
than others, while the GLAUBER treats all classes as equal. 
Since the system has so far only been tested on carefully crafted 
data. this strategy has not yet caused any difficulties. However, if 
the program is ever presented with large set of facts (some of 
which contain minor or even spurious regularities), it will require 
some method for focusing attention on some classes in 
preference to others. In future versions of GLAUBER, we plan to 
use the number of patterns associated with a class as one 
measure of importance, since this seems to have been used by 
chemists in focusing on the concepts.of acids, alkalis, and salts 
rather than on the outputs of reactions involving HCI, NH3, and 
so forth. 

Another relevant factor relates to the empirical content of a 
pattern. For instance, consider the statements "acids taste 
sour" and "acids dissolve metalS". The first of these refers to a 
~ingle property of acids, while the second relates acids to metals. 
If three substances are known to be acids, while four substances 
are known to be metals, then the first statement predicts only 
three facts, while the latter statement predicts twelve different 
facts. Presumably, patterns that make many predictions should 
be given greater weight than those making few predictions. 
Thus, one can imagine measuring the importance of a class as a 
linear function of its associated patterns. with the empirical 
content of each pattern acting as coefficients. The details of this 
scheme remain to be elaborated, but the basic idea of focusing 
on classes that account for the most data seems to be a plausible 
approach. 

Determining Components of Substances 

The forms of discovery we have examined in earlier seclions 
wore all concerned with finding empirical laws that summarized 
observations. However, an equally iMportant form of discovery is 
concerned with finding explalltl!ions of phenomena. The 
distinction between description and explanation is not clear·cut. 
uut the laws generated by BACON and GLAUBER definitely seem 
to lie at the description end of the spectrum, while .such 
constructs as tho phlogiston theory, the atomic theory, and the 
kinetic theory of gases lie more toward the explanatory end. In 
our attempt to understand the nature of explanatory discovery, 
we have iloplemented two programs that attempt to determine 
the underlying structure of reactions. In contrast to BACON and 
GLAUBER, these systems employ knowledge about the nature of 
reactions to aid in the explanation process, so they are not as 
general as the earlier empirical discovery programs. In this 
section we describe STAHL, a system that attempts to determine 
the components involved in a set of reactions. In the following 
section we consider DALTON, a program that uses information 
about the components of substances to construct molecular 
models of reactions. 

Heuristics for Determining Components 

A primary goal of the early chemists was to determine the 
components of various substances. and information about the 
reactions between substances proved Quite useful in this regard. 
We have implemented a system that infers such components 
from a set of data about reactions. The program is named 
STAHL. afterG. E. Stahl (1660· 1734), who played an important 
role in formulating the phlogiston theory, which was primarily 
concerned with the components of combustible bodies. Like 
GLAUBER, this program accepts qualitative information as input, 
and generates Qualitative statements as output. In fact, this 
information can be represented in the same format, with the 
input being statements like (reacts inputs (hydrogen oxygen) 
outputs (water)) and the output being statements like 
(composed·of substance (water) components (hydrogen 
oxygen». However, since STAHL's conclusions relate to the 
internal structure of substances, they can be viewed as 
explanations rather than simple descriptive summaries. 

As with the earlier systems, STAHL's approach to discovery 
can be summari:ted as a set of heuristics. The most basic of 
these heuristics deals with simple synthesis and decomposition 
reactions, and lets the system infer the components of a 
compound. It can be stated: 

If A and B react to form C, 

or if C decomposes into A and B, 


then infer that C is composed of A and B. 


An obvious example of this rule's use involves determining the 
components of water. Given the \nformation that hydrogen 
reacts with oxygen to form water. STAHL would infer that the 
latter substance is composed of the first two. Note that 3T AHL 
does not draw any conclusions about the amount of hydrogen 
and oxygen contributing to water, but only that they contribute 
something. Of course, the rule is not limited to reactions 
involving pairs of elements, but can also deal with cases in which 
three or more substances unite to form a compound. 

http:concepts.of
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If all chemical reactions were of the simple form shown above, 
STAHl's task would be simple indeed. However, more complex 
reactions are common in chemistlV, so STAHL includes 
additional heuristics for dealing with these more complex 
situations. The purpose of these rules is to simplify such 
reactions, with the goal of transforming them into a form that can 
be matched by the synthesis/dec.omposition rule shown above. 
One such rule is responsible lor "canceling" out substances 
occurring on both sides of a reaction; this "reduction" rule can 
be paraphrased: 

If A occurs on both sides 0' a reaction, 
then remove A 'rom the reaction. 

This heuristic leads directly to a simplified version of a reaction. 
For instance, if S1 AHL is told that" A, B, and C react to form 0 
and CU, this rule would apply, giving the simplified reaction "A 
and B react to form 0". This revised relation would then be used 
by the synthesis/decomposition rule to infer that 0 is composed 
01 A and B. One can imagine cases in which this approach would 
lead to errors, as when different amounts of a substance are 
observed belore and after a reaction. However, one can also 
imagine more conservative versions of the heuristic that require 
equal amounts of the canceled substance to occur on each side. 

STAHL incorporates a third heuristic that initially leads to more 
complex statements of reactions, but may make it possible for 
the reduction rule to apply. This heuristic draws on information 
about the components of a substance that have been inferred 
earlier; it can be stated: 

If A occurs In a reaction, 

and A is composed 0' Band C, 


then replace A with Band C. 


For instance, the system may know that X is composed of V and 
Z, and that "X reacts with W to form V and Z". In this case, the 
substitution rule would let us rewrite the second relation as "V, 
Z. and W react to form V and Zoo. Given this formulation, the 
reduction rule would lead to "V and W react to form V", and the 
synthesis/decomposition rule would lead to the conclusion that 
V is composed of V and W. As before, this rule is not restricted to 
substances composed of two elements, but works equally weH 
for more complex structures. 

Two final heuristics let the system determine when two 
substances that were originally thought to be different are in fact 
identical. The first of these rules may be stated: 

If A is composed 0' Band C, 
and A is composed of Band 0, 

then identify C with D. 

This heuristic applies when one learns that a compound can be 
decomposed in two different ways, but in which those 
decompositions differ by a only single substance. The second 
rule is very similar, except that it applies when two apparently 
different compounds are found to have the same components. It 
can be paraphrased: 

If A is composed of C and D. 

and B is composed of C and 0, 


then identify A with B. 


The history of chemistry abounds with cases In which a new 
substance was discovered in two different contexts, was 
originally thought to be two distinct substances, and was 
eventually combined into a single concept. We will see an 
example of such identification shortly. 

One of the h,teresting features of STAHL is the manner In 
which its heuristics interact. Note that the substitution rule 
requires knowledge of a substance's composition, so that some 
inferences about composition. must be made before it can be 

used. However. we have also seen that complex reactions must 
be rewritten by the reduction. and substitution rules before some 
comp()sition inferences can be made. This interdependence 
leads to a "bootstrapping" effect, in which inferences made by 
one of the rules enables further inferences to be made, these 
allow additional inferences, and so forth, until as many 
conclusions as possible have been drawn. Thi3 process 
generally begins with one or more simple reactions, but after this 
tne particular path taken depands on the data available to the 
system. Below we consider a simple example of STAHL's 
beha\lior in relation to the pNogiston theory. 

Discovering the Phlogiston Theory 

The theory of phlogiston originated early in the 18th Century, 
and after undergoing several transformations, was widely 
accepted until the 1780's. This theory adopted the ancient view 
that fire, heat, and light are different manifestations or a common 
prinCiple that leaves a body during combustion. Therefore, any 
reaction involving combustion was viewed as a decomposition; 
for instance. burning coal was interpreted as decomposing into 
the matter of fire (another term for phlogiston) and ash.4 Early 
phlogistians were not able to isolate phlogiston, but the 
disengagement of lire during combustion seemed to be a good 
observational reason for admitting the disengagement of a 
substance from the burning body. Later, as the notion of 
phlogiston proved useful in explaining many additional reactions, 
the existence of this substance was supported by a substantial 
body of evidence. 

After they began to study combustion within closed vessels, 
chemists realized that air was necessary for combustion to 
occur. However. they did not assume that air changed its 
chemical identity during this process. Rather, they decided that 
air pfayed an auxiliary role, similar to that played by water In 
reactions involving acids, alkalis, and salts. Thus, even starting 
with empirically more complete descriptions of combustion, such 
as "in the presence of air, carbon burns to release phlogiston 
and to form ash". they employecl the reduction heuristic to 
remove air and simplify the relation. Given such data, STAHL 
makes similar "errors" in reasoning, so that it provides a simple 
explanation of the process by which chemislS developed 
phlogiston·based models of combustion reactions. Such 
confusions are common in the history of chemistry, and a similar 
error led the followers of lavoisier (around 1810) to believe that 
sodium was a compound of soda and hydrogen. 

Let us examine the path taken by STAHL in arriving at results 
that are very similar to the phlogiston theory. Suppose we 
present the system with two facts: (reacts inputs (coal air) 
outputs (matter· of· fire ash air» ~nd (reacts inputs (calx·of·lron 
coal air) outputs (iron ash air». One may question the exact 
representation of these facts, but clearly something very much 
like them was believed during the period in which the phlogiston 
theory was developed. Given this information, STAHL would 
immediately apply its reduction heuristic, giving the revised 
reactions (reacts inputs (coal) outputs (matter. of· fire ash)) and 
(reacts inputs (calx-of-Iron coal) outputs (iron ash». The first of 

4Several decades later, in the second haH of the 18th Century, 
fixed air (carbon dioxide) was discovered, and recognized as the 
product of burning coal in place of ash. 

5Calx of iron was the current name for iron oxide; we have 
used the original terminology because the modern term Ie baaed 
on the oxygen theory developed by Lavoisier. 
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these revisions, combined with the syntheSis/decomposition 
rule, leeds directly to the inlerence thu.t coal is composOO of 
matter·ol·fire lor pnlogiston) and ash, which was one tenet of the 
eady phlogiston theory. Having arrived at this conclusion, 
ST AHL would apply the substitution rule, generating the 
expanded relation (reacts inpuls (calx-of· iron ash matter-of-fire) 
outputs (iron ash)). At this point, the reduction rule is used to 
remove ash from both sides 01 tbe equation, giving (reacts inputs 
(calx-ol-iron matter· of-lire) outputs (iron». Finally, the 
synthesis/decomposition heuristic leads STAHL to inler that iron 
is a compound composed of calx·ol·iron and the matter 01 fire. 

Next, let us consider how STAHL employs its identification 
heuristics with respect to the phlogiston theory. Suppose we give 
the system the following additional data: (reacts inputs (iron 
sulfuric·acid water) ouptuts (vitriol·ol-iron inflammable-air 
water)) and (reacts inputs (calx· of-iron sulfuric·acid water) 
ouptuts (vitriol·ol·iron water».6 Given these facts, STAHL 
(emoves the water from both reactions using the reduction rule. 
This sufficiently simplifies the second reaction so that one can 
apply the synthesis heuristic, inlerring that vitriol-ol·iron is 
composed 01 calx·ol-iron and sulfuric-acid. This lact is 
substituted into the lirst reaction, giving (reacts inputs (iron 
sulfuric-acid) outputs (calx·ol·iron sulfuric·acid inflammable­
air)). After eliminating sulfuric· acid from both sides 01 this 
expression, STAHL inlers that iron consists 01 calx·ol·iron and 
inflammable air. However, the system knows from the other 
reactions described earlier that iron can also be decomposed 
into calx·ol·iron and phlogiston. Using the first of its 
identification heuristics, the system infers that inflammable·air 
and phlogiston are identical. Both the reasoning and 
conclusions of STAHL in this example are the same as those of 
Cavendish and other phlogiston theorists during the 1760's. 

Constructing Molecular Models 

Once the substances involved in a reaction have been 
determined. one can begin to construct molecular models of the 
reaction, in which one specifies the number of times each 
substance occurs in the transformation. Alter John Dalton set 
forth the general form of his atomic hypothesis in 1808, the 
design 01 such molecular models became of central importance 
to chemists. Dalton employed his rule of greatest simplicity to 
apply the atomic theory to specific cases, and though this 
heuristic worked in many cases, it led him to incorrect 
conclusions in others. For installce. it led him to conclude that 
water was composed of a single hydrogen atom nnd a single 
oxygen atom. In contrast. Avogadro (1811) employed Gay. 
Lussac's data on combining volumes, along with the assumption 
that equal volumes of gases contained equal numbers of 
particles. Using this information, he inferred diatomic models for 
hydrogen and oxygen and a different structure for water. 
Although we accept Avogadro's hypothesis today, it was 
rejected by his contemporaries, since they believed that different 
atoms of the same element would repel, rather than attract, each 
other. The explanation for diatomic molecules did not appear 
until well into the 20th Century, when the theory of covalent 
bonds was developed. 

6The formula for vitriol of iron is FeSO 4' while the modern 
name for inflammable air is hydrogen. 

Searching the Space of Models 

In order to further understand the process by which the early 
chemists arrived at such models. we implemented another 
discovery system that constructs molecular models of reactions. 
We have named this program DALTON. since Dalton was the first 
proponent of an atomic theory that explicitly used structural 
models. DALTON knows that two quantities are important in any 
reaction these are number of molecules of each substance 
that take part (in the simplest form of the reaction), and the 

7number of particles in each molecule. Suppose the system is 
told that the element hydrogen reacts with the element oX'fgen to 
form the compound water, and is asked to censtruct a model of 
the components of this process. In this case, the program must 
determine the number of hydrogen, oxygen, and water 
molecules, and the internal structure of each type of molecule. 
The system operates by starting with a very abstract model in 
which no commitments are made, and successively refines this 
model as it proceeds. Let us examine what happens at each 
stage in the search through the space of models. 

(HO+W) 

/"­
«H) O..W) «H) (H)O·,.W) 

/ "­«H) (O)-+~V) «H) (H)(O) ..W) 

I "­«H) (O)..(W» ((H) (H) (O) ... (W) (Wl) 

I \ 
«h) (O).. (W» «h) (h) (0).. (W) (W)) 

I 
((h) (0)"(W» «h) (h) (o) ../(W) (W» «h) (h) "-(oo)+(W)(W» 

I I I 
«h) (0) ...(h 0)) VIOLATES «h) (h) (00) .. (h 0) (h 0)) 

CONSERVATION 

Figu re 1. DALTON's search for a model of the water reaction. 

Star1ing with an abstract model of the form (H 0 ~ W), the 
program first considers the number of hydrogen molecules 
involved. Lacking any theoretical bias, the system chooses the 
simplest hypothesis and assumes a single hydrogen molecule is 
required. If this choice later causes difficulty, the model· builder 
can back up and try another path. Similar initial choices are 
made for oxygen and water, so that the partially specified model 
includes one molecule each. This is represented by the 
proposilion ((H) (0) ..... (W», in which each molecule is enclosed 
in parentheses. 

Now DALTON must determine the internal structure of each 
type of molecule, and it decides to assume initially that both 
hydrogen and oxygen consist of a single elementary particle (say 
h and 0), giving the model «h) (0) ~ (W)). At this pOint, the 
program invokes the strong theoretical assumption that the total 
number of particles in any reaction is conserved. This 
assumption is stated in terms of a condition·action rule that 
checks to see if the model can be finalized in such a way that 

7 Thus, the program begins with a better notion of the true 
situation that did its namesake, since Dalton did not make the 
distinction between atoms and molecules. 
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conservation is obeyed. If this is possible. DALTON outputs the 
completed model and halts, but if the conservation principle 
cannot be satisfied, the system backs up and considers other 
possibilities. In this case, the conservation heuristic tella 
DALTON that the water molecule must be composed of h and 0 

particles, <md that the final model mU$t have the form «h) (0) ..... 
(h 0)). This model is equivalent to the one originally formulated 
by the human Dalton. Figure 1 presents some of the paths 
available in the space of molecular models. In arriving at the 
monatomic model just descril:f:d, DALTON takes the left path, 
and since this leads to an acceptable solution, no backtracking 
is required. 

Directing the Search Process 

As we have seen. DALTON's basic strategy is to carry out a 
depth·first searc,h through the space of models. ordering the 
search so that simple models are considered first. However, 
when enough of the model has been specified. a theory·driven 
heuristic (implementing the conservation assumption) takes over 
and finalizes the model. DALTON can also employ theory·driven 
methods at other stages in its search process. and these 
methods can aller the system's behavior in significant ways. 
Thus. in the above run. the system had no theoretical biases 
other than a belief in conservation of particles and a desire to 
construct as simple a model as possible. However, if we give 
DALTON some additional information about the water reaction, 
its behavior changes drastically. Avog'ldro was aware of Guy­
Lussac's results. and firmly believed that the combining volumes 
he observed were related to the number of molecules involved In 
the reaction. To model this knowledge. we can add the heuristic: 

If you want to know the number of molecules of X 
that are involved in a reaction, 
and the combining volume of X was V. 

then consider only multiples of Vas possibilities. 

Given this assumption (and knowledge of the combining 
volumes). our program would instead postulate two molecules of 
hydrogen and water (and if this was later found to be 
unsatisfactory, four and then six), while it would retain the 
assumption of one oxygen molecule. Thus, at the third level in 
the search tree, DALTON would ha~ the partially specified 
model (H) (H) (0) -> (W) (W)). 

At this point the system would move to consider the internal 
structure of the hydrogen molecule, assuming it was composed 
of a single particle (say h), and would make a similar assumption 
for oxygen. However, for the resulting model. ((h) (h) (0) ..... (W) 
(W)). there exists no decomposition of water in terms of h and 0 

that satisfies the conservation assumption. so the program would 
back up and consider some other alternative. DALTON would 
next hypothesize the oxygen molecule as composed 01 two 
particles. and since this does allow conservation to be satisfied, 
a final model would be constructed in which oxygen is diatomic 
and hydrogen in monatomic: ((h) (h) (0 0) -> (h 0) (h 0)). (These 
two search paths are shown on the right side of Figure 1.) While 
this model differs from the modern·day one, it is consistent with 
Guy·Lussac·s data and encounters difficulty only when other 
reactions are considered. For example, the monatomic 
assumption does not work for the ammonia reaction. 

Like most of the programs we have described. DALTON is 
stated as a production system. In default mode. the system uses 
a few simple rules to formulate simpler models first. and more 
complicated ones as necessary. However. if new condition· 
action rules are added to the system, they take precedence over 

the default rules and can direct search down paths that might 
otherwise not be considered. Thus. one can insert a rule that 
would match if the combining volume of some substance is 
known. and use this information to determine the number of 
molecules used for that substance in the model. The 
conservation assumption is implemented in a similar fashion, so 
that it generates a molecular structure of a reaction's output that 
uses aU particles occurring in the input. 

Once DALTON has generated a successful model for a 
reaction, it converts this knowledge into productions. For 
instance. having arrived at the diatomic explanation of water 
given above. the program would store one rule concerning the 
molecules of hydrogen involved. another for oxygen molecules. 
and a third for the water molecules. If the system is asked to 
explain the water reaction at a later date, it will be able to recall 
the number of molecules without search. DALTON also 
constructs productions describing the internal structure of 
various molecules. and while this knowledge is useful in re­
explaining the water reaction, it is useful in other cases as well. 
For instance. when asked to model the ammonia reaction, the 
system would immediately guess that hydrogen was monatomic, 
based on the success 01 this assumption in its model of water. 
None of the models incorporating this assumption satisfy 
conservation. so the system would back uP. hypothesize that 
hydrogen is instead diatomic. and eventually arrive at the correct 
model for ammonia. 

However. DALTON must also update its model of the water 
reaction. Since the system knows that its monatomic hydrogen 
rule was responsible for leading it astray, it removes this rule 
from memory and replaces it with a diatomic rule for hydrogen. It 
then retrieves the reaction that led it to construct the monatomic 
production, and checks to see il the replacement rule works here 
as Well. In this ease it does, but had it run into difficulty, the 
process would have been repeated. with DALTON considering 
ever more complicated molecular structures (up to a limit), until 
both the water and the ammonia reaction had been successfully 
explained by a single rule. 

Extensions of the Approach 

Although DALTON's methods are concerned with reactions. 
they are not limited to the chemical domain. For example. the 
field of elementary particle physics is also concerned with 
reactions, and with the formulation of "molecular" models to 
explain those reactions. The most widely accepted theory in this 
domain accounts for the internal structure of protons. neutrons. 
and other hadrons in terms 01 a small set of hypothesized 
particles called Uquarks". In its present form. DALTON cannot 
discover the quark theory, but two relatively simple extensions 
should enable the system to arrive at the basic tenets 01 this 
framework. 

First. the current version of DALTON assumes that molecules 
of elements (such as hydrogen and oxygen) are composed of a 
single type of particle (such as hydrogen atoms or oxygen 
atoms). and this assumption considerably simplifies the search 
process in the chemical domain. However, there are no directly 
observable "elements" in the field of particle physics. and In. 
order to explain particle, interactions. one must postulate more 
complex models of hadrons. For example, the basic proton 
"molecule" is viewed as composed not of three proton "atoms", 
but as composed of two u quarks and one d quark. In order to 
regenerate the quark theory. DALTON must be modified to 
search the larger space of models in which such decompositions 
can occur. 
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An equally important aspect of the Quantum theorJ involves 
the conservation of mass and of the various quantum numbers, 
such as spin and electric charge. In order to generate these 
features of the theory, DALTON'must attempt to explain 
quantitative attributes of directly obser/able substances in terms 
of attributes associated with inrerred substances such as Quarks. 
Presumably, these constraints can be stated as theory·driven 
heuristics. much as the conservation 01 particles assumption is 
implemented in the current version. 

A less obvious application of DALTON involves the field of 
classical genetics. For example. the hereditary rules lor garden 
peas, first enumerated by Gregor Mendel in 1866, can be viewed 
as reactions in which characteristics of the parents are 
transformed inlo characteristics of the offspring. Given the first 
extension described above, along with a suitable replacement for 
the conservation assumption (since this does not apply in 
reproductive systems), DALTON should be able to arrive at the 
two-trait model originally formulated by Mendel. Suppose that 
the system is provided with genotypiC statements 01 the rosult of 
inbreeding and crossbreeding, which might be induced by 
another discovery system (like GLAUBER) from phenotypic 
deSCriptions of these reactions. 

For example, if we let G stand lor green peas that produce 
only green offspring. Y stand for yellow peas that produce only 
yellow offspring, and G' stand for green peas that produce mixed 
offspring, then four basic reactions suffice to describe Mendel's 
observations: G G -+ G, Y Y -+ y, G Y -+ G', and G' G' -+ G G' 
Y. Given these reactions, an extended vfl1rsion of DALTON 
should be able to infer that two primitive traits (say g and y) are 
required, and to decide that the genotype G can be modeled by 
the "molecular" pair (9 g), that Y can be modeled by the pair (y 
y), and that G' can be modeled by the pair (g y). As we envision it, 
the system's explanation of these reactions would not involve the 
notion of dominance, nor would it predict the proportions in 
which the various genotypes are observed, but it would account 
for the basic Qualitative relations between parents and ol/spring. 

Toward an Integrated Discovery System 

While each of the systems described above accounts for an 
important part of the discovery process, a more profitable long· 
range goal woult:J be to combine these programs into a single, 
integrated discollery system. One advantage of this approach is 
that it would increase our understanding of the relations between 
the various forms of discovery. Another benefit is that it would 
decrease the degrees of freedom in the individual programs, 
since the outputs 01 some would be forced to conform to the 
inputs of others. In this section, we consider the potential for 
constructing such a unified system, by exploring the possible 
interac~ons between pairs of the individual programs described 
earlier. 

GLAUBER and BACON 

Let liS begin by examining the potential connections between 
our two empirical discovery systems, GLAUBER and BACON. 
Since the first of these deals entirely with symbolic. data and the 
second generates numerical laws, there seems no manner in 
which BACON's output could be used by GLAUBER. However, 
tho possibilities in the other direction appear much better. The 

Bwe will not discuss the relation between BACON and STAHL, 
or that between GLAUBER and DALTON, since no obvious 
interactions present themselves. 

reader will recall that GLAUBER produces two forms 01 symbolic 
knowledge - abstract laws and hierarchies of classes used in 
those iaws - while BACON employs symbolic values for some of 
its independent terms. One can imagine BACON making two 
use,s of GLAUBER's output. First, it might employ the Qualitative 
laws generated by the latter to design its own experiments, rather 
than rely on its programmer for this information. For example, 
suppose BACON were lold by GLAUBER that nitric oxide, nitrous 
oxide, and nitrogen dioxide were all substances that resulted 
from reactions between nitrogen and oxygen. Given knowledge 
of this class of compounds, an extended version of BACON 
might design an experiment in which the substances entering a 
reaction (oxygen and nitrogen) were held constant, while the 
output of the reaction was varied. If Quantitative variables such 
as the weights of the substances were examined, the resulting 
experiment would lead BACON to Dalton's law of multiple 
proportions (as described in an earlier section). 

The second use of GLAUBER's output relates to BACON's 
generalization process. As it is currently implemented, BACON 
initially associates intrinsic values with all potentially relevant 
symbolic conditions, and generalizes by removing conditions 
whenever it finds that a set of intrinsic: values are useful in a new 
context. However, the availability of the classification hierarchy 
generated by GLAUBER presents an alternate generalization 
method. Rather than removing conditions entirely, one can 
generalize by replacing the symbolic value in a condition with the 
name of a class containing that value. For instance. suppose 
BACON has stored a set of intrinsic values, and one of the 
conditions for retrieval is that one of the substances entering the 
reaction is HCI. Now suppose that the system finds these intrinsic 
values useful when the substance is H2SO4 instead of HCI. 
Rather than inferring that this condition is irrelevant. BACON 
might decide that the intrinsic values should be retrieved 
whenever an acid is involved in tIJe reaction (provided that the 
concept of acid has previously been defined by GLAUBER). This 
is a more conservative approach to generalization, and would 
allow BACON to express a larger class of hypotheses than it 
currently can. Of course, the system could eventually decide to 
remove this condition entirely, should the intrinsic values prove 
useful for non·acids as well. 

GLAUBER and STAHL 

We have seen that GLAUBER treats the symbols' reacts, 
inputs, and outputs in the same manner that it treats other 
symbols, while STAHL gives them very special consideration due 
to its knowledge about reactions. Nevertheless, both systems are 
capable of dealing with information about particular reactions, 
so there is considerable room for interaction. Let us first 
consider the path from GLAUBER to STAHL. Although in our 
examples of GLAUBER's operation. we have assumed data like 
(reacts inputs (hydrogen oxygen) outputs (water». note that 
substances like hydrogen, oxygen. and water are not really 
primitive concepts. Rather, these names represent classes of 
objects that share certain recurring features and enter into 
similar relations. Given instances of substances such as these, 
GLAUBER would have no difficulty in formulating these classes 
and finding patterns such as (reacts inputs (hydrogen oxygen) 
outputs (water». In this revised scheme, GLAUBER would 
generate the patterns (which we originally viewed as data) that 
STAHL requires as input. Similarly, STAHL can also accept 
higher level patterns as input, and make inferences about the 
structures of higher level classes. For instance, given the pattern 
(reacts inputs (acid base) output (salt», the system would decide 
that salts are composed of acids and bases. 
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Interactions can occur in the other direction as well. STAHL's 
major outputs are conclusions about the components of 
substances, and the/'EI is nolhing to prevent this information from 
being represented in a form that can be inspected by GLAUBER. 
For example, suppose that STAHL determined that HCI was 
composed of H and CI, while H.,804 was composed of H and 
504, These inferences might be represented as (has­
components object (HCI) components (H CI)) and (has· 
components object (H2SO4) components (H S04))' Given this 
information, GLAUBER would create a class containing the 
substances HCI and H2S04, which it might then combine with 
the acid class. This would lead to the pattern (has· components 
object (acid) components (H acid·components», which Is 
equivalent to stating that acids have hydrogen as one of their 
components. Thus, useful knowledge could now In both 
directions between these two systems. 

STAHL and DALTON 

As we have seen, STAHL focuses on determining the 
components of chemical substances. while DALTON is 
concerned with the number 01 particles involved In a reactlun 
and with their Internal structure. Thus, STAHL can be viewed as 
laying the groundwork for a detailed structural model, with 
DALTON being responsible for finalizing the model. In fact, 
DALTON employs knowledge about the components of a 
substanca In testing its conservation assumption, and it is 
natural to assume that this information comes from STAHL. 
However, since DALTON's outputs are actually more detailed 
versions of the models produced by STAHL, it is unlikely that any 
communication from DALTON to STAHL would be useful. 

BACON and DALTON 

Although we have seen how DALTON's search through the 
space of molecular models can be altered by theoretical 
assumptions stated as productions, we have not discussed the 
origin of the data matched by those rules. For instance, 
Ayogadro's heuristic relied on knowledge of the combining 
volumes of gases. As the reader will recall, such information can 
be generated by BACON's common divisor heuristic, and it Is 
interesting to think that BACON's data·driven heuristics could 
lead to theory· driven behavior in a system such as DALTON. Tho 
origin of DALTON's theory·driven heuristics is more difficult to 
explain, and we have no plausible account for them at present. 
Since DALTON's outputs are molecular models and BACON's 
inputs are numerical data, we forsee no major information 
passing from the former to the latter, though it is conceivable 
that DALTON's models might lead to predictions of empirical 
laws which BACON could then test. 

Conclusions 

In this paper, we have examined four AI programs th~t address 
different facets of the discovery process. The details of the 
individual systems should by now be clear, and we hope the 
reader has gained some insight into our long· range plans 
through our discussion of the possibilities for an integrated 
discovery system. Even within our expanded framework, many 
important aspects of discovery have been omitted, such as the 
formulation of mechanistic explanations, and the role of 
structural analogies [Winston, 1980. Gentner. 1982]. Thus, even 
our goal of an integrated discovery system Involving. BACON, 
GLAUBER, STAHL. and DALTON is limited in some Important 

respects. However, limiting one's locus 01 attention Is a 
venerable and useful tradillon In the history of science, and there 
will be ample time to incorporate these additional facets of 
discovery after we better understand the relations between the 
four existing systems. 

Before closing, we shOUld mention some of the eru1ier AI 
research on discovery. and its relation to the programs we have 
desCribed. BACON is most closely related to Gerwin's (1974) 
heuristic curve· fitting system, though BACON can deal with more 
complex functions and employs a different set of heuristics. 
GLAUBER bears some similarity to Brown's (1973) system for 
discovering kinship relations, though this locused on eliminating 
redundancies from a set of lacts, rather than on forming abstract 
laws. GLAUBER is somewhat more closely related to Michalski 
and Stepp's [1981] conceptual clustering program, which also 
generates classification schemes i.?ased on qualitative data, 
though the details of the two systems differ. DALTON's search 
for molecular models can be viewed as a simplified version of 
DENDRAL's [Feigenbaum, 1971] search for organic compounds 
to explain mass spectrograms. though again the details of ~ese 
programs are quite different. We are not aware of any obVIOUS 
analogy in the AI literature to STAHL's inference rules, ~ ~~ 
system appears to incorporate a unique approach to SCientifiC 
discovery. Thus, while most 01 our discovery systems are related 
to earlier work in the area. they also differ in significant ways. 
and unlike most earlier programs, show potential for being 
combined into a more complete, integrated theory of discovery. 
This approach is perhaps most akin to Lenat's (1977) account of 
mathematical discovery, in which a variety of heuristics interact 
in complex wa)'S to generate an ever richer set of concepts. 

In conclusion. we now have four indepenc!ent AI discovery 
systems. The first of these. BACON, focuses on the disc9very of 
quantitative empirical laws. and has been extensively tested In a 
number of dillerent domains. Of the other systems, GLAUBER is 
most similar to BACON in that it relies on very general, data· 
driven heuristics and generates summaries of the qualitative data 
it observes. STAHL and DALTON incorporate more domain· 
specific knowledge, since they employ knowledge of reactions, 
but this does not mean they are limited to the chemical domain. 
These systems can be viewed as producing simple explanations, 
since they construct models of the data they receive as input. 
The three new systems are not nearly such finished products as 
BACON, and they should be extended in directions that we have 
already discussed. Once this has been accomplished, we will be 
ready to attempt combining the programs into an integrated 
discovery system that involves significant interactions between 
its components. Whether or not we succeed in this effort, we feel 
that it will lead US to both a deeper and broader understanding of 
the process of SCientific discovery. 
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ABSTRACT 

Int<!lIigent sysu:ms can explore only tiny subsets of their potcntial 
external and conceptual worlds. To increase their effective 
capacities. they must de\'elop efficient forms of representation. 
access, and o~ration. If forced to survi\'e in a changing task 
en\ ironment. most inferential systems could benefit from leamill, 
about that cnvironment and their ')wn behavior. For example, they 
could exploit new schemata or duferent slot-names to simplify and, 
restructure their knowledge. In this pa~r we describe how Eurisko 
(a discovery program) automatically extends its schematized 
representation of knowledge, by defining appropriate new slots 
dynamically. 

I. Introduction 

Computer programs, no Ies.~ than biological cr..'atures, must 
perform in an em'ironment: an exwrn,lIly imposed set of demands.. 
pressur~s. opportunities. and regularities. Cogllilil"l' fCO//OIII)' is the 
degrcc to which a program is adapted to its emironment. the extent 
to which its internal capabilitk'S (structures and processes) accurately 
and efliciently reflect its cnvironmental niche. If the enrironment 
changes frequently and radically. then tne program can benefit f!Om 
monitoring those cnanges and adapting itself to them d~'namically. 
This is cost effectire when the penalty for failure 10 adapt exceeds 
the sum of the following costs: (i) The continuous overhead for 
monitoring to detect changes. (ii) The onetime cost of pro\iding 'a 
mechanism by which self-modification can occur, and (iii) The 
occasional expense of employing that mechanism to respond to a 
change which has been observed. This is expressed as Equation 1, 
below. 

There are two evident directions for exploring this phenomenon; 

(i) Make the preceding equation less mushy. Investigate what 
features of the performer (program), task en\'ironment, cnanges in 
that environment, etc~ mate the "monitoring & self-modification" 
process cost effective. Clearly, in some cases the ~nalty for non­
adaptation is high enough: as examples spanning sel'eral time scales 
consider biological evolution (millenia). the educational system of a 
culture (years). the business meetings of a corporation (months), the 
immune system of an organism (hours), and the nervous system of 
an organism (milliseconds). In other cases, the above equation tips 
agaillst adaptation as being cognitively economical: to date, almost 
all computer programs (and cogniti"e models in general) have been 
constructed to deal with a fixed task, or at least with a fixed task 
enl'ironment (Newell & Simon 1972). But the magnitude of the 
phenomena we seek to model continues to grow. and we begin to 
feel the confines of any single, unchanging model we might 
hypothesize. In the years ahead, our models .. - be they in lisp, 
equations, or prose ..- must become increasingly responsive. In the 
conclusions of this paper. we prol"ide some further thoughts on this 
research direction, 

(ii) Operationalize the lague phrase "monitoring. & self­
modification." In the case of computer models, how might they 
S<!lect' (or discol'I'r) timell" ncl\' knowledl':c. nc\\' c{lOtrol ;lIl!oritnms 
nc" knowledge reprcsCntations~ '\"hat are the ditlicultie~ 
cncountered? 

This papcr focuses on direction (ii), Sl>ction 2 assumes that 
progmms can monitor their runtime environment. and it presents 
techniques by "hieh they can modify thcmscll'es to heighten their 
~tn~s to it. S~tion J dcscribes how one particular program, 
Eurisko. dyuamlcally defines useful new slots automatically. at 
appropriate times. Appendix 1 discusses cognitive economy in 
existing programs; Appendix 2 presents some of the assumptions we 
are mating in this paper; Appendix J illustrates some specific 
techniques for ha\'ing programs dynamically monitor their task 
em·ironment. 

Penalty Overhead One-time cost Occasional cost 

(1) 	 for } in + ofgetting + ofresponding 

not adapting montoring self-modification to observed changes 

Equation 1. When it is cost-effective to have software that models ilSelf. monitors its own execution, 
thereby notices changes in its runtime environment. and reacts to such changes by modifying llSelf. 
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2. Dynamic Self-:\Jodification 

Sumnuuy: We ilIfus/rate various lmys in which a program might 
Illili:;e knowledge gleaned dynamically: selecting (or perhaps even 
disco\~ring) Hell' data SlnlC/ures, representatiolls, and algorithms. 
which seem beller suited to the currelll rulllime ellvironment, the 
currelll user. the current problellt etc. 

In order for a program to dynamically modify its own 
proc{'s~ing. it must eXdmine, integrate and apply knowkdge of the 
tasK domain, Knowlcdg,;; about programming in general, knowledge 
abollt the actual mntime em'ironment, and knowledge gathered 
from ooscf\'ing its own processing behavior. Appendix 4 sketches 
\\ays in which dynamic program performance could be self· 
monitored. This section draws attention to the possibility of 
applying such usage data to modifying ... and in the extreme reo 
synthesizing ... the program. 

Tasks can be specified anywhere from a pure "What" (desired 
inpulloutput behalior) to a pure "How" (precise algorithms, data 
structures, representations, formats). It has been observed 
[Feigenbaum 1977] that one of the goals of Al research is to push 
our ability from the How end toward the What end of that 
spectrum. This often takes the form of designing a new veryn +1 
high lel'el language: i.~., higher than any that hitherto existed, one 
which takes olcr more of the program implementation. We can see 
this as far back as assemblers replacing machine language, and more 
recently in KRL [Bobrow and Winograd 1977]. MRS [Genesereth 
19811. LOOPS [Stefik et al 1982) and other extensions to Lisp. 

Assuming, thcn, that the user desires merely to specify What, 
an intelligent language (automatic code synthesizer) must decide 
How. Cpon what can it base its design? Previous effort~ have 
emplo)ed knowledge about program transformations [BuritalJ and 
Darlington 1977) [Balzer et a1. 1977). programming techniques and 
tlIsk'spccific knowledge [Green and Barstow 19781, and ... if the 
input language is at all complex ... information to enable the 
succesful tran~lation of the input specification into a sufficiently 
pr-:ct'~ SPIXllklli,OIl ,11' \\I!<lt [Lenat 1975], SL1me ~ft"lf(S illll'mpts 
to :,luld..:- the deCI'lt.n'mal,.l!1~ dmlllg cod..:- ,vnth..:-sis bv akoridlmic 
anal~sis [Kant 19i7] or ":-Icn by aesthetics rc",)hen 1979][Kalm 1919[ 
[Lenat 1976], Blit all these methods arc SltJlic: thl'v feed off .1 fixed 
base of initiaIlY',upplied knowl..:-dge (heurisiics. constraints, 
sllggc~ti(lns. filets). '!lIe us..:-r supplies a specification fllr the desired 
prognun (Iia a formal spec. a dialogue, etc.). and the knowledge 
base is employed to produce dlat tilrget. 

What might it mean for a program to modify itself 
dynamical I;.? The simplest kind of adaptil'e abilities along this line 
would be to seleel a data structurc. a representation. or an ahwrithm 
from a set of \\' ell'Known choices ... and to resene the right and the 
ability to chan~e that decision later. One could gather knowledge 
about {~e. relauve strengths and weaknesses of each choice [Kant 
1977]. nus knowledge could be in the form of rules II-hich ask not 
only about static data. but which sample the runtime enl'ironment 
of the program as well. See Figure 1. 

"Ifone conjunct appears to be false more often than any other, 

Then make it the first one tested in the conjunction" 


"Ifeach person will use the program only once, briefly, 

TIlen it is not worth building a model ofeach such user" 


"If a function is used fr,~quently and changed rarely, 

Then it should be compiled." 


"If items always appear to be accessed in the same order, 

Then a sequential data sU'Ucture is probably adequate for them." 


Figure 1: Environment·driven selection rules 


Such design questions could in most cases, be answered initially 
(i.e., during program synthesis) but our suggestion of automating the 
gathering of such data is a further step toward the "What" of 
artificial intelligence. 

There is another possibility. much more exotic than the 
previous one. which deserves attention: the automated discovery ... 
in "real time" ... of new types of data structures and representations 
which would be useful for the program in its current environment. 

Defining a new data stnlcture is not as difficult as it may first 
appear: a data structure can be thought of abstractly in terms of a 
set of operations one wants to be able to perform o'n it (e.g.. First, 
Last Next. and Prel ious. for lists). 'Ibe set of desired operations 
need not be minimal nor concern it~elf \\' ith \\' hich operations are 
most important, etc. Such efficiency considerations are used, of 
course. in lelecting an appropriate data structure, and in 
implementing it The run·time usage of the currently·emplo}cd data 
sU'Ucture can be sampled, and that can lIuidc the search for an ever 
m,lr,' appropri;ttc ill1pkmclIlation (c.g.. in one usa!!c, il lI1i~lll b~ 
IC!') lISl'ful fllr Last tt} b..:- dli,'icIlL ,l\ld hlll.'rlisp·' rC\1'\CIfl/mil!ht 
be choscil as all implemenutillll: in another el1liWmnCllL it mi~ht 
be useful for "ext Jnd Prel it'lIS to be eftlcicnt and a doubh 'linked 
implementation would be ~'~$t). • 

The tllO points here are (0 the implementation of ,\ data 
structurc ma) d"'pend upon hOIl it is commonl) u,,'.1 in a p.micular 
spot m a program, by a pankular user, and (ii) a new kind of data 
struct~re may be ~C/ined abstractly' merely by selecting a set of 
operanons: lhlS chOice. too. can be made by examining ule run·time 
data .as it accumulates ("'.g.. the final rule in Fig. 1.) 

Defining a new r('presel/Ia/ioll is not quite so n.:oal. In facI. 
hUmans hale only managed to find a handful of representations to 
date (graphs, wffs, ima~es. text, etc.) In lieu of any constructive 
suggesllons along that hne. we shall focus on eX1I?'Iiding II ghen 
repre~ntation: This appears to be intermediate in difficult, between 
selectlng a representation and discovering a new one. 

2.1. Extending a Scbematized Representation 

SflIn11Imy: The Eurisko program extends it schematized 
representation by defining flew types of slots. It uses a l'ery simple 
grammar for defining new slots from old olles (legal mores), and a 
corpus of ileuristic rules for guiding al/d constraining that process
(plaUSible mores). 

For a schematized representation, "extension" could occur by 
defimng new types of slots. The Eurisko program (an extension of 
the A~ progr~~ [Lenat 1976]: for more details see [Lenat 1983a,b]) 
has thiS capabIlity, and we shall briefly describe how this mechanism 
was developed. step by step. 

First, we isolated several ways in which new slots are defined 
from old ones: 

STAR (e.g., Ancestor =df Parent, which means a Parent of 
a Parent of... of a Parent of me; the general case should be aparent); 

UNION (e.g., Parent =df Father u Mother); 

CO~POSITION (e.g., First·Cousin =df ChildoSiblingoParent; 
Le., any child of any sibling of either of my parents); 

DIFFERENCE (e.g., Remote-ancestor =df Ancestor - Parent). 

These four operators ( -. u, o. .) \\hich define new types of 
slots are called s/ol-combiners. Other slot·combiners will be 
mentioned later. 
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~~\t we adJcd to Euristo's know I"dll" base a concept for each 
t~ pc of SIll!. and iI conc~'Pt for each type of slot-rombincr. Figure 2 
shows some of the Oeneralil.ations concept (a slol) and the Star 
con~pl (a slot-combiner). Note. in particular the way in which 
Oencrali7Jtions is defined 3$ Oenl' -_. i.e.. immediate 
generalizations. their immediate generalizations. and 5(1 on. 

GENERALIZATIONS 
ISA: Slot 

SI~EC: E.\trellle-Gellel1lli7.lHiOIlS, Genl. Propcr-Gcneralizations 

WORTH: 875 

.It. VG·SI1..E: 7 

INVEllSl: Specializations 

ANALOGS: Supernets, Relaxations. Enlargements 

SLOT-COMIUNER: Star .. 

BUILT-FROM: Genl (i.e.• Immediate-Generalizations) .. 


STAR 
ISA: Slot-combiner 
WORTH: 488 

ANALOGS: Repeat. Closure 

COMnIN..:n·llOn: Genemlizatiolls, Specinli7.ntiom~, Ancestor.... 

SU)T·TYPE: Star . 

DmiN: A (5) (S~B~'T s ror SLOT in lA (c) (t."ONS c (st'V(G1IT CSlOT»)] ) .. 


Figure 2: Pans of the Generalizations and Star concepts 

Finally. we modified the way in which slot entries are accessed. 
To illustrate this. we choose a Simple task in mathematics, whose 
paraphrase is. "What are all the generalizations of the concept 
'primes'?" The traditional way in which (GET 'PRIMES 
'GENERAUZATIONS) would work is to examine the property list 
of PRIMES. looking for the attribute GENERALIZAnONS; if 
found, the entries listed there would be returned. If. as in Fig. 3. 
there is no such attribute. the call upon GET will return NIL (the 
empty list). 

PRIMES 
lSA: SetOtNumhl!rs 
DEF;"!: A(n) (for i from 2 to n-1 (:\0'1' (DI\,IDF.s i n))) 
GENL: 1':umbers 
SPECIALIZATIONS: OddPrimes.. PalindromePrimes 
WORTH: 144 
EXS: (2 3 5 7 11 13 11 19 23 29 31) 

Figure 3: Part of the Primes concep!. Note that it has an attribute 
called GENL which s,cciflCS its immediate generalization. namely 
Numbers. but it has no GENERALlZATIONS attribute. 

Anything 

'GENL 
ObjeC\l 

" GENL

Numbers 

'GENL
Primes 

Figure 4: 	 Networl of concepts from Primes upwards, alolll 
Gen1 Iinb. 
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We modified the way in which any retrieval request of the 
form (GET C F) operates. In case the F auribute of C has no 
entries (or doesn't exist), Eurisko examines the definition of F 
and --- if one exists ..- tries to use it to compute the entries that 
could legally be stored on the F attribute of C. More precisely. 
before quitting we try to (GET F 'DEFN), and if that succeeds we 
apply it to C. Let's continue the example of (GET 'PRIMES 
'GE;'IiERALlZAlIONS). As we see in Fig. 3 above, there are no 
entries recorded on the GENERALIZATIONS slot of the frame for 
Primes. So GET now calls itself recursively; our original call is 
replaced by ((GET 'GENERALIZATIONS 'DEFK) 'PRIMES). 
But as Fig. 2 shows. there is no slot labelled DEFN on the concept 
for GENERALIZATIONS. So we recur one more time. By now 
our call has become 

(((GET 'DEFN 'DEFN) 'GENERALIZATIONS) 'PRIMES). 
I.e.. get the expression stored in the Defn slot of the Defnconcept; 
call it A. A should exist. and should be a lambda-expression (a 
function) which takes the name of a slot S as argument. and (when 
elaluated) computes a function which tells how to read slot S for 

,1!Il Cl111f':Pl. FlIri~l..n ,lppli~ A ltl G"tl(,fali/ati,)lls. and that yic\ds 
as J re-suh :l 11(,\1 fUllc'lion. ;l 1:ullbd,I'CXPI\'s,;ioll, call it r. r tdl$ 
hOIl to lind gCllcralil;ltions of an) concept. In particular. y,hen 
Elirisko applies r III Primes. the result is iI Ji,;t of the legal entries 
for th.: Gcneralilatiolls slot of Primcs. 

DEFN 
ISA: 	 Slot 
SPEC: 	 Necessary-Oefn. 

Suff-Oefn. 
Operational-Oefn 

WORTH: 975 
AVG·SIZE: 1.3 
ANALOGS: Statement. Algorithm 
DEFN: X (x) (APPLY· 

[GET x 'Slot-Combiner) 'DefnJ 
[GET x 'Built-From)) 

GENL: Predicate 
MyISA: EuriskoUnit 
MyCreator: Lenat 

Figure 5: Part of the DEFN conc~pt 

Luckily, DEFN does have a DEFN slot, as we see from 
. Figure 5. so we end the recursion (rather than entering an infinite 

loop at this point). Applying the entry stored there (in the DEFN 
slot of DEFN) to the argument "GENERALIZATIONS," we see 
our original call transformed into 

[GET (GET 'GE>iERALIZATIONS 'SLOT-COMBINER) 'DEFN) 
(GET 'GENERALIZATIONS 'BUILT-FROM» 
PRIMES) . 

We see from Fig, 2 that the slot-combiner of Generalizations is 
"Star," and the argument (old slot) from which it is built is "Gen\." 
So the entire call shrinks into 

((GET 'STAR 'DEFN) 'GEl'lL) 'PRIMES). 

The Star concept has an entry for its Defn slot, as we see in Figure 
2, This turns the preceding call into 

«X (c) (AND c (CO!'1S c (self (GET c 'GENL»))) ·PRIMES). 

In evaluating this expression, the first thing called for is 

(GH 'PRI\lFS ·GENL). 

IIhich (sec figurc 3) is ,iuSt \umbcrs. That b. the- immediate 
gcncraliialillll (If Primc'; is Ntlmb~rs. Thc cxprc~siL\n then calls 
itself recursil'cly on ~umb"rs, seeking Ihdr immediate 
g"!lCralil:ltioll : 

(GET NU\1RERS GEl'lL.) 

II hich we sec from Fi~ure 4 is simpl)' Objects. The n('xt recurshc 
call asks for (GET 'OBJECTS 'GENI.), which is ANYTIIING. 
finally, the next recursive can tcrminatcs when it is di,;cmercd that 
I\NytHING h,15 no GE\L (no immediate gcneralilation.) See 
Fill. 4. The list (,o~Structed ilnd tillJlh returned is therefore 
(PRIMES NliMBfRS OBJECTS ,\N'lTHING), These four items 
are indeed the valid entries for the GENER,\L\Z,\TIONS slot of 
PRJ:MfS, according to the distributed definition of 
GENERALIZATIONS as GENL·. 

Notationally there is no di"linction bet"een slots which are 
"primitive" (values actually stored as attributes on a property list) 
and slots which are "virtual" (values must be com puted using the 
slot's definition). A heuristic might refer to the Generalizations of 
Primes without knowing, or caring, whether that initiated a single 
access or a dizzy chase. Thus we are decoupling, disentangling 
knowledge (the rules) from the specific implementation of its 
representation (the choice of which slots are primitive and which are 
virtual.) This is required because knowledge remains illlariant 
under changes in the environment which effect the worth of various 
representation schemes. Donald Michie recognized this long ago 
with his memo functions. 

To define a new kind of slot, now, Eurisko merely specifies one 
of the then-known slot-combiners and a list of the old pre­
existing slots from which it is buill. Thus a naive user sat down and 
defined a new slot, by creating a !lew concept (calling it "DO"), 
filling its Slot-combiner slot with the entry "Difference", and filling 
its "Built-from" slot with the arguments "Generalizations Gen!." 
This thereby defined 00 as a new kind of slot, one which returned 
all generalizations of a concept except its immediate generalizations; 
the call (GET 'PRIMES '00) then made sense, and returned the 
list (PRIMES OBJECTS ANYTHING). 

After carrying out the above steps, to explicitly represent slots 
and slot-combiners in Eurisko, an interesting benefit accrued, With 
no extension at all, Eurisko was then able to define new kinds of 
slot-combiners. For instance. it proposed one which took two old 
slotnames as arguments, f and g. and defined a new slot which was 
r"ogor·. This could be extremely useful (e.g., in database searches: 
see Fiksel and Bower [1976]). In particular the crucial slot 
"Examples" is defined as Spec·oExSoSpec- (Exs are immediate 
examples, much as Gen!'s are immediate generalizations). The 
important slot-combiner PLUS (in the sense of regular expressions, 
not arithmetic, was also discovered by Eurisko. Eurisko defined it 
as the difference between f· and f, Later, Eurisko decided that 
Genl + "as more "orthwhile than Genl·. and (partly for this 
reason) PLLS itself ultimately achieled a higher Worth than STAR. 

2.2. CACHI~G to reclaim lost efficiency 

SUIfIIn(lJ)': "C<lC!rillg" Ihe rt'JiullS l!( t'Olllpl(ltlliOIlS call 
drama/ieanl' impro\'e Ihe peI!oml/lllee of 111.:/11,1' programs. Reasollillg 
call b.. broughl 10 bedr 10 decide ",I/ether IU mellt'. if so whal to 
remember. alld (Ialer) whelher or /l01 10 ignore Ille cached I'alue alld 
recompule il. Caelting reclaims Ihe eJficienc)' Ihaf could oilltrll'is'! be 
socrijiced by the highl), illdirect represelllalio/l-illlerpreling scheme 
described in the pTel'iollS seclioll. . 

, The. reader may. ~bject that Eurisko's scheme for indirectly 
lllterpretmg the definition of each slot is a horribly inefficient way 
to operate, since the slots' definitions change so rarely. It seems 
wasteful to squander cpu time recomputing (GET 'PRIMES 
'GENERALIZATIONS) each time, and it seems absurd to 
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recompute (GET 'GENERALIZATIONS 'DEFN) each time, After 
at most one or two repetitions, we would w"nt our program to have 
"Iearned" an efficient way to get an answer. 

Indeed, a general tool for cognitive economy -. software 
caching ••• can be exploited to reclaim most of this efficiency. By a 
"general" tool. we mean one which is applicable in almost all 
environments, not merely those being focused upon in this paper 
(fluid ones.) 

Immediately upon computing (GET c 0, Eurisko stores the 
computed value \. in r..'1e f slot of conccpt c (a la Michie's memo 
functions.) Thus, the next time (GET c t) is called, it will find v 
stored rillht there, and return with it immediately. After the first 
time (Gf. 'PRIMES 'GENERALIZATIONS) was called, the list 
(PRIMES NUMBERS OBJECTS ANYfHING) was stored on the 
GENERALIZATIONS slot of PRIMES. Recall that Eurisko had to 
recursively call (GET 'GENERALIZATIONS 'DEFN), so the A· 
expression that that catl returned would be stored on the DEFN slot 
of the concept called GENERALIZATIONS, When we later call 
(GET 'DUCK 'GENERALIZATIONS), that call will run much 
faster, since the definition of the Generalizations slot has already 
been computed and stored away in the "proper place," The 
definitions of slots are very slowly •. - if ever ••- changing, hence the 
recomputation of Defn of Generalizations is quite a rare event 
Caching that value must be cost-effective in the long run. 

In general, we see that caching a value for slot f of concept c. is 
most applicable when the value can be expected to vary qUIte 
infrequently, In Eurisko, this gi\'es us the flexibility to redefine a 
slot's definition if we \\ish, but (since this change of representation 
will be rare) the program will run just about as efficiently as if that 
capability were absent This is analogous to compiling: so long, as 
the definition of a function doesn't change too often, u's 
undisputedly worthwhile to compile it The caching of values for 
frames' DEFK and GENERALIZATION slots is not in any way 
special; the \alue of an)' vinual slot call be cached. 

We saw earlier that notationally there was no 'need to 
distinguish ,10 .1....CCSS of a primith el} -stored Sklt from an a.:cess of a 
vinu.lI. compmcd slt'l. \",)r instance. a heuristic could refer to 
"Generalizations of Primes" \\ ithout kDll\\ing or caring whether that 
initiated a single access or a long rippling scarch. Now we sce that 
once the value is computed and cached away. there may be no 
telling il from a primitive one. 'Inus, with but a small one·time cost. 
our program runs as quickl)' as if all slots were primithe, The 
inefficiency introduced by the interpreth'e slot-combiner scheme 
appears to have been elinlinated. 

Of course. the \'alues that Eurisko caches away may become 
stale and incorrect after a while, When doing a GET. therefore. 
when a cached value is encountered. Eurisko must decide whether 
to accept il. or else to ignore it, recompute il. and store the new 
\'alue there, One possible answer to this "updating problem" is the 
follo\\;ng conservati\'e one: whenever a value for a slot of a concept 
changes. discard any cached values that might possibly have 
depended on it. Arbitrary amounts of reasoning may be brought to 
bear to decide which values needn't be discarded to maintain 
consistency of the knowledge base, but of course if too mch time is 
spent in this pursuit the efficiency advantages of caching disappear. 
Eurisko cames on AM's tradition of living with contradictions, with 
a plausible but not "correct" knowledge base. Namely. It has some 
heuristics (see Fig, 7) for deciding whether to ignore or accept any 
cache it encounters during a GET operation. . 

We added some extra arguments to GET, parameters whicb 
describe a costlbenefit curve: for each amount of resources 
expended and each degree of precision of the result, this curve 
specifies precisely how' acceptable that resource consumption / 
accuracy of solution pair is. One extreme of this is to provide an 
ironclad limit on resources and say "00 the best you can within 
these time/space/.., limits." Another extreme (most common in 
present-day programs) is to specify an ironclad goal criterion ("Find 
an answer which is at least lhis sood. no matter how long it takes to 
get") We are calUng attention to the space in between the two 
extremes. 

To bring us back from the lofty heights of generalily, let's see 
in more detail how we gOI Eurisko to do this. First, we linearized 
this space: we picked a few significant parameters of it, and defined 
a description to be merely a list of values for these parameters, 
When a call on GET was executed, and a cached value was 
encountered. a fonnuJa relating these extra arguments to GET 
would then determine whether to accept that cache, or to ignore it 
and recompute the value. Eurisko's parameters (extra arguments to 
GET) are: cpu time to expend, space to expend, whether ~~ user 
can be asked about this. how fresh the cache must be, mln~um 
amount of resources which must have been expended at the tlme 
the cache was written. 

So (GET PRIMES GENERALIZATIOM 200 40 NIL 3 0) 
would allow any cached \'alue to be accepted if it appeared that 
recomputing would take more than 200 milliseconds, or would use 
up more than 40 list cells. or if the \alue had been put there less 
than three C)'cles ago. (In Eurisko, a "Cycle" is the time it takes to 
work on the top-rated task on the top-rated agenda,) Othennse, th.e 
cache would be ignored, a newer value would be computed, and It 
would be stored ,I\\ay, With il \\ould also be ~'Corded lb.: 

fllll,lwing informalion: (i) the fact that il WilS a cached ,.tlue, not .' 

primitive one, lii) how long ~t too~ to compu~c, (iii) how many liS! 

cells it used up ill computlng thiS \alue. tlv) the curr~~.t Crc\e 

(number of tasks worked (~n so far). lne ab.O\·e caU on GE I mighl 

result in the follOWing "alue bemg stored on the 

GENER:\L\Z:\TIONS slot of PRIMES: 

(-cache· lPRIMES 1"mIBERS OBJECTS A~YTHING) 54 6 9), 


1U. Storing and Updating Catbed Values 

l1le caching process invoh'es storage and Updating. For both of 
these aspects. we can ~iscuss details of when, why. how, and w,h3;t. 
The dtcisions that anse are made With the nce of heunsuc 
rules. many of which are illustrated below in .~ and 7. Th~ 
lists have omitted many of the \'ery ,eneral, common-sel!se 
heuristics. and those which deal with details of LIsp programming. 
Additionally, they present the rules i~ J?lglish. and freely l!se 
inMrmal expressions such as "recently : In the actual ~nterhsp 
encoding they are of necessity operational, hence more precl5e (and 
concommitantly a bit less valid). 

Just as each heuristic is not always relevant. so to the corpus 
applies only to some (although we. hope many) AI ~ro~ 
running on large uni' (or few-) processing computers, running m,an 
environment such as Interlisp's, and with a human user watch~ng 
and interacting. There would be other rules for other machine 
architectures and languages and man-machin~ interf~, In other 
words. one could say that we have only ~Iy specdied the ~F­
pan (left hand sides) of the fol\owing heunstlc rules. A~ ~ter:native 
would be to build up an entire knowledge base of heunstICs JUst to 
determine the applicability (the domains of relevance) of the 
following (as a function of machine and language.) 

When to cache: 
Every time you have a call, to a lower ord~r function. 

You called a function and It took a lon~ rune to return. 

The value returned is the same as last rune. 

Some function F is called with the same value x often. . 

The amount of time to recompute the value. would be high. 

The cached values can be used as data to mduee upon. 

Time is dearer than space. . 

The value is not SO d{tk:al you'ed always favor recomputing. 
This number is high: (freg. of usage) x (avs. cost to recompute) 

(freq. of change) 

Where: rae'l' lookThere should be a canonical storage 'place to I ltate up. 
Instead of an assetional database (with no structure) we prefer 

to add structure: namely, slots (including domain-specific ones) 
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How: 
Giren a request to compute F(x), point to the canonical place(s) 

\\ I,,'r.: c;lch..:-d \;!Iue might be: if iI's th..:-re. return it: if iI's 
lhlt there. c,lmrUlC il and swr.: it ther.: 1i.1r next lim.:, 

Cll\cr may constrain you 

Disc,]rding any cache resulls only in sluwduw ns. not errors. 


What: 
Store the returned \Jlu~ 
Store a copy of the call that got this value 
SlOre important intcmlCidate subgoals worted on to get the ralue 
SlOfe a description of what situation would make this \'alue stale 
If no cache is slOr~d. store a footnote explaining why 

Figure 6: PRI.:\CIPLES FOR STOR1?>:G CACHES 

When: 
The current request would have produced a different answer. 

Usually: ...would have produced a beller answer; e.g.: 

The current request specifies more resources can be brought to bear. 

MoSI frequenll)': There is no cached answer there, yet. 

Either x or Dcfn(F) has changed since F(x) was last cached. 


How: 
Choose: discard old value, or keep it around to induce or back up. 

Use demons to flag that caches are out of date. 

Just because a cache is stale, don't recompute it (just erase it). 

Keep track of dependencies of one cached value upon another. 

This at least enables timely discarding; at best, intelligent updating. 


Figure 7: PRINCIPLES FOR UPDATING CACHES 

2.3. The Spectrum of Data Reductions 

Caching. as we have described it, is merely the lowest-level of a tier 
of data reduction processes, techniques for compiling hindsight into 
usable, more efficient, more procedural forms. 

We often refer differently to "caching" depending upon what it 
is that's being retained: open-ended, inductive searches can be 
condensed in hindsight (I.e. cached) into heuristics, deductive 
searches can be cached into much less branchy algorithms, 
subroutines can be cached into tables of frequently called arguments 
and resultant values. and variable quantities have their value cached 
simply b}' the process of binding. To see this. consider the 
progression of ever more sophisticated tasks which programs 
perform (see Fig. 8J: accessing a datum, calculating a value from a 

fa~t Jlgorithm. d.:dllcing a n:,;ult hy searching I"r a ;"'llllli\ln tH' prllof 
in a \Idl-d.:lined SP;K~, inducing J r"ult by a Il'ry I'p~I1'';llikd 
sear~h pmcess. Often th.:re is the oPPllrtunit} 10 take experiences at 
one of thesc lelels of sophistication and ;ll'lstract them into an cntit)' 
which is one !.:I'C) lower. yet which nppears III comain almost the 
same power. 

Consider first the way in which we reduce induction. After 
much experience with inducing, we produce a hcuristic rule­
which enables the same inferencing to be done in a much more 
controlled space. in a much more deductive way. Heuristics reduce 
discovery tasks to mere (!) symbolic manipulation within a well­
defined system (as in AM [Lenat 1976]). 

Deduction is reduced similarly. By many painful deductions. we 
gain knowledge of the space we are ~earching. e.g. by deriving many 
theorems about it. 'Those theorems can then be used to vastly 
simplify our search. Ultimately, thz process becomes efficient 
calculation. A short. optimal algorithm may be found, e.g., which 
replaces a search for a solution (this has recently occurred with the 
"/I queens" chess problem.) 

Now we see that our value-caching process is the next step in 
this progression. It reduces a calculation (e.g., to traverse a particular 
access path to gather all Ancestors of a node) by a lookup, by a 
single access of a datum in memory. 

All the data reduction processes in the progression are 
environment-independent techniques for increasing cognitive 
economy. Often, an apparent loss due to a specific expressive 
feature can be rectified by applying some of these kinds of methods. 
In our case, we opted for interpretive defining of slots, but regained 
efficiency by caching those slot definitions. 

2.4. Contrasts with Psychological Ideas of Economy 

When semantic networks first appeared in cognithe ps}'choJogy, 
they led to the idea that function should follow form. In particular, 
since taxonomic knowledge structures were hierarchical. inference 
proc~sscs \\ ould presulllabl} follo\\ the s<unc inh'r-~al~g\ll'} network 
paths I.'adl tillle thl.' corre$ponding relation necd.:,i testing. It was 
tor this reason th,1I Collins & Quilli.:10 11969)[19i2j conjccwr('d thilt 
the time required !O \erify semantic relatinns would correlate with 
distance in a corresponding "economical" semantic network. Thus. 
they show~d that pC\1ple ordinarily I'crifled "il canary is a bird" 
faster than they could venfy either of the two more remote 
r~lationships, "a canary is an animal" or "a canary has wings." 

Subsequent research. howel'cr. showed that the needs of 
particular rctrieval experienccs. not a priori categorizations, 
determined which inference paths humans would follow and the 
associated respense times. A simple counterexample to the 
prcsumed hierarchical rctnel'al schemes was found by Rips. Shoben 
and Smitll (1973), They showed that people access a familiar but 
so-called "indirect" relation such as "a dog is an animal" much 
faster than the sUl?l?ps:~~y immediate but less frequent relation "a 

ACCESS => CALCULATE ==> DEDUCE ==> INDUCE BY OPE~-ENDED SEARCH 
\ I \ I \ I 

cached ratue thm. alg heur rule 

Figure 8: Progressively more sophisticated caching: of values, of algorithms, of heuristics. 
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dog is a mammal.' Using experimental materials and methods. 
Hares·Roth & Hares-Roth (1975) found that human memory 
sel''!led plastic and adaptive in Illany of the same ways we have 
proposed for intelligent machine programs. Their results led them 
to han adaptil'e model of memory. in which all learned relations are 
represented directly. with strengt!l proportional to experience. 
There is also good evidence fur redundancy in tile network. with 
multiple routes connecting nodes representiog panicular pairs of 
concepts" (1975. p. 519~ 

In another study. Hayes-Roth and Hayes-Roth (1977) found 
some evidence that people understand and remember English texts 
directly in terms of high-level lexical concepts. rather than 
exclusively as low-level or primitive concepts. They argued that 
cognitive processes would presumably benefit if they could build 
directly upon the words or other meaningful units of familiar 
language. Any system that interpreted and stored data only in terms 
of primitive units, as is often assumed in language understandiog 
theories, would encounter many slower and costlier searches. Both 
the empirical' e\'idence and theoretical principles suppon the idea 
that human language understanding exploits many kinds of caching. 

In shon. we have chosen the term "cachiog" to refer to these 
types of redundant storage. Caching. to capture and exploit 
repetition and regularity. will benefit both humans and machines of 
limited processing capabilities. 

3. When to Define a New Kind of Slot 
SUIIIIIIIlry: We have discussed how a new slot might be defined: we 
consider now how the Eurisko program does decide when and how to 
define a new kind of SIOL ' 

Our basic reply to When? is that a slot is defined only when a 
heuristic rule explicitly suggest it as being useful: that is. heuristics 
are used as plausible move generators (as opposed to their typical 
use (Xilsson 1972) as implausible move pruners). Our basic reply to 
How? is that the heuristic which suggests a new slot must provide 

(c,'nstraints for) its <kfinition. 

This merely pushes the problem back one layer. namely to the 
wav in which the heuristics know whcn and how to define new 
slois. But now we are Iillking the language of AM and Ellrisko. and 
we can pro"ide examples and general ch.mlCterilations of Ihe slt'll­
defining heuristics used in Eurisko. Since each trpe of slot is 
rcpreseimd internally as a full-fledged lschematized) concept, the 
new slots defined can eventually be evaluated land changed or 
discarded if they are not utile). Each heuristic is also represented as 
a full-fledged concepl and its worth can be determined based on 
the worths of the slots il suggests: thus each slot-suggesting heuristic 
is occasionally modified (or even discarded). Let's look at some 
cases: 

Sometimes the new type of slot is first proposed purely for 
aesthetic, analogy-completing, or exploratory reasons. One such 
heuristic is the followina (DOte that "I" is the identity mapping): 

"If R and S are panial inverses of each other, 
Then it's plausible to define and investigate the following: RoS. 
SoR. RoS • I. SoR • I" 

There are several noneffective slots provided for the above 
heuristic in Eurisko, such as its reason (in this case, "aesthetic"), its 
average running time (7 seconds), which other rule(s) created it 
originally (lsolateDifferences), instances of its use, pointers to 
slightly more general and more specific heuristic rules. etc. 

Note that the heuristic applies when R and S are mathematical 
functions, heuristics, or slot definitions. Let·s examine an example 
of the latter case, which is'of concern to us. 'Ibis occurred when R 
was the slot "Generalizations" and S was the slot "Specializations." 
The heuristic rule concluded that it was aesthetic to define the 
specializations of the generalizations of a concept (what we would 

call "siblings"), and the generalizations of the specializations of a 
concept (what we would caU "inlaws"). Eventually. the Siblings slot 
is seen to be much more useful than the Inlaws, which is discarded. 

The new kind of s1ot-combiner defined in the previous section 
[Mf,&) fogol1. was derived purely from symmetry (using a rule 
similar to this one). and then it was noticed that some of the slots 
which are most useful in the system (e.g.. lsas. Examples) share that 
common form. 

There are other ways in which new types of slots are defined 
by &lrlsko. The definition of a new slot is often based soundly 
upon need -- or the absence of need. For example. 

"If many concepts ha\'e a large number of entries for their f slot, 
Then consider creating some new specializations of F." 

To make this rule effective (executable). Eurisko montors the 
sizes of slots on its units. When applied, the rule leads Eurisko to 
create several new slots, each having fewer entries on the average 
than f had, to cover the original f SIOl E.g.. after noting that the 
Examples slot was heavily used, it would be plausible to'consider 
creating new slots like Extreme-examples and Typical-examples. An 
actual ca.....: where this rule \\JS used was in thc design of three­
dimcnsional \'LSI circuits: IIlJn~ units lrcpresenting chips) hlld 
enormous entries for their Terminals slot: Eurisko fired this rule 
and prllduced SI.'\cnll new. more ~'Cializcd slots: one useful such 
one IUS XOR-lnputTerminals lits ralue is defined to be a list of 
sets of terminals. each set hil\"ing the propen~' that precisely one 
element can be an input terminal of the dc, ice). 

A slightly more specialized heuristic says: 

"If you frequently perform 'Remore x from f(x)" 

Then it's plausible to define g as f • I" 


Here. I is the identity. so g(x) is simply Ilx) with x remo"ed. 
This led to the definition of the proper ancestor slot (Oenl'(c) _. c) 
from the simpler Gent (iimediale generalizations) SIOl II also led 
Eurisko to define the new s1ot-combiner PLUS from STAR. We 
envision how it might lead to the definition of many common. 
useful mathematical functions. including (although &Insko doesn't 
actually do this) operations on matrices with main diagonals 
removed. 

The above examples have tried to illustrate the manner in 
which heuristic rules can generate timely new kinds of slots. A very 
important point is that the rules are not specific to defining slots; 
they apply equally well to defining new heuristics, new 
mathematical functions, new lab procedures, and so on; One of the 
bedrock philosophies of the Eurisko effon is that a single large core 
of commonsense knowledge can adequately guide discovery 
processes operating on' all these levels. 

4. Conclusions 

If forted to survive in a changing world, most inferential 
systemS could benefit from learning about their tasIt environment 
and their own behavior. For example, they can exploit new 
schemata or different slot-names to simplifY and restructure their 
knowledge. Self-modification would be cognitively economicfll. 

If forted to explore large search spaces with some repetitive 
regularity. a cognitive system could benefit by employing caching to 
save partial results. We described a variety of techniques to 
implement caching, and explained how caching specific results is 
one of a spectrum of methods (algorithms. heuristics) that can make 
trade-offs among precision, speed, certainty, and generality. 

Since most environments contain much that is extraneous to the 
direct solution of a task. a problem solver in such worlds can gain 
cognitive economy by expectation-filteri"g (see Appendix 4.1.) In 
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general. imelligelH systems need to exploit their knowledge ab?ut 
Iypicalily to reduce their cogn!ti1c ,load and increase their atten,uon 
to important dar.a, In many SHuauons, we belIevc that expectauons 
can both reduce proce~sing requirements for handling ordinary 
cl'cms as well as simplify the idcntification of surprising clcnts. 

If th~ t,\sk, ,Ir~ cl'mplex, ulld the re,oun:cs ,11k'ted IJry 
dranunic.ilh in tnJgniude. then IIlIlllip/(' It'refs (!{ absllildivl/ (~ILA) 
becomes an ecollolI/ical represi:ntation (see ;\ppc-ndix 4,2.) In 
many simple eillironmcnts, thl.' 'Idl.lntag:.:~ of MI.r\ arc minimal 
and may not 1.'11.:11 jllsti(\ their costs. 1hus. fOutmc ta,Ks may 
W(lrr;l1lt thi: kind of kllowkdg~ compilatil)1I that would comen an 
initial. cxpresshc \11." Knl)lllcdgc-base into a niSI. integrated. and 
largely unintcrprctible code. Conn:rsdy" as task compl~xlty, and 
nlriabilitl' increase. ~!I." increasingly provides a baSIS for mtelltgent 
and rapid restnlctllring. 

4.1. The :\'eed for Further Research 

In the "ears to comc, AI programs will empluy greatly 
expanded Knowledge bases and. as a cunsequence. they will expl?re 
increasingly o.pen-cnded problem spaces. ,Alre~dy, a, few ~xlstlng 
s}'stems show signs o.f having more po.tennally mteresung uungs to. 
do than thcy have reso.urces to. imrsue, In the past decades, of 
intclligent systems research and development, several desIgn 
concepts have emcrged in respo.n5\! to co.ntemporary needs for 
creating cver larger knowledge bases. Fo.~ cxample, ma~y 
researchers proposed mUltiple levels of abstr~uo.n and .~uto~uc 
pro.peny inheritance as keysto.nes o.f efficiency or, co.gmuve 
eco.no.my." We believe that the value of such mechamsms dem'es 
largely from their usefulness in describing initial Knowledge ba;s:s. 
Once an intelligent system begins to. explore the co.nseQue~ces of Its 
kno.wledge and to. solie no.vel pro.blems In a dynamIC enVIronment, 
it nceds to. adapt its Kno.wledge to. achlel'e faster and mo.re profitable 
retrievals. 

A theo.ry o.f cognitive eco.nomy sho.uld explain under what 
co.nditions (and why) knowledge needs to be adapted, and should 
prescribe systematically how to do ,it. In this p,aper, focusing upo.n 
fluid environments we have !ned to mOlll'ate and lay the 
groundwork fo.r such a theo.ry. We prescnted Eurisko's auto.m~tic 
defining of plausible, useful new slot types. Many of the deSIgn 
heuristics we mentioned embody some gross features of an eventual 
theory and suggest numerous paths for future research. 

We have tried to show what cognitive economy is and is nOI. 
It does nol co.nsist of a set of static kno.wledge·base design 
principles, such as tho.se propo.sing taxono.mic ~~ncept struct~res 
with auto.matic propeny inheritance. Rather, co.gnltlve eco.nomy IS a 
feature of those intelligent systems that ,learn, to, ~h'e problc!Y1s 
efficiently and co.nsequently realize mo.re o.f theIr hfetune potenual. 
As knowledge bascs expand and basic software obstacles ~re 
ov.ercome Al systems will increasingly address the same question 
facing int~lligent humans: "What would I most like to acco.mpllsh 
next, and how can I do that eco.nomically?" As has always .held 
truc with human bcings, the answer fur AI systems Increasmgly 
invo.lves so.me type of learning. 
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Figure 9. Although the IsA link from Dog to Animal is redundant. 
it is worth having. 

Appendix I. Cognithe Econ. in Existing Programs 

To date, most programs. including our own AI bchC'llll1tlls, hare 
1/01 had to C{lp~ with nllltimc cn\lronmcnts that chang~d 
signilicantl), Referring b,lck to Equation I (in SCCti,ll1 II, the costs 
for monitoring and building in sclf-modilkation abilities Iw c been 
pmhibithe. and the need 1~1I' ad,lptilcness hilS becn minimal. 'nle 
cllIironmclHs ha\'e been complex but not chal/ging, To. be "fit" in 
such worlds. programs hale had [0 cmplo.y so.phistic::ted 
architectures, knowledge bases, co.ntrol strategies. rcpresemations. 
and expressilc languages in which thc) arc specified: but pmg~ams 
hal'c 110/ needed to reorganilc themsehcs dynamically. to adapmely 
altcr thO5\! sophisticated design components, ben in thosc 
situations in which this flexibility must be required in the long run, 
it has been avoided, bccausc (i) self-modificatio.n capabilities are 
tough to build in: many programs hale simplc self'reprogrammi~g 
as their sole task. and (ii) monitoring is an cxpensive overhead m 
both space (detailcd reco.rd·keeping) and time (finding regularities 
in such histories), lllis raises the issue o.f efficiency: 

Efficiency 

When we build a new, large Al pro.gram, we often find 
ourselves caught in the following uadeoff: On the one hand, we 
want to develop our initial systems quickly and painlessly, since they 
are experimental and ephemeral. We want to be able to. modify 
them later with little or no redesign o.r reprugramming manually. 
On the o.ther hand. we want our systcms to nln as efficiently as 
possible. 10 minimize the demands fur cpu time and primary and 
seco.ndary memory. We are torn between expressibilily and 
efficiency. 

Many AI researchers cllm language designers have fo.cused o.n 
expressibilily. the problem of rapidly constructing a working 
experimental vehicle. This objective is 3flparent in the go.als of 
EMYCIN (Feigenbaum 1977), KLONE [Brachman 1978J, KRL 
[Bo.brow and Winograd 1977J. PSI [Green 1977J, RITA [Anderson 
and Gillogly 19761. ROSIE (Waterman et al. 1979]. and SAFE 
[Balzer et al. 1977J. The. results are some superlative software (~uc~ 
as the systems just mentioned), and also exemphfled by Interhsp s 
OWIM, File. and Break packages. Four fundamental techmques 
utilizcd in highly expressive programs are: (i) reliance upo.n a very· 
high-level language. (Ii) planning and reasoning at multiple levels of 
abstraction, (iii) inferencc by pattern-directed knowledge sources, 
and (M minimal. nonredundant representation, as in a canonical 
gcneralization/spccializatio.n hierarchy. 

Both within the body of this paper (Caching, Sectiun 2.2) and 
within these appendices (Expectation-Filtering and Levels o.f 
Abstractio.n. Appen. 4.1 and 4,2) we prcsent I'ario.us techniqu~s 
which do no.t sacrifice expressibility, yet cnable pro.grams to (semI' 
)automatically impro\e thcmsch'es and thus incrcase their 
productivity. One point of this papcr is 10. show th?t the ~cond 
go.al of AI programming, shon·tcrm runume effiClcncy, IS not 
sacrificed by these techniques. 

Thc basic Sllun;c of power is the ability to prcdkt tile 1\3)' thilt 
tile' prl)gram v. ill be used ill the t'lIltl~", and to tailor the program to 
expedit.;o slich uses. This approach ,IS somctlmes ,used 11111.111/1111.1': as 
when a program is quickly cllded 111 an cxpresSIIe but U1e~ficlent 
fonn. used heavily. and then recoded 111 a much more op~lmlzed 
form. 'I1ms. C.g.• Ray Carhart spent 1977 rewriting DE\DR,\I. 
(streamlining its CO"\GEN modulc) for a minicomputer. 

The lraditional approach to program optimizatio.n ha~ ass.u~led 
that static analysis of programmer's cxpectatio.ns (whether Im~hclt In 

his code or cxplicit in his formal assertions) can Idcntlfy the 
significant optimization opportunities. Three types of metho.ds fur 
a~alrzing program descriptions in this way include: (I) analyzing 
program flow and structure [Knuth, 1968] [I?,ijkstra ,1?76J. (!I) 
designing data stnlctures to be appropriate, and (lit) compllmg (as m 
the FORTRAN H compiler) and optimizing transfonnations of the 
pro.gram (as in [Darlington and Burstall 1973 1977) o.r [Balzer et al. 
1977].) 
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In a changeable environmenl we advocate Ihe use of melhods 
more dl'namic Ihan Ihese. Rather Ihan improving Ihe static 
description of a program. we propose Ihat Ihe program modify its 
own structure to adapt it to its operational environment. Some 
earlier automatic programming systems (Darlington and Burstall 
1973) [Lenat 1975) [Low 1974) {Kant 1977] (Barstow 1977) were 
designed to improve programs' efficiency. and many of their ideas 
have found Iheir way into Ihe techniques we now describe. Those 
s\stems had program construction. transformation. and optimization 
as their primary task; we are proposing general methods to provide 
self-improving abilities to other kinds of AI programs 
(understanders. theory formers. expen simulators. planners. etc.). 

One valuable source of prediction comes from the program's 
e~periences as it runs. If a program can "learn" from its 
experiences, it might try applying each piece of newly acquired 
knowledge to the task of specializing itself. modifying itself to run 
more efficiently in the current runtime environmenl We believe 
that a program's "intelligence" can be increased in this way; Ihat is, 
by increasing its, ability to acquire appropri~t~ knowledge,. to 
organize that knowledge. and to refine the condluons under whICh 
Ihat knowledge is recognized to be applicable. For any fixed quanta 
of manpower resources we expend. there is a limit to the 
size/complexity of programs which can be successfully ~plemented. 
This barrier might be ol·ercome by programs whIch are self­
extending. which actively do things to enlarge Iheir input domain, 
their capabilities. 

Notice Ihat representing a corpus of knowledge as a minimal 

(canonical) generalization/specialization hierarchy. with 

interpretatively-computed in~eritance" mayor may n~t ..be 

cognitively economical: thIS technique fal'ors expresslblilty. 

compaction of representation. and efficiency in updating and 

altering the knowledge base. but at the expense o~ perfo~nce. It 

is true that a dog is a mammal. and a mammal IS an animal, and 

from those two we could compute Ihat a dog is an animal (see Fig. 

9). but if the same arc is being repeatedly recomputed Ihe~ it is 

more cogniti\'eiy economical to store one redundant arc. Studies by 

ourselves and olhers [Hayes-Rolh and Hayes-Rolh 1974] [Rips et aI. 

1975\ indica!': just such redundan.:k~ bcing .:rcated ;md 
strengtllclI.:-d b) repetitklllS. 

Obviously. the economy of specific representations and related 
inference methods depends heavily on underlying machine 
architectures and costs. We assume Ihat intelligent systems aim 
chietl~' to produce useful results (e.g~ nove) hypotheses) as rapidly 
as possible. In short. Ihey should search cleverly and fasl Thus, a 
priori notions of aeslhetics or design economy have little bearing on 
cognitive economy. Massive redundancies in storage. processors. 
and inference processes seem more directly relevant. Funhermore, 
we suppose that, like people. intelUgent software should eliminate 
slow. interpretive searches for previously solved problems (especially 
if the same problems are repeated often). To this end, cognitive 
economy may be achie\'ed through dynamic compilation of action 
sequences, Such compiling would reduce Ihe time-cost to effect the 
corresponding behavior; on the olher hand, this efficiency would 
appear to be gained only at Ihe cost of interpr:etabi1i~y. 
inteITUptibility. and modifiability. Those are desirable attnbutes Iff 
a program potentially needs continual changing. In typical 
situations. bolh efficiency of compiled forms and accessibility to 
declarative forms are intermittently needed These different needs 
point again to the economic benefits of maintaining simultaneously, 
alternative and redundant representations. 

When It Pays to Adapt 

We can abstractly characterize Ihe situations in which an Al 
program would find it cognitively economical to monitor and adapt 
itself: Ihe resources available for specific tasks vary signifICantly; or 
the specific tasks have (at least locally) some similarities, some 
structure which enables Ihem to be solved quickly in the same 
particular way. Here are some examples: 

The load average of a time-sharing system fluctuates with time 
of day. but users demand that Iheir speech understanding system 
always provides Ihe best guess it' can in real time. 

A hospital simulation program can run at excruciating le\'els of 
detail. and it Ih'es on a dedicated machine. But Ihere's been a bad 
acddent nearby Jnd \\ ithin one minute the polk.: must ha\c ~m 
estimatc (If h,lw mall) emefilen.:y ca$Cs Ihe h'llipit.ll can acc.:-pt. 

A program is ghell an emlmJOUS am,lullt of resources to 
prerare for each task. but little resources bet\\c':-Il Ihe time a Task is 
prCS<'nted and an answer is called for. It may be cOSt ",ffecti\e for 
Ihe program to spend some of its preparation (inter·task) time trying 
to discorrr new algorithms. reprc$Cntations. etc. We are struck by 
Ihis in nature (e\'olution). though as yet JUSt glimpse it in Al 
programs (such as EUrisko). 

A system is Sl)ld to sevel'dl customers, each wilh a distinct but 
complex task en\'ironm~nt in which it will Ihe. It then bC'«(lmes 
cost effectil'e to spend some resources str~amlining the program 
(either manually or automatically) to fit that user, In terms of 
equation 1. the environment changes only once. so no continuous 
monitoring and moditication is performed: the onetime cost of the 
modification can be amonized throughout the lifetime of the 
program (i.e.. the penalty for non-specialization is integrated o\'er 
time.) The well-known SYSGEN generatinn of tailored operating 
s}'Stems is a simple example of this. 

While maintaining a file system. the program notices the 
patterns in each user's accesses to his files, and of Ihe community as 
a whole. and occasional1y selects a new data structure for some pan 
of Ihe system to make it run more efficiently. See [Low 1976]. 

Appendix 2. The Assumptions 
SUIIIIIfIU)': The claims we make elsewhere in Ihis paper 

presuppose that "intelligefl€e" can be adequately modelled as heuristic 
search. guided by pallern-dirtr:ted rules. implementable on a 
uniprocessor. 

Every scientific Iheory is constructed in a rich context of 
surrounding theories, melhods, and standards determining which 
experiments are reasonable ones to perform and which point of view 
to take when interpreting Ihe results --- in short. a paradigm. We 
feel it useful to aniculate Ihe "core" of one's paradigm: Ihe 
assumptions one's Iheory rests upon. For that reason, this appendix 
is devoted to a presentation of our assumptions, including: a model 
for intelligence (Appendix 2.1). a model for how intelligent 
computer programs may be organized (Appendix 21), and a model 
of Ihe characteristics of present computing engines (Appendix 2.3). 
Briefly: 

(i) We continually face searches in more or less immense 
spaces; intelligence is the ability to bring appropriate knowledge to 
bear. to speed up such searching. Increasing intelligence then 
comprises increasing knowledge. impro\ing its organization, and 
refining the conditions for its applicability. How are Ihese new 
dh;coveries made? Empirical induction (generalizing from 
experimental and other obserl'ations). analogy, and Ihe criticism of 
existing theory all lead to new conjectures, new possibilities. 
1 

(ii) Intelligent s)stems CilD milke the applicability of Iheir 
knowledge explicit by reprl!'3Cnting that knowledge as condition­

; action rules IF situatiQl1. THEN appropriate reartiol/. Such pattern­
directed inference systems (PDIS) can benefit from a schema 
representation (frame. unit. being. script t"tc.). because Ihis adds 
structure which the rule descriptions can exploit. 

(iii) Currt"nt computing technology presents us with limited 
cycles, cheap storage. and expensive knowledge acquisition. 

Appendix 2.1.: A Model of Intelligence 

SUIIIIIfIU)': Sil/ce "intelligence" depellds upon bringillg relel'IJnt 
knowledge to bear. it con be increased not ollly by adding new 
kllOwledge. but also by beller organizing the existing knowledge. 
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Many human cognitive acUvltleS, including most of those 
commonly referred to as "requiring intelligence," can be cast as 
searches. as explorations through a search space, meandering toward 
some gOill. We call a problem-solver "more intelligent" if it can 
work efficiently toward a solution eren in the face of an immense 
search space and an ilI'defined goal. Somehow. it is imposing more 
struclUrc on the problem, and using that to search more effectively. 
How might it do this? According to our model of human 
intelligence. it accomplishes the task by bringing knowledge to bear, 
knowledge not supplied explicitly in the problem statement. This 
knowledge can be about problem-sohing in general (e.g., how to 
recognize and break cullUral blocks [Adams 1974]) or abOllt the 
problem domain specifically (e.g., which groups of chemical atoms 
can usually be treated as aggregate superatoms [Feigenbaum 1977). 

This implies that a problem solver can become more effective 
by (i) increasing its knowledge. (ii) better organizing its knowledge, 
and (iii) refining its criteria for deciding when various pieces of 
knowledge are applicable. In tenms of production (If'Then) rules, 
these correspond to adding new rules. modifying the data structure 
in which rules are held, and tuning the conditions (If parts) of 
existing ru·les. 

One very basic assumption we are making is that of conlinuUy: 
the problem-solving environment docs not change its character too 
radically, too rapidly. That is. our environments are fluid but not 
gaseous. Let's see why this assumption is required. If the program 
abstracts from its experiences a plausible heuristic H, it may be able 
to analyze past scenarios to verify that possessing and obeying H 
would definitely hare improved its perfonmance (e.g., led to the 
current state of knowledge quicker); but itS only justification for 
believing that H will help it in the future is the empirical evidence 
for the continuity of the environment. Learning can be translated 
effectively into action only when the structure of the em'ironment 
has not altered too greatly. 

A related assumption is that of irrever.lible know/edge accretion. 
Our body of facts and observations continually grows and only 
llCc,H;iol1all~ shrinks. C~I1"inl~ th~ ,lr.andllnment of a IIhok S}Slem 
111' thought is J r.lr,'c\cnt indeed (sec [Kuhn 19~~11. \Ih~rcas the 
adoption of nc\~ systems of thOUght is part of the standard 
educational process. 

New klwwlcdgc is discovered by specializing some broadly 
applicable but \Ieak principles. or by gen.::ralizing particular 
experiences. The latter includ~s abstraction lcondense some 
experiences into 11 heuristic which would hil\e greatly aided us in 
the past if only w.::·d had it) and analogy (draw parallels to other 
existing facts and heuristics. and also to the pmhs which led to their 
discovery.) One sometimes "spirals in" [Lakatos 1976] toward 
precision and competence (s.::e Fig. .10). 

....._..._......_) 

I ._--) \ 

Hypothesize t t 0 \ I Criticize 
\ \ I 

<.---•.•._-. 

Figure 10. The Lakatosian loop of criticism and improvement of 
hypotheses. spiralling ever closer. to truth and understanding. 

Appendix 2.2.: Model of Intelligent Program Organization 

Summary: Since we want our Al programs to access, reason 
aboUl, and expand their own knowledge bases, it is useful 10 represent 
such knowledge ill a clean. modular form (e.g.• employing any olle of 
the current schemalized represemations.) 

The preceding remarks about intelligent problem solving apply 
equally to "hardware" and "wetware" alike. To be intelligent, 
computer programs must ultimately grapple with the tasks of 
knowledge acquisition. representation, and refinement. We cannot 
provide an absolute answer to how they should be organized, but 
we can posit some design constraints which hare pro\'en useful so 
far. 

A very general heuristic in AI programming is the following: 


If your program is going to modify its own X. 

Then make X as separable. dean, and explicit as possible. 


In our case, X can be instantiated as "knowledge." or as 
"applicability conditions for each piece of knowledge." In this case, 
the heuristic advises us to represent our knowledge in a separate, 
clean. explicit fonm, say as knowledge modules haying some fixed 
internal structure. and also adrises us to keep the applicability 
conditions for each knowledge module separate from the rest of the 
kllll\\ kdg.:: it cont.lin,. 

111is naturally leads us to a pattern' directed inference system. in 
which knmdedgc is broken into separate modules. ~ach lI'ith an 
explicit set of rclelancy tests [Watennan and Hayes·Rotll 1978]. 
Such syst('ms arising in Pinsburgh and London may champion 
syntactic purity. II hilt' those arising in California may [cnd toward 
the haroque. but such \"ariillions should not Or.SCUf':: their common 
source of power.lllc PDlS architect breaks his program's 
knowledge into a set of condition-action production rules. 

Ha\ ing a clean representation for rules means haring a clean, 
precise, elegant languag.:: in which to express them. 13) stmcturing 
the conceptual knowledge of the system. by partitioning each 
module's knoll ledge into se\'eral categories. a rule can condense an 
entire cumbersome description into a simple reference (often a 
single poi mer). The popular schematized representations of 
knowledge (scriptS for episodes, franles for static situations, beings 
for specialists, units for everything) enable a rule like "If there are 
no known methods specific to finding n?w examples of prime 
numbers. then..... to have its condition coded as a simple null-test 
on the "To-get" subslot of the "Examples" slot of the schema called 

. "Prime Numbers." By a judicious choice of slm types and subslot 
types, the system builder can reduce most triggering conditions to 
such quick checks on the state of various (subslots ot) slo15 of 
schemata. 

Additional knowledge can be brought to bear to locate 
efficiently all the rules which might have their conditions satisfied in 
a given situation, and also to decide which rules to execute (obey) 
among those whose IF- pans have triggered (been satisfied). 

Appendix 2.3.: A Model of (Present) Computers 

SUITIIIfl1.ry: Since we are considering the problem of building 
compUler models of intelJigellt behavior, many of our assumptions deal 
with Ihe characteristics of presem-day computers. They are the 
symbol manipulators we use, bUI were nol designed for thai general 
purpose. 

The foremost quality of computing machines, as we know them 
today, is their limited "inferential bandwidth." Although they 
provide \inually (sic) limitless storage capacity, these machines can 
process only a small fraction of this infonmation in a reasonable 
amount of time. Two primary reasons for this disparity between 
storage and generation capacities include: (1) knowledge acquisition 
proceeds ;Iowly and expensively; and (2) inference processes depend 
on operations that ordinarily require cycles of uniprocessor systems. 

The first problem places a cultural limitation on the 
development of intel1igent machines. lhis development is restrained 
by our inability to express what we would like our machines to do 
or to com'ert these expressions into effective machine interpretable 
codes.' 
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'nle s\X'(lnd pruhkm relle':ls a It'fllllolugif,ll cllllsiriction of our 
p('t"mi<l1. The so-called \lll\ \eumimn boulcnl'Ck. caus.:d by 
Ill.lchir.e <trcllitccmres thaI sequentially interpret program steps 
thmll£ll a single lugkal processor. strongly moth'ates concern for 
programs thai Ciln minimize unnecessary computations. 

In some tlnure em ironment. perhaps neither of these problems 
\\ ill persi~L In the meantime. howc\'er. we as.'Ilnne that two of the 
besl ways to increase AI system producth·ity. derived from these 
current limitations. will be to expedite knowledge acquisition and to 
avoid unnecessary computing (for instance, by opting to "store & 
recall" rather than "forget & recompute"). 

Appendix 3: Monitoring tpe Task Environment 

Summary: The bod)' of this paper has ampl)' iJIustraled how a 
program might profit from knowledge it gathered d)'namically. This 
suggests that rather than working 011 the given problem exclusively. a 
program ma), be beller of! to expend some time leaming: leaTl/ing 
about the specijk problell~ ilS broader domain. or problem-soMlig ill 
general. Note this suggestion would encompass tradilional education 
(being told), empirical research (observil/g), alu/ theoretical 
exploratioll (predictillg). While such "very high-Icvel" problem­
solving strategies tJiPify human problem-so/!'ers (especially those ofus 
who have ratiol/alized spending twenty or more years "i" schoo!'? 
l'e1)' fell' prograllls /0 d.ate have employed any of these forms of 
leaming 10 improl'e their opl'ration. 

We discus.ed in Section 1 the "environmental fluidity" 
conditions under which it could be cost effective for an intelligent 
system to be able to improve its performance dynamically. To 
accomplish this, a program must first be able to monitor its 
processing, i.e" 10 sense, record, and analyze its representations. data 
structures. algorithms, inference procedures, and the way they are 
currently being relied upon. It can then use this gathered 
knowledge to modify or redesign itself to perform more efficiently. 

Some programs (and wish-lists for program capabilities) have 
included learning more about the problem being worked on. For 
instance. McCarthy'S advice-taker and Balzer's dialogue system (to 
get airline resen'ation programs written) would be told, Gelernter's 
theorem-pro\'er (employing diagrams as analogic models) could 
observe, Lenat's AM could observe and predicL In this paper. 
howe\·er. we are stressing learning about the ways the program is 
being currently employed. 

Learning by Being Told 

There are many situations in which a user could provide adl'ice 
to a program: 

(a) The user might want to convey to the program some task­
soecific item: "lnteJlration bv parts won't work on this problem": 
"'\llis is a \ery hard pwbkm:' This can easily be input as part of 
the user's st;llement ,If the problem for the s~ sh~m to wort on: e.g .. 
the user might designate some methods as being preferred or 
constrained, he might estimate a resource allotment etc. 

(b) Another type of ruh'ice will apply permanently to the nature 
of the program's functioning le.g .. -Answers, e\'en if uncertain. must 
be produced in real time:" "Hard pWblems will be starred.") Such 
knowledge can be reflected permanently in the design of the 
program. in its code. 

(c) But there is an intermediate level of advice. some 
infOlmation the user knows will concern the next sel'eral tasks to be 
submitted •. - not just the present one and not all future ones: "The 
next four problems will be supplied in order of expected dilflCulty;" 
"Several of these problems share common assumptions and raise 
related, issues: II "The user for the next entire session will be a 
ph,sician;" "Until I find out wh, F34 returned NIL, I'll be in 
debugging mode. not production mode." Such advice is rarely 
cOl"municable e\'en to Al progrw5. 

We believe this type of intermediate-Ie\"el adl'ice would 
improve programs if they had the opportunity to accept and use it. 
In general. we would like to ad\'ise the program which capabilities 
to consider and which to ignore during a prolonged period of 
solving closely related problems. A fixed (static) approach, for 
example, would be to define a few modes (e.g.. Debug, Demo, 
Production. Input....) and permanently build into the code all 
changes required to specialize the system for each mode. A flexible 
(dynamic) approach would pro\'ide a larger language in which the 
user could describe his current mode of usage of the program (e.g., 
by typing "USAGE of KNOWLEDGE-BASE will-be I:-ICREASED 
VERY-MUCH"). The program would translate such statements 
into changes in its data structures, algorithms. explanations, core 
management strategies, etc. In the current example, heavy usage of 
the knowledge base might cause the program to swap out its 
compiler. optimizers. and other code, enabling it to hold many more 
knowledge chunks at a time in core. The ability to hold more 

.knowledge in memory would directly affect the rate and probability 
of productive inferences..\foo{Similar effects have been shown for 
humans: lB. Ha>"es-Roth 1979, 1. Cog SCl1 

Learning by Observing 

Spending a little time/space reconfiguring to reflect the current 
state of the world (the nature of the recent and succeeding inputs) 
seems worthwhile: the problem is how to know what that abnormal 
nature of the enl"ironment is. In the last subsection. we diseussed 
the case where the user explicitly tells the program. But this is 
oftcn impossible (as when the user is unaware of an impending . 
irregularity. or when the "user" is Nature), and almost always a ; 
nuisance (learning the langupge in which to express such advice, 
remembering to do it, taking the time to do it). 

The next step seems to be to allow the program to infer such 
facts about its run-time em"ironment from observations, What kinds 
of self-monitoring can be usefully employed? 

The lIl.;'th,1(j which comes to mind first. perhaps. is to s;I\e a 
complete r~'Cord of e\'crything tllat e\er happened to this program: 
all the inputs it recch'ed lwhen. from Whom). function calls and 
accesses it made internally. paths it chose/rejected land why). and 
outputs it gcnerated. The program could in principle induce. from 
sllch an exhaustive hislOl'}"\isl. patterns such as "\'ery light usage of 
compiler:" "SQRT is always called on the result of SUM-OF­
SQUARES." 

The space costs of such an archive. and the temporal cost of the 
procedures to infer useful patterns. are surely prohibitive. The more 
economical approach is to analyze in ad\'ance land change slowly 
throughout the program's lifctime ISamuel 63]) certain features w:e 
would wish to look for in a complete history record. and then to 
have the program record just enough dynamically to gathcr and 
maintain those features.. Some of these will be domain-independent 
and commonly useful: Frequency of calls on various functions. 
requests for subtaSks. etc.; Patterns in the arguments to calls on 
certain functions and inputs to the prO£ram: Patterns in the 
sequence of calls on functions; Paltems in functions' results (e.g .. 
F34 always seems to return a User-Name). Some of the features 
will be domain'dependent specializations of the preceding features 
("Average degree of input equation" is a special "pattern in the 
input") 

Learning by Predicting 

The theoretician and the engineer share a powerful technique: 
manipulating a model of a system to generate predictions and 
identify those possible outcomes that would be desirable. This is a 
third route to learning. How might programs produce it? What 
sons of theories, or models. can be employed to generate new 
information? 

Models of the program's users can be valuable. This includes 
maintaining and extending profiles of individual users and whole 
groups. When a user opens a dialogue with Eurisko with the word 
"Let", it is a sare bet that he's a mathematician. Later, when he 

http:discus.ed


144 

uses the word "function," his membership in that group makes it 
easy to determin~ which meaning he has in mind (instead of, say, 
what a phYSIOlogist or a computer scientist or sex therapist might 
mean by "function:') When the program wishes to mention the 
square root of ·1, it uses its MATHEMATICIAN model to choose 
an appropriate notation C' i .. for mathematicians instead of, say, .. j 
" for engineers). Models call be arranged in a hierarchy, with 
inheritance of features from more general groups to their subsets, a 
lattice ultimately terminating in models of individuals. L'ser inputs 
would be recognized by various models, which would then 
hypothesize membership in that group (or explicate some future 
conditions which would confirm or deny such inclusion). Once 
triggered in this way. the user's apparent groups (and its 
generalizations) would actilely tilter his inputs and outputs. could 
modulate the program's actions (e.g.. by changing the worth of the 
"Proof' concept, which in tum would change the priority rating of 
tasks on an A\Hike agenda and thus alter the program's choice of 
what to work on next.) ~ew user models can be created either top' 
down (e.g.. '~hen a model has many diverse instances or when it's 
pl\1lCn historieJlly to he Icry I.Iluablc. then try to split it into 
sc\('ral spccialil;Jtit'ns. (';lch haling .1 ,hare of the' generJI model's 
in,!illlccs) or bottoJll'up (i.e.. notic(, that a gmup of individuals share 
a set of common characteristics, and cr(,;lte a new user group out of 
them). 

The preceding kind of prediction is based on a theory of user 
types. embodicd in a Se't of "typical representativc" models. The 
same source of pOller can bc used in many wars: stereotyping of 
C\'cnts (as in scripts). stercotyping of stHtic complexes (as in frames). 
stereotyping of communities (as in actors. beings, and contract nets). 
In all these cases. the source of power lies in quickly recognizing 
probable membership in (applicability 00 some sChema. after which 
all the rest of the schema (plus knowledge ahout all its 
generalizations) is pr<'sumed to be relevant. Programs might build 
up and utilize sccnarios of how problems are solved typically in 
their domain. The building-up could b(' top-down via specialization 
or bOllom-up via generalization, or cven "sideways" via analogy. 
The models would be lIsed for prediction (recognize relevant models 
and activate them, have them hypothesize probable future 
situations). Together, the models would fonn a theory of how 
problems arc solved in that domain. 

Appendix 4: Cognitive Economy in Any Environment 

Summary: A coherellt theory of cognitive economy must 
characterize Ihe sources ofpower of its methods, and describe ways ill 
which Ihey specialize for envirollmellls having various properties. 
While Ihe bod)' of this paper concentrated upon cogllitive economy ill 
fluid environmellts, we hope to see such a comprehensive theory 
develop in the future. For that reaSOIl, we shall present (briefly. here 
in an appendix) a few techniques for enhancing cognitive economy in 
arbitrary environments. We have already described ill great detail 
(Section 2.2) the caching of intenllediate results (illtelligent 
redundancy) and will now treat twa additiollal methods: expectation­
simplified processing (illlelligent focus ofattention) alld multiple levels 
of abstraction (intelligent knowledge structuring.) 

Appendix 4.1.: Expectation-Simplified Processing 

Summary: For efficiency's sake. an intelligellt system should be 
willing and able to add new facts, but should be eager to add 
surprising new facts. Surprises can anI), be noticed by contrast with 
expectations, so all intelligent system should maintain a context of 
expectations and fllter incoming observations against that. 
Furthermore, expectations and surprises can aid an intelligelll s}'stem 
in comparing its model and processing of the domain 10 the real 
world. Through such monitoring. discrepencies may be found and 
diagnosed, leading 10 changes in the model making il more consistent 
with observed beha'ior. Our discussion here centers all the 
importance of using such expectations to ftJCus and fllter intelligent 
processing. 

The I\{\rld \:tomhJrds l'lIf sen:;e, II ill! dJta. much nwr~ than II ~ 
can pro,e:;s in detail in real time: yet 1\ c can't IiI i.' in a hundred 
times real lime. We sun il c h) ignoring mt'st or thaI dalil. or. more 
precisely. h) knowing (almo,;t immediately deciding) IIh,lt can be 
ignored. W.: Ill;linta:n a sct of expectation" ag;linst IIhilh Ihe 
incoming torrent is matched, Almost.lll (It it will Illatch those 
expectations. and 1\(' then need merely pmass the unexpected 
inputs. the surprising ohscnatlons. We reserl\: our computing for 
tho5e oPPLirtlinities which promise tiS gcnuinc new facts. rather than 
reconfinnation of known ones. 

Such concentration on the abnonnal is a natllt'al side·effcct of 
being guided by expectations ... alheit usuall, ;ter('otyped ones ... 
about situations. elents. and people. One is able to zip through 
most of what is encoulltcred. match it immediately to the active 
schema. and Illove on. The only processing which is slow and tricky 
is that dealing with the remaining anomaiies. exceptions. puzzles. 

The more general pOSition is !hat each slot indicates not merely 
a default, but also an indication of how important it is to confirm 
that value. Some slots will have meta'comments like 'Tm worth 
computing or verifying", or JUSt the opposite. For example. in our 
"Room" frame, we have a default Ceiling. but in everyday life we 
know to not squander time checking that each room we're in has a 
ceiling. Similarly for emergency exit signs: they usually exist, and 
we rarely feel it's cost·effective to confirm that. We have in both 
sittuations a very fast algorithm we can apply if ever we are in a 
situation in which we need that information. For ceilings. it's 
(A 0 (look upwards): for exit signs, it's "look for red on white 
lenering." While this may seem to be a much more complex 
program to execute. recall that if we truly need to run it •.. say in a 
sudden power failure ._. we cxpect those lit signs to be one of the 
few things we could still see. 

The policy for whether. when, and how to check a default slot 
value can be arbitrarily complex. The program may be designed to 
reason at great length about how much lime to expend reo 
confinning the expected. It may reason about the taSK of reasoning 
about how much time to spend, and so on. 

Several increases in efficiency are realizable through 
expectation·tittering: 

(a). Perceptual set: Expectations allow you to see what you 
expect with less effort For emergency exit signs, when we need to 
find them, we know to lOOK for horizontal and vertical red lines; 
this is 99% effective. When we look at our red LED watch and 
have a perceptual set to read the time, we of course would not 
mistake the image for that of the EXIT. 

(b). Surprise: If we observe Y when we expected X, our 
attention is captured. In one way, sensitivity to data inconsistcnt 
with expectations has been heightened. We saw in (a), above, that 
reliance on frameS will dull our chance of noticing a surprising 
datum (since we will tend to interpret any data as consistent with 

the cum:11l frame). This point (h) sa~s that ifw\: dL' notice it. then 
it 1\ ill hale a siglliflcJIll imp;lc!. Carct\llly huiding up an 
expectation and then abmpting shattering it with a jarring surprisc is 
the archetypical template tbr a good joke. As Arthur Koestler 
observes.' the jarring of conflicting m~triccs of thought is what 
po\\ers art (ah!). science (aila!) and humor (h(lha!). 

(c). Defer: By relying upon expectations. upon dcfillilts. we can 
usually defer processing to find the true I<alue in the currcm case 
forevcr. At least. when we do finally have to make a particular 
perception. it may at that time be easier to make. When the ceiling 
is falling. it's easier to see: when all the lights go out except for the 
EXIT signs, it's easier to sec thcm. Generalizing. we may state that 
it's worth a little computing to reason out I\helher (and maybe evcn 
how long) a slot·filling can be ignored, 

(d). Predict and Prepare: This includes the whole continuum 
we discussed in the Caching section: bind a variable, store the triple 
(F.x.F(x». store enough information so that F(x) could be 
recomputed very quickly. store informatir'll which would make 



F(x') more easily computable (for x' similar 10 x. and F' similar 10 
F). swre awa~' a panial model of the world wiih good and bad 
features tagged, Notice ihat moving along ihis continuum, programs 
groll' more flexible. more descriptive (less scalar). more dynamic. In 
all cases, ihe moth'ation for doing ihis swrage is 10 (i) speed up ihe 
recognition of (ihe need to do) similar computations in ihe future. 
and (ii) speed up or even eliminate those computations when you 
decide ihey ore rele\'ant and you want ihe values ihey would return. 
These are ihe two uses of scripts. but also of cached constants (e.g.. 
caching ihe value returned by OWNED·BY. a function from CARS 
to PEOPLE). A better example is user models: they range from a 
single bit (E.g.. a NOVICE/PRO toggle), to a few numbers (e.g., in 
PARRY), to a dynamic concept-modelling scheme (e.g., in EUlisko). 

In ihe interests of cognitive economy, we conclude that 
programs should build up expectations, monitor ihem, and change 
iheir models as needed. A natural mechanism for doing ihis is ihe 
use of pattern dirccted knowledge modules (PDMs). which can react 
to changing situations. to sudden disconfirmations of predictions. 
These can be use.d as triggers or demons; e.g~ if you hear someone 
shout "Fire!" in a theater, that lakes precedence O\'er Jane Fonda. 
The second use of PDMs arises when an expectation is not met: ihe 
program then also has some chance of modifying ihe culprit rule(s) 
ihat made ihat false prediction (and/or adding new rule(s) which 
would make ihe right one.) 

Appendix 4.2.: Levels of Abstraction 

SU1tInIflJ)': An intelligent system's domain model is typically an 
approximation of realit)'. It is often the case lhat knowledge exists at 
sel·erallerels of detail and abstraction. The amount ofdetail required 
in inte/ligelll processing depends 011 the problem-soMng context. By 
appropriately structuring knoll'ledge. a problem-soher can take 
adranlage of abstraction by reasoning at the leI'el appropriate to the 
£iren situation. We argue here that abstraction is crucial for 
illldlfgl'llt syS/l'tllS lI'11idl 1111151 prOfl'SS ort'r /.)f·ge klhJK'ledgl? bilses or 
I"il!zill I,id,":y-rtlryillg lilll<' (wls/raillls. 

, 
I 

In mally real-life problcm solving situltions. the "goal" is not a : 
singlc, pr~cisc answer, Rath~r. ihere is a cost-benelit tradeoff 
between .Ihe aCl'Uracy of ihe solution and ihe amount of resources 
consumed in producing it. Computer programs which are designed 
only to return exact answers lie at one extreme end of ihis curve, 
and rarely near the optimal point (of diminishing returns). As 
McCanhy and oihers ha... e observed, when a coffee cup spills. it's 
not optimal to carefully integrate ihe equations of hydrodynamics 10 
decide whciher or not to jump away from the table. 

This notion of a cost·benefit curve presupposes a kind of 
"continuity" in ihe environment, as we discussed in Appendix 2.1. 
Namely, truncated search is assumed to be better than random 
selection of a legal move. Almost paradoxically, if ihe environment 
is mercurial, ihen ihe optimal point on ihe tradeoff will cause our 
program to be very expressive. 

Cognitive systems which must copc wiih ihe world have an 
omnipresent need to approximate reality ._. a need which is well 
met by maintaining multiple representations of ihe world at various 
levels of abstraction; i.e., an entry in the knowledge base has aU its 
generalizations also stored explicitly, redundant1~. 

Multiple levels of abstraction ("MLA") are useful for quickly 
approximating reality. In Section 1, we described a situation in 
which a hospital simulation program might be required upon 
occasion to provide as good an estimate as possible to a query 
within a given (shon) time period. Anoiher example is ihe spilling 
of a coffee cup: ihe decision of whether 10 jump back, of what 
items will get soaked, is made very rapidly, heuristically, not by 
integrating ihe hydrodynamiC diffemlial equations. 

MLA also facilitate analogizing: ihey can Qlake that process 
easier, faster, and occasionally even more valid. Analogies can be 
recognized when two distinct concepts coincide at some abstract 
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level. Conversely. jf (corresponding slots of) two apparently related 
concepts (such as two homonyms) do not share related structure at 
higher levels of abstraction. ihat suggests ihat an analogy between 
them would be superficial and lacking in power. 

Multiple levels of abstraction cost a cenain amount to 
implement. boih initially (man-hours of programming) and as ihe 
program runs (cpu time spent maintaining ihe redundancy. choosing 
which level to work on next. etc.) For problems of all sizes, this 
feature aids in ihe expression of new problems to the program, since 
ihey may be input at whatever le\'el(s) seem appropriate to the user. 
Thus multiple le\'els of abstraction will always add to expressiveness. 
and will eiiher detract or add to efficiency depending upon how 
small or large the task is. ~i LA is very useful whcn ihe program's 
resources arc curtailed or, even better. varied dramatically in 
magnitude from run to run (a program which was alll'ays limited to 
a IS-second execution time would be designed specifically for its 
task, but a program which might get anywhere from 2 seconds to S 
hllurs I~lr thc smllC simulation qucsti,ln c,luld heucr ):Icllctlt icom 

multiple lc\cls (11' ,1IlstrilCtioll.) ~IL\ .:omributes lIl,lre III cftkicnc\ 

as ihe quotient (task Sil.c)/(rcsourcc allouncm) increases in SilC. and 

as its rariall('e increaSl.'S. 


There is it more general result here: ihe methods II hich hum,lOs 
find useful for easy expression or problems may be useful to 
programs attacking very large problems. For instance. consider the 
decision about whether to do int'l'l'cnce by a s~'Stem of pattern­
invoked expcns. or. instead. to preproccss ihe triggcring conditions 
into a large discrimination network. The former approach is more 
expressive, the latter more efficient ... at least ror small problems. 
For very large tasks. ihe n{'ed to rcmain flexible looms ...-ery large. 
It is ihen more economical to retain pattern-directed control; the 
compilation of the patterns is so complex the whole procedure 
would have to be redone frequently during ihe course of execution, 
if we opted for that alternative instead. A case in point is tile 
HARPY speech understanding program· (Lowerre & Reddy 1979): 
whenever ihe grammar changes _.- at any level ..- ihe entire speech 
recognition network must be recompiled. HEARSAY II [Lesser and 
Erman 1977). while slower in performance, has sufficient flexibility 
(from several independent pattern-directed knowledge sources) to 
obviate such monoliihic integrative recompilation delays. 

Acknowledgements 
We wish to ihank Dave Barstow, John Seely Brown, Bruce 

Buchanan, Ed Feigenbaum, Cordell Green, Russ Greiner, Greg 
Harris. Barbara Hayes-Roih. Allen Newell, Herben Simon, Mark 
Stefii, and Don Waterman for several discussions which have lett 
iheir mark in ihis paper. 

References 

Adams, J. L, COlICeptual Blockbusting, W.H. Freeman: San 
Francisco, 1974. 

Anderson, R. H. and J. J. Gillogly, "Rand intelligent

Iterminal agent (RITA): design philosophy_" R-1809-ARPA, The 
IRand Corporation, Santa Monica. Calif., 1976. 

I Balzer. R,. N. Goldman, and D. Wile, "Informality in 
program specifications," Proc. of the 5th Int. Joint Cor!/. onIArt!licial Intelligence, Cambridge. Mass.• 1977, 389·397, 

j Barstow, D., "A knowledge-based system for automatic program 
'construction," Proc. of the 5th Int. Joint Con! on Art!li(ial 
:Intelligen(e, Cambridge. Mass.• 1917, 382-388. 

Berliner, H. 1., "Chess as problem solving: the dcvelopments 
: of a tactics analyzer," Ph.D. Dissertation. Carnegie-Mellon 

I 



146 

Lni\CfSily. Pittsburgh. 1974. 
Dobw\\,. D. G. and B. Rapha\?l. "N~w programming languages for 

artiticial itl(elligcnc~ research." COII/pulil/g Sun-eys, 6. 1974, 153­
m. 

Dobrnw, D. G. and T. Winograd, "An o\cn'ic\\ of KRL. a 
knowlcdgc representation hlnguage:' Cogllilire Sdellce. 1, 1977, 3­
46. 

Brachman. R.. "lbcorctical studies in natural language 
understanding". BBN Report 3888, September, 1978. 

Burstall. R. M. and J. Darlington. "A transformation system for 
de\i~loping recursive programs." J. AD/. 14. 1977, 4H7. 

Cohen. 	H., "What is an Image?". PrO('. Sixlh International Joiut 
Conjerellce 011 Artificial II/Ie/ligellce. Tokyo, August, 1979. 1028­
51. 

Collins. A. M. and M. R. QUilhan. "Retrie\al time from 
semantic memory," J. Verbal Learning and Verbal 8eh. 8. 1969. 
240-247. 

Collins. A. M. and M. R. Quillian. "How to make a language 
user." in (E. Tulving and D. Donaldson, eds.) Organization of 
Memor),. Academic Press: New York. 1972. 

Conrad, C. "Cognitive economy in semantic memory." J. 
Experimelltal Psychology. 92. 1972, 149-154. 

Darlington, J. and R. M. Burstall. "A system which automatically 
improves programs," Proc. of Ihe 3th 1111. Joilll Con/. on 
Artificial Illtelligence, Stanford, Calif., 1973. 479-485. . 

Dijkstra, E. W., A Discipline of Programming. Prenuce-Hall: 
Englewood Clifs. N.J.. 1976. 

Feigenbaum. E. A. "The art of artificial intelligence: memes and 
case studies of knowledge engineering." Proc. of Ihe 5th In!. 
Join/ Can/. all Arlificial Intelligence. Cambridge, 1.1ass., 1977, 
1014-1029. 

Fikes, R. E., P. E. Hart, and N. 1. Nilswn, "Learning and 
executing generalized robot plans," J. Artificial Intelligence, 3. 
1972. 251-288. 

Fiksel. J. R. and G. H. Bower, "Question answering by a 
semantic network of parallel automata," J. Math. Psych., 13. 
1976, 1·45. 

Gelernter, H.. "Realization of a geomeU'y'meorem proving 
machine." in (E. A. Feigenbaum and Julian Feldman, eds.), 
Computers and Thought. McGraw-Hili: New York. 1963, 134·152. 

Green, c., "A summary of me PSI program synmesis system." PrOf.:. 
of the 5th lJCAI. Cambridge. Mass., 1977, 380-381. 

Green, C. and D. Barstow. "On program synmesis knowledge." J. 
Artificial Intelligence. 10, 1978. 241-279. 

Hayes-Rom, B. and F. Hayes-Rom, "Plasticity in memorial 
net.....orks." J. Verbal Learning and Verbal Behavior, 14, 1975,506­
522. . 

Hayes-Rom, B. and F. Hayes-Rom, "The prominence of leXIcal 
information in memory representations of meaning," J. Verbal 
Learning and Verbal Beh.. 16. 1977, 119-136. 

Hayes-Rom, B. and C. Walker, "ConflgUral effects in human 
memory," J. Cognilive Science. 1979. 

Hayes-Rom, F.. P. Klahr. J. Burge, and D. J. MOSIOW, "Machine 
memods for acquiring. learning. and applying knowledge,". P­
6241 The Rand Corporation. Santa Monica, 1978. 

Hayes:Rom. F. and V. R, Lesser, "Focus of attention in me 

Hdrs.a~-I\ speech und.:rstanding $J$t.:m:· Proc. of tlte 5111 IJCAI, 
Cmnbridcc. ~Iass.. 1977. :!1-3S. 

Kahn. K.. ':'~Iaking Aesthetic Choices". PrOf. of Ihe (;til bll. JOi/ll 
Call/. Oil Artificial Intelligellce. Tokyo. 1979, 448-50., 

Kant. E.. "'Inc selection of etlkicnt il!1p!cmcntiluons for a high .I~\:el 
language." Proc. ..101 SIGART·SIGPLLV Symp. 011 ArtijlcUlI 
IlI/e/ligel/C:e alld Programming Umguages. SIGART Nell'slmer 
.r64. 1971, 140-146. 

Klahr. P.. "Planning techniques for rule selection in deductive 
question-ans..... ering... in (D. A. Waterman and F.. Hayes-Rom. 
cds.), Pal/em-Directed Illjemlce Syslems. AcademIC Press: New 
York. 1978. 

Knuth. D.. Fundamelllal A/gorithms (The Art of Computer 
Programming. Volume I.J Addison Wesley. 1968. 

Kuhn T. The Struclure of Scientific Revolutions. 1972. 
Lakal~ L Proofs alld Refutations. Cambridge University Press: 

Cambridge. 1976. 
Lena!, D. B.• "Beings: knowledge as interacting experts," Proc. of 

Ihe 41h Inl. Joint Con/. on Artificial llllelligence. Thilis~ USSR. 
1975. 126-133. 

Lena!, D. B., "AM: an artificial intelligence approach to discovery 
in mamematics as heuristic search," Memo AIM-286, Stanford Al 
Lab. 1976. 
Lena!, D. 8., "The Nature of Heuristics II and III". J. of Artificial 
Inlelligence, 20, I. March. 1983. 

Lesser. V. R. and L D. Erman. "A retrospective view of me 
Hearsay-II architecture." Proc. of the 51h bIt. Joint Can/. on 
ArtifiCial JllIelligenu, Cambridge. Mass., 1977. 790-800. 

Low. 1.. "Automatic coding: choice of data structures," Memo AIM­
242. Stanford University, 1974. 

Lowerre, B. and D. R. Reddy. "The Harpy system," in (W. Lea, 
ed." Recent Trends in Speech Recognilion. Prentice-Hall: 
Englewood Cliffs, N. J.. 1980. 

McCarlhy. J., "The advice taker." in (M. Minsky, ed.), Semantic 
Information Processillg. MIT Press: Cambridge, 1968. 

MOSIOW, 1. and F. Hayes-Rom. "Machine-aided heuristic 
programming: a paradigm for knowledge engineering." N-l007­
NSF. The Rand Corporation, Santa Monica, Calif.. 1979_ 

Newell A.• J. C. Shaw. and H. A. Simon, "Chess-playing 
programs and me problem of complexity," in (Feigenbaum and 
Feldman. eds.) Compulers and Thought. McGraw-Hill: New 
York, 1963. 39-70. 

Newell. A. and H. A. Simon. Human Problem Solving. Prentice­
Hall: Englewood Cliffs. N.J., 1912­

Nilsson. N.• Problem Solving Methods in ArtifiCial Intelligence. 1912­
Rich. E.. "Building and ExplOiting User Models", Proc. of the 6th 

Inti. Joint Con/. on Artificial Intelligence. Tokyo, 1979. 720. 
Rips, L J.• E. 1. Shobin. and E. E. Smim. "Semantic distance 

and me \'erification of semantic relations," J. Verbal Learning and 
Verbal 8ehal'ior, 12, 1973. 1-20. 

Samuel. A.. "Some Studies on Machine Learning of Checkers," in 
(E. A. Feigenbaum and Julian Feldman. eds.), Computers and 
Thought. McGraw-Hill: New York, 1963. 

Sande.....all. E., private communication, August 22. 1979. 
Stefik, M. "An examination of a frame-structured representation 

system." Memo HPP-78-13. Stanford Cnh'ersity, 1978. 
Waterman. D. A.• R. H. Anderson, F. Hayes-Rom, P. Klahr. G. 

R_ Martins. and S. Rosenschein, "Design of a rule-oriented 
syst.:m for implementing expertise," The Rand Corporation. Santa 
~ll1l\icJ. 1979. 

Wat~nnan. D. A. and F. Ha\cs-Rom. Pal/em-Directed Illferella 
Syslems. Academic Press: New York. 1978. 



147 

THE ROLE OF EXPERIMENTATION Ii'J THEORY FORMATION 

Thomas O. Dietterich 	 Bruce O. Buchanan 

Department ofComputer Science 
Stanford University 
Stanford, CA 94305 

Abstract 

This paper presents an analysis of the role of experimentation in 
theory formation. Experimentation serves three purposes: (a) 
hypothesis testing. (b) gathering of new data to constrain the theory 
generator, and (c) manipulation of the external system to reveal its 
structure. A theory formation system. EO, is described that employs 
experimentation and observation techniques to develop a theory of the 
UNIX file system ancl executive-level tile commands. This theory 
formation task is more complex than previous efforts. and the goal of 
the project is to determine which existing theory formation methods 
are applicable and what new methods need to be developed. Previous 
techniques arc reviewed, and none ofthem are found to be applicable. 
A new technique, based on controlled experimentation. is described, 
and a hypothetical t!"'<lCe of EO's execution is presented. 

:&<! terms: Theory formation. generate-and-test, controlled 
experimentation, exploratory experiments, observation experiments, 
hypothesis-test experiments, credit·as."ignment, new terms. 

1 Introduction 

Despite major advances in recent years. Artificial Intelligence 
models of learning and scientific theory formation are still primitive. 
This paper describes the EO project-whose goal is to investigate 
theory formation in a domain that bears a closer resemblance to 
ordinary scientifIC domains that previous AI theory formation tasks. 
We have chosen the task of constructing a theory of the UNIXl 

operating system, because it provides ample opportunities for 
experimentation under program control. In this paper. we describe 
this theory formation task and then review previous approaches to 
theory formation including generate-and-test, vemon spaces, Meta­
DENDRAL. and AM/Eurisko. From this review. we conclude that 
heuristic search techniques similar to those used in Eurisko are 
applicable to this domain with modifications to increase the role of 
experimentation. Three basic functions of experimentation are (a) to 
test hypotheses. (b) to gather more data for guiding the theory 
formation process, and (c) to explore the various statcs of the system 
being modelled. The paper concludcs with a description of the EO 
program and a hypothetical example of its operation, 

1.1 Description of the theory formation task 

The main goal of the EO project is to invcstigate a large-scale 
theory formation problem to determine which existing-AI techniques 
~n be scaled-up and what newtcchniques need to be developed. 1be 

·lUNIX is a t.-adcmark of Dell LabonItories. 

theory formation task that EO must solve is to develop a theory or the 
UNIX) operating system by designing. performing, and analyzing 
experiments with UNIX executive commands. lbe theory to be 
developed has four components (sec Figure 1): inpuVoutput syntax, 
executive-level commands, system calls, and file-system data 
structures. 

• Input and output syntax. 	 (E.g., Incommand 
:: =1 n source des!) 

• Abstract 	 programs for each executive 
command. (E.g., 1 n command. cp command) 

• System 	 calls. (E.g.. Create-file. 
Delete-file. 
Chango-work1ng-d1 rectory) 

• File 	 system data structures. (E.g., tile 
directorics. protection codes, current working 
directory) 

Figure 1: Four components ofEO's theory of UNIX 

Input-output syntax includcs the syntax ofstrings typed by the user 
(commands, tile names. arguments, switches, and so on) as well as the 
syntax of strings printed by the computer (directory listings, prompt 
characters. error messases. and so on)_ 

The command component of the theory involves describing the 
behavior of each executive 'command as an abstract program. There 
are two basic classes of commands: observation commands, which 
simply display information about the current state of the Systl'Ol. and 
manipulation commands, which perform some action on the file 
system. Manipulation commands typically involve such steps as 
checking the prerequisites of the action to be performed. printing 
error messages, requesting confirmation for dangerous actions. and. of 
course. invoking me appropriate system calls to perform the actions. 

lbe final two components of the theory are closely coupled. The 
file system is described as a set of mappings and data structures that 
implement those mappings. The system clIlls are then defined as 
operations on these data structun:s. For example, there is a many-to­
one mapping frOnl file namCli to files, and this mapping is 

implemented as a table in adircctory tile. The Create-fl1esystem 
call adds a new entry to this table (as well as writing a tile on the disk). 

This theory is substantially dificront from any theories developed 
by previous learning programs in the inter-connectedness of the 

concepts in flle theory. 'Theorics" formed by Lenat's AM [1976] and 

Eurisko (1982) programs, for example, are simpler in that they 


. invcstipte systems of nearly-independent concepts. F..ach COllceDt can, 


i 
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be defined and .!valuated wilhout modifying -the definition ~f Ilny 
orher concepts_ [n EG. however. a change in the definition of a data 
stmclure. for example. can have far-reaching effects Oil the definitions 
of system calls. colTllnanlis. and even 110 syntax_ 

[n defining this particular task. we were guided by an analogy with 
the way people lcdl'n about operating systems. People are rarely 
taught the delails of an operating system. Instead. they read manuals 
and then conduct experiments. An examination of any operating 
systems manual will reveal many incompietenesses. For the UNIX 
manuals we have inspected [Kernighan and McIlroy. 1976; Lomuto 
and tomuto. 1983). the syntax and main behavior of each command 
are well-specified. However. the underlying structure of the file 
s:'stcm and the exact behavior of executive commands in unusual 
situations are very incompletely described. lly analogy. EG starts with 
a fairly complete model of the I/O syntax of UN [X. It is given partial 
models of the more common executive commands and very Iitlle 
in formation ~bout the underlying data structures and system clllls. It 
also has a body of general knowledge about computers (e.g .• data 
structures for implementing a many-to-one mapping) :md knowledge 
about the kinds of actions that one would nonnally want to perfonn 
on files and similar data objects. 

1.2 Review of previous work in theory formation 

Given this knowledge about operating systems in general and 
UNIX in particular. there is still an immense space of possible 
theories. We believe that clever experimentation is required in order 
to search this space efficiently_ Before describing the approach that 
EG employs. let us review existing tcchniques for searching large 
hypothesis spaces. 

The most naive approach to sean;hing any space is to generate all 
candidate solutions and test them to see if they are indeed solutions. 
In this domain, this approach corresponds to generating all theories of 
UNIX consistent with the starting knowledge base and testing them 
through experiments. lbis approach is grossly inefficient, because it 
docs not use the results of hypothesis testing to improve the search as 
it progresses. 

Mitchell's [1978) candidate-elimination algorithm is a technique 
that completely incorporates information obtained from each test into 
the generator of possible hypothescs. We believe that the version 
space approach would not work in this domain: however, because the 
theory of UNIX is too large to be usefully viewed as a single 
"concept." The UNIX theory has many nearly-independent 
subcomponents (e.g .• individual commands) that give the space of 
possible theories a very branchy partial order. Consequently, the 
candidate-elimination algorithm would not perform well in this space. 

The approach employed in Meta-DENDRA/. appears initially to be 
applicable. Mela-DENDRAL is given a set of molecules (with known 
structure) and their corresponding mass spectra. and its goal is to 
develop a tlleory that predicts how molecules will break apart inside 
the mass spectrometer. It employs what has been lenned the "single­
representation trick" [Dietterich, et aI., 1982) to search the space of 
possibie cleavage rules. First, each data point in each mass spectrum is 
translated into a set of specific cleavage rules that could have caused 
that data point to appear. TIlen syntactic pattern matching methods 
are applied to generalize these cleavage rules to obtain a small set of 
general cleavage rules that explain most of the data. An analogous 
approach in EG's domain would smrt by gathering training instances 
of commands and their behaviors. Then the set of maximally-specific 
UNIX theories that could explain these behaviors would be computed. 
Finally, syntactic methods would be applied to generalize these 
theories to obtain a singk theory that explained all of the behavior. 
Unfortunately, this approach is not feasible because the set of 

maximally-specific theories that explain a given command is too large 
to compute. Furthermore, it is not obviolls which data should be 
gathered initiully to guide the tlleory formation process. A more 
dynamic approach appears to be ca\led for. 

The AM and Eurisko progmms employ a dynamic, opportunistic 
Ilpproach to discovery tasks. [t is worthwhile investigating how 
analogous methods might be applied to EG's task. AM and Eurisko 
are discovery systems that search a space of possible constructs looking 
fill" interesting ones. A direct application of Eurisko to the operating 
system domain would involve giving Eurisko general knowledge about 
operating systems along with heuristics for the design of good 
operating systems and then letting it run to see what interesting 
systems it discovers. To convert Eurisko into a theory formation 
system we need to replace the "interestingness" heuristics with 
techniques that force Eurisko to general..: theories that explain the 
observed behavior of UNIX. 'Ibis is roughly tlle approach we are 
taking. ln place of "interestingness" heuristics. I~G plans and carries 
out observation experiments to reveal important structure in UNIX. 
This structure is then incorporated into the growing theory of the 
operating system. 

1.3 The role of experiments in learning and theory 

formation 


Experimentation (or active instance selection) has been employed in 
several learning and theory formation systems (see [Buchanan, 
Mitchell, Smith. and Johnson, 1977)). [t provides two busic functions: 
testing hypotheses and gatheling further inform~tion to constrain the 
hypothesis generator. 

The simplest learning methods rely only upon the ability of an 
experiment to test the truth of some proposition and return a 
YES/NO answer. In pure hypothesis testing, this answer merely 
indicates that the proposition(or supporting theory) is correct or 
incorrect. However, it is possible to use this information to help guide 
the theory generator. For example, as we mentioned above. Mitchell's 
(1978) version space approach guarantees that the generator will 
generate only theories that are consistent with the data. Hence, every 
YES/NO answer returned from an experiment is completely 
inc0rporated into the generator of theories. In this role, experiments 
can be viewed as rroviders of new data from which the theory is 
developed. Even this role has not heen developed much in existing 
learning system. Substantial speedups ill learning can be obtained by 
clever use of experiments to "split the hypothesis space in half' (see 
[Mitchell, 1978]). 

It is possible to exploit YES/NO answers further through credit 
assignment. If credit and blame can be assigned to individual 
components of the candidate theory that was tested, then the theory 
generator can be instructed to modify oniy the parts of the theory that 
are still incorrect. 'Ibere are many techniques for assigning credit (lnd 
blame. One approach described by Dietterich and Buchanan [1981] is 
to perform controlled experiments. The generator can generate a set 
of hypotheses by varying only one component of the hypothesis at a 
time. Each hypothesis is then tested, and a YES/NO answer is 
obtained. Because only one component has been varied since the last 
test, all credit and blame can be assigned to that component for any 
changes ill the overall evaluation of the hypotheses. This strategy only 
makes sense if it is possible to factor each complete hypothesis into 
independent subcomponents. If this can be accomplished, then each 
subcomponent can be tested independently prior to combining the 
subcomponents into one complete hypothesis. Ifsuch a factoring does 
not exist, then this strategy reduces to exhaustive generate-and-test. 

In some domains-including the proposed operating system 
domain-more than a simple YES/NO answer is available from 
experiments. In Arthur Samuel's [1967] book-move version of his 
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checkers learning system. for example. each experiment not only . 
tcst<:/l whether a proposed move was the correct one-it also returned 
the correct move as a result This information was then employed to 
adjust tbe currcnt hypothesis.· . 

'lbc morc information all experiment provides, the more the 
learning or thcory formation system can learn from t6iifcXperiment. 
For example, in the LEX teaming system, each experiment returns a 
complete lrace of the efforts of the problem solver to solve the given 
integration problem. A powerful analytic technique has recently been 
developed for J.EX that involves analyzing this trace and attempting to 
"invert" each in tegration operator that was part of the optimal solution 
path. If this inversion can be accomplished, then the evaluation 
criteria for what it means to solve a problem can be "pushed through" 
thesc inverted operators to compute directly the heuristics for each of 
the operators in the solution sequence. UlgotT [1982) has even 
employed this technique to compute the definitions of new terms to be 
included in the generalization language ofthe system. 

We hope to show with EO that similar techniques can be employed 
in a morc complex theory formation task. A very important difference 
between EO and all previolls theory formation systems, however, is 
that the SyslCm being experimented upon is external to the theory 
formation system. Consequently, it is not possible to observe directly 
its internal state. This makes evident a third function of 
expcrimentation-it permits the thcory formation program to 
manipUlate the external system in order to reveal its internal structure. 
In the UNIX domain, for instance, experiments can fon::e UNIX into a 
new state that has never beell previously observed. For example, a 
command to change the current working directory makes a variety of 
new behaviors observable including changes in the relative names of 
al\ flies in the system. Once a new state is entered. observation 
commands can be issued to learn more about that state. From this 
perspective, it can be seen .pat EO's task is to explore two spaces: the 
space of possible operating system theories and the space of possible 
states of the external system. 

1.4 Summary 

We are now in a position to state the two basic hypotheses of the 
EO project: 

1. A heuristic sean::h technique similar to that employed in 
Eurisko is sufficient to discover theories in this domain, 
and 

2. Planned experimentation is essential in large domains in 
order to avoid combinatorial explosion in the search for 
theories. 

Both ofthcse hypotheses rest on a more fundamental claim: Theory 
formation can only be accomplished if the system under study can be 
factored into weakly-interacting components. 'The essence of heuristtc 
scan::h is to subdivide the overall thcory formation task. into small 
subtasks to which heuristics can be applied. The essence o~ 
. experimentation is to isolate SQme subcomponent of thc= system underl 
study in order to observe its behavior (and thus provide guidance to 
the heuristic search for theories). 

This project can be viewed as an attempt to test these hypotheses by 
developing a new experimentation-based theory formation method. 

2 Forming theories about operating system 
commands 

As described in section 1. EO starts with a partial theory of the 
UNIX file system and incrementally improves this theory by 
conducting online experiments with a UNIX system over an Ethernet 
connection. The starting theory of UNIX includes the basic 
commands for listing file directories, copying files. and deleting files. 
Also included is an initial theory of the file system and the system calls 
that manipulate it This initial theory is incomplete and 
oversimplified, but it includes enough information to enable EO to 
manipulate and observe the state of the UNIX system. BO's task is to 
fill in the missing parts of the theory and deepen the oversimplified 
parts in order to obtain a complete and accurate theory (at the given 
level ofdescription). 

This section starts by describing the an::hitecture of the EO 
program. Then a hypothetical example ofEO's behavior is presented. 

2.1 Program architecture 

EO is designed as a set oCknowledge sources that interact through a 
global database and a global agenda. lbe global database (also 
referred to as the blackboard) contains a representation of the current 
theory and any alternatives under consideration. The global agenda is 
an ordered list of outstanding tasks to perform. An executive routine 
repeatedly analyzes the agenda, chooses a task, and invokes a 
knowledge source to perform the task. As the knowledge source runs, 
it may pos~ new tasks on the agenda. 

Tasks fall into two major categories. One kind of task is placed on 
the agenda when some new information has been posted on the 
blackboard. This kind of task asks that some knowledge soun::es be 
invoked to compute the consequences of this new information and 
propagate them to other components of the theory. The second kind 
of task identifies some hole in the theory. It asks that some knowledge 
sources be invoked to design and execute an experiment to help fill 
this hole. 

Tasks are ranked on the ~genda according to their importance. 
Importance is determined by a collection ofheuristic rules such as "If 
some other task is depending on the results of this task. then this task 
is important" or "If this task might indicate a serious error in our 
theory, then this task is important. " I 

I 
From the most abstract viewpoint, the seven knowledge souiccs in 

EO can be grouped into two categories: those that generate theories 
and those that test theories. There are four generator sources, one for 
each component of the theory: 

• TIO-InpuVOutput theorist 

• TC-Command program theorist 

• TSC-System call theorist 

• mS-Data structure theorist 

Each of these has the task of generating possible modifications to 
the corresponding component of the UNIX theory. These 
modifICations may involve expanding the theory to Include a finer 
level ofdetail or revising the theory to correct errors. 

There are three knowledge sources that test theories and perform 
experiments. These are 
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• The experiment proposer-which examines a problem and 
attempts to find an experimental method that will help 
w~~ 	 . 

• The 	 experiment planner-·whkh develops a specific 
eXjJerlment to perform, and 

• The 	 experiment monitor-which perfomls the 
experiments and gathers the raw responses from UNIX. 

The general behavior of the system L~ to r~peatedly identify a hole 
in the theory, design and execute an experiment to gather some data, 
and then invoke appropriate theory-generator knowledge sources to 
analyze the data and modify the theory. 

2.2 An extended example: the In command 

This section presents an extended example of EG as it attempts to 
understand the ln command. This command permit~ the UNIX user 
to create an alias Il(Inle for an existing file. After the command 1 n 
cource dest is executed, both names source and dest point to 
the same tile, so that changing one file changes the other. 

We will start by describing the state of EG's UNIX theory at the 
point where it begins to work on the 1 n command. Then, we will 
present a hypothetical scquence of knowledge source invocations. 

Suppose lhat EO has been working for a while on the stmcture of 
the file ~ystem. It has discovered that the file system is structured as a 
tree or directories and now it is investigating commands (whose names 
and syntax it already knows) to sec what effects they may have on the 
file system. One of these commands is tIle l'n command. Here is the 
state of knowledge at tIlis point in EO's researches. 

Recall tIlat tIle theory of UNIX is built of four components: file 
system data stnlctures, system calls, command programs, and (/0 
syntax. EO's current theory of data structures states that the UNIX 
file system is structured as a tree, where each interior node in the tree 
is a directory and each leaf node is a tile. There is a global state 
variable that points to a particular directory in tIlis tree called the 
current working directory. A tile is designated by giving a path 
through tIlis tree from tIle current working directory to the desired file 
or directory. A downward link in the path is specified by giving the 
name of the file or directory. An upwar,d link is specified by giving 
the special name " •• n. Each directory implements a mapping 
between file names and actual files. 111is mapping is many-to-one and 
converts file names into unique global idCnLifiers of tiles. The 
mapping is implemented in the directory as a table in which file names 
and tile identifiers arc juxtaposed. A unique file identifier is an 
address that points to the actual stling of chamcters that makes up the 
file. Each file can be thought of as having a canonical path name that 
starts at the root of the file structure. 

TIle second component of EO's current theory-the system call 
component-includes the following primitive l!ctions: 

• 	create-fl1e( name. contents) 
Create a new file with the indicated name and contents. 
This is defined as creating a new unique file identifier. 
storing the contents at that address, and adding a new 
row (nama, unique ident ifier) to tIle appropriate 
directory. 

• 	delete-fi1e(name) 
Delete the file with tIle indicated name. This is defined as 
removing tIle directory entry for name. 

• 	rename-f'fle(oldname. newname) 
Change the name of a file. This just changes the name 
field in the appropriate directory entry. 

• 	addl1nk(source, dest) 
Create a new name (dest) for an existing file (source). 
This is defined as adding a new entry to the appropriate 
directory associating des t with the same unique identifier 
assourC8. 

• 	f1 lep( name) 
Check to sec if name is the name of a file and not a 
directory. 

• 	accessib1ep(name) 
Check to sec if nalle is defined as either a file or directory. 

For each of these primitive actions, there are prerequisites that can 
be inferred from the current theory of the file-system data structUI'CS. 
For instance, Create-fil e only works if the name does not already 
exist. Addl1nk requires that the source exist and that the dest not 
exist. Fl1ep hasAccess1blep asa prerequisite. 

TIle third component-the command procedure 
component-includes procedures for the following commands: 

.18 
Print a list of the file names in the current working 
directory. 

.1s -ld name 
Print tile infomlation about the tile or directory indicated 
by name. 

• cp source dest 
Create a new tile dest whose contents arc copied from 
source. 

• 	rm source 

Delete the file source. 
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msg3: Source: No such file or directory 

Figure 2: Level 2 theory of the cp command. 
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l'or cach of tiles.,! commands, EG has an abstract program that 
Jelincs the command in tcrms of the system caUs given above (see 
Figure 2). To represent these programs, I am using a slight 
modilication of the pwgrammer's apprentice representation for "deep 
plans" (see [Rich and Shrobe, 1976). Tn this notation, a program is 
repfl:sented as a partially·ordered gmph of boxes. flach box denotes a 
prinliti'le action to be performed. '111C boxes arc linked by control 
paths t:lat indicate that one box must be perforllled before another. 
Conditional boxes have multiple outputs, one for each possible 
ol~tcome ~f the action, Although not shown in this simple example, 
thiS notatlon also provides methods for representing iteration and 
recursion. 

Finally, the syntax component of EG's UNIX theory includes a 
complete grammar for file and difl'l.:tory sYI\tax and fhr command 
syntax. 'nle following HN F rules show a portioll of this grammar. 

command ::= 	lneommand I cpcommand 
othercommand 

lncomnlilnd . ' .. 1n sp filename sp fi lename 

cpcommand : :;; cp sp filename sp filename 

fl1ename ::" legal char 
I filename legalchar 

{repeat up to 13 times} 

sp :: .. .. ..I sp 

Notice that the syntax for Ille 1n command is provided. 'Ibe syntax 
for several commands is given to EG at the start. However, the DNF 
mle for command also includes the nontenninal otherCollllland5, 
which has no rules defining it. Hence, F..G knows that its list of 
commands llIay not be complete. 

Given this body of knowledge, let us suppose that EG has 
perfonned lin 1n command and inductively interred that the purpose 
of the 1 n command is to perfonn an Add 11 nk operation on its two 
arguments. Here is one sequence of Imowledge'source invocations 
that might occur. 

In 

AccessibleP 

Des! 

Figure 3: Initial theory of the 1 n command. 

FileP 
? 

AccessibleP 

Source 

Step 1. 'Ibe TC knowledge ,ource is hwoked to build a theory of 
the 1 n command. In other words, it is called upon to develop all 
possible abstract pl'Ograms that might implement the 1 n command 
using the available system calls. TC produces only one theory for 1 n, 
which is shown in Figure 3. (III my first implementation of this 
system, the TC builds this thenry by backward chaining from the goal 
of the command.) This theory says that the main step of the command 
is to perfoml an Addl1nk. opemtioll on IWO arguments, the source 
and destination file names. In mder to do this.. allot' Ille prerequisites 
of Addli nk. must be checked. Hence, test boxes have been included 
that check (a) that the souree file is accessible. (b) that 11)(: source file is 
a file, and (c) that the destination file is not (lccessible. Unfortunately, 
this is not a complete program for the 1n cOlmn,l'ld. There arc three 
dangling links: case:; where TC cannot gues,> what the 1n command 
will do. These corrc~polld to the three cases in which an error is 
present in the command's argullIents. IIcnce, TC post:; three tasks on 
the agcnda-one for each "hole" in th.: theory. 

Step 2. 'Ille experiment proposer is invoked' to design experiments 
that resolve the first of these ambiguities-determining what happens 
when the source file is not a file. The hasic plan for such an 
experiment is to issue an 1n command for which fi1ep( source) is 
false and observe what happens. Such an experiment will only be 
valuable if the observation can be made and the output successfully 
interpreted. Hence, the experiment proposer must find a set of 
constraints on the arguments to the 1 n command that force control 
out the desired branch, while at the same time preventing any other, 
possibly confusing, events from happening. 

I have developed a simple marker'propagation algorithm that can 
perform this computation. It starts by applying labels to Ille desirable 
and undesirable paths in the program. Then, these labels arc 
propagated through the various conditional boxes to determine how 
each conditional box should be "set." lbis problem is closely related 
to the problem of line sensitization in digital circuit test generation 
(Roth, 1966]. 

In this palticular case, the solution is to choose a source name that is 
accessihle, but that is not a file name (i.e., it is a directory name), and 
to choose a destination name that is not accessible. An 1 n command 
with those arguments will not perform the Addl1 nk operation nor 
will it send control Ollt any of the other dangling paths. Once the 
experiment proposer has developed this plan, it adds a task to the 
agenda suggesting that the experiment planner be invoked to complete 
the dcsign of this experiment. 

Step 3. The experiment planner is invoked to choose specific names 
for this experiment. If EO docs not have an up·to·date nlOdel of the 
current state of UNIX, then some observation commands must first be 
issued to find out what files exist. Then, the choice of file names is 
simple. In general. the problem of choosing specific arguments for an 
experiment is somewhat tricky, since the choices may not be 
independent of one another. In such cases, techniques similar to those 
employed by Stefik (1980) will need to be applied to make some 
choicc."S and then use those to constrain the othel' choices. In addition 
to planning tJle main step, the experiment planner must also plan the 
data-gathering commands that are to be isslled. In this case, we have 
some heuristics that tell us that the likely effects of this command are 
to modify the objects named by its arguments and to display some 
output. Hence, the rollowing plall is developed: 

15 -ld d 
Should display 
-drwxr-xr-x 2 xl 32 Apr 20 21:04 d" 

15 -ld b 
Should give the error mt'ssage "b not found­

1n d b 
May JJrilll an error message 
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1" -ld d 
Shuuld display 
"drwxr-xr-x 2 xl 32 Apr 20 21:04 dB 

Is -ld b 

Should gil'e the error mes.w./ge fib not found" Of else 

direc/ury ii/forma/iOIl abolll b 


where d is a directory that already exists, and b is a non-existing 
name. Observation actions (the 1s commands) have been placed 
before and alter the key step (the 1n command). Notice that the 
experimcnt planner computes expectations so that the experiment 
monitor cnn determine whether things are "on-course." If 1n were 
judged to bc a uall3crous command, then commands would have been 
indudee! to create a scratch directory instead of using an existing 
directory. 

Step 4. Now the experiment monitor is invoked t.o perfonn the 
experiment and collect the rcslIlis. The execution ofthis experiment 
prodllces the foilowing responses from UN1X: 

% 1s -ld d 
drwxr-xr-x 2. xl 32 Apr 20 21:04 d 
% 18 -ld b 
b not found 
% 1n d b 
d is a di~actory 
'% 18 -ld d 
<J,'wxr-xr-x 2. xl 32 Apr 20 21:04 d 
:~ls-ldb 
b not found 

(Here are some notes to aid the reader in understanding this trace. 
The % is the UNIX prompt character. The output of the 1s 
command-for example "drwxr-xr·x 2 xl 32 Apr 20 
21: 04 d"-is a single line giving infonnation about the file or 
directory named by its argument. This intonnation includes the 
protection bits. the owner, the length in bytes, the modifICation d'lte, 
and the name.) 

Once the experiment monitor has obtained these responses from 
UNIX, it posts them on the blackboard and adds a task to the agenda 
suggesting that some kr.ow1edge source should interprct this data. 

Step 5. The TID knowledge source interprets these data to mean 
that the 1 n d b command had no eftect except to print the message 
"d is a directory". This is interpreted as an error message, but, since 
EG has no ahility to understand English, the only thing it can notice 
aboLlt the message is that it mentions the d argument (Ihis is typical for 
UNIX error messages). It is important to note that the problem of 
interpreting the data is inherently undcrconstrained. There are two 
reasons for this. First, the meaning of a string depends on the context 
in which it appears. A given string appearing in thc output, for 
example, could be the contents of a file, since flies can contain 
arbitrary strings. Or, the string might contain several subflclds that 
denote various objects in the computer, sllch as protection codes. user 
names, times and dates, and so on, Second, EO's I/O grammar is 
never complete, so it is always conceivable that a given string denotes 
some new class of objects that has never before bt.~n encountered by 
EG. Given this lack of constraint in the parsing process, it is critical 
that EG be given some knowledge about what to expect. In this 
context, since we are violating a prerequisite of a primitive action, we 
are expecting an error message or clse some change in one of the 
command arguments. 

Once T10 has interpreted the output, it places this interpretation on 
the blackboard and adds a !lew task to the agenda to propagate the 
consequences cfthis interpretation to other components of the theory. 

Step 6. Hence, the TC knowledge source is invoked to update the 
command component of the theory in light of the fact that 1 n d b 

produced only an error mess~ge a:ld h"d 110 other effects. '( he 1 n 
command theory is upd;)ted by attaching H Pr i nt action ()f the form 
Pr1nt(concat(sourc9. " ·is a directory"» to the 
danglillg link wming Ii·om the F110P test.. 

The process of filling in the d.1ngling links of :he 1 n command 
progmm continues in this way until the plan shown in Figure 4 is 
obtained, This theory might serve quite well for it long time, bllt at 
sume point, EG might attempt to create a link that crosses device 
boundaries, The starting theory of the file :,ystem sketehed above is 
incorrect, because it assumes that a directory maps names to unique 
file identifiers. It turns out that directories map names to file 
identiners that are unique for a given device. The combination of the 
device and the file identifier uniquely designates tho.: tile. As a 
consequence, it is impossih!e to create links across devices, since the 
linking operation involves changing only the within-device file 
identifier. 

Suppose that EG attempted the following cross-device 1n 
command: 

I ln f11ea Itmp/f11ea 
f11ea: Cross-device link 
I 

T:le line fl1ea: Cross-device link. is an unexpected error 
message, Here is the sequcnce of knowledge source invocations that 
results: 

Step 45. The experiment monitor notes immediately that this 
message violates the expectations for the experiment in progress (i.e., 
this ln command wasn't supposed to produce any output at all). 
Hence, the execution of the experiment is halted, and 1'10 is queued 
to interpret this message, 

Step 46. 1'10 interprets this as an error message (since it is a single 
line and mentions one of the arguments to the 1 n command). 

Step 47, TC updates the theory to include an new conditional box. 
This box is testing some unknown condition at some unknown point 
in the 1 n program and printing the error mcss.1ge if the test succeeds. 
l11e TC can give this condition box a synthetic name, 
Cross·devicep, but it can't be sure what arguments are being 
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Figure 4: Theory of 1 n after all dangling paths have been observed 



153 

Where stands lorW 

CrOSll­
devlcep 

msg1; Desl: File elClSlS 

msg2: Source is a directory 

msg3: Source; No IIUCh file Of directory 

msg4: Source; Croa-devlce link 

Figure S: Possible locations of the CrollS -deY 1cep test 

tested. Any data stl'Ucture in the operating system might conceivably 
be checked, and EO docso't even have a complete list of such data 
structures. Figure S shows the possible locations of the 
Cross-dev1cep check. 

TC identities two problems that must !lOW be solved. First, dIe 
exact positions of Cross-deY 1cep in the 1 n program need to be 
determined. Most error messages indicate violated prerequisites, 
hence, thc position of each Cross-dey 1cep check will indicate that 
some primitive action has this condition as a prerequisite. Second. 
once the positions have been identified. the prerequisite information 
must be propagated to the higher levels of the theory. These two 
problcms are added to the agenda. 

Step 48. The experiment proposer is invoked to work on the first 
problem. It has two methods for pinning down the position of a test. . 
One is to hold the argument~ to 1 n conS£<1nt while varying the objects 
that they denote. and the other is to compare the 1 ncommand with 
commands that contain some of the same primitive boxes. By 
applying the first method, the experiment proposer proposes that 1 n 
f11e. Itmp/fne. be auempted. but with fne. now being a 
non-existent file. 

Step 49. The experiment planner must figure out a way to 
accomplish this. For example. EO could simply delete fne•. 
However. if the contents of ffle. are valuable. then EO should 
instead rename ffle•. In this case. EO choo~ to delete ffle. 
using the rm command: 

rl1 f1168 
Should produce 110 output 

ln filea Itmp/file. 
Should either prillt 
f11e.: No such f11. or director1 
orelsefnea: Cross-device link 

1s -ld fne. 
Should prim f 11e. not found 

ls -ld Itmp/f11e' 
Shouldprilltltmp/fl1e. not found 

Step 50. Plan el(ecution produces dlC following output: 

I rm fne. 

I ln f11e. Itmp/f11e. 

f11ea: No such f11e or d1rector1 

I 1s -ld fne. 

f11ea not found 

I ls -ld Itmp/f11e. 

Itmp/f11e. not found 

S 


Step 51. TIO interprets this as being the expected output of the 1 n 
command when the source file does not exist 

Step 52. TC can therefore conclude that, since Cross-dev1cep 
must be checking something besides the existence of file. and since 
nothing else changed from one experiment to the next, 
Cross-dev1cep should also have been true in this case. Hence, 
Cross-dev1cep is nota prerequisite of Access 1bleP. 

Similar experiment:; can be conducted to show that 
Cross-dev1cep is not a prerequisite of the other Access1b1ep 

test or the Fl1ep test Hence, Cross-dev1cep must be a 
prerequisite of the Addl1nk action. The resulting theory is shown in 
Figure 6. Note that the exact position of the Cross-dev1cep test is 
still not known. 

An alternative research strategy would be to compare the 1 n 
command with the cp command. Initially. it appears that these 

In 

Source 

msg1: Oest File axIsIa . 

msg2: Source Is a directory 

1I'IIIg3: Source: No IUCII file Of directory 

Figure 6: Locations ofCrosa-dev1cep at'terexperimentation 
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commands have idt'ntical prerequisite structures (compare Pigures 
2 anJ J). The only difference is that tile tinal step in the ep command 
isa Create-file instead of an Addl1nk. 

" Step 49 (alternative approach). The experiment proposer suggests 
thatthe command cp fl1 ea Itmp/fllea be executed to see if the 
Cross-device 11 nk message will be printed. In this experiment 
(a~ ill Ihe previous step 49), f 11 ea names an existing file and 
Itmp/fi1ea Ilamcs a non-existing file. 

Stell 50 (alternative approach). The experiment planner develops 
the following experiment: 

cp f1lea Itmp/f11ea 
Should produce I/O OlllpUI or else 
Ihelllcssagef11ea: CI'oss-dev1eR link 

1$ -ld filea 
Shouldpri'" 
-rw-r--r-- 1 xl 27 Apr 27 10:44 f1laa 

1$ -ld Itmp/fi1ea 

Shouldprint direclory line for Itmp/f11 aa 

orelselhcmessagcltmp/fllea not found 


Step 5l (alternative approach). The experiment monitor performs 
this experiment and obtains the following output: 

1 cp f1lea Itmp/fi1ea 
% ls -ld fllea 
-rw-r--r-- 1 xl 27 Apr 27 10:44 fi1aa 
% 1$ -ld Itmp/f11ea 
-rw-r--r-- 1 xl 27 Apr 27 10:45 Itmp/f11ea 
% 

Step 52 (alternative approach). '1'[0 interprets the two output lines 
as directory information. 

Step 53 (alternative apl)roach). TC interprets this as meaning that 
cp performed normally. and hence. that Cross-devicap was not 
checked. It follows that Cross-devicep is not a prerequisite of 
Aecass1bleP. Fllop," or Create-file. Hence, it must be a 
prerequisite of Add 11 nk. 

Even though the position of the Cross-dev1cep operation has 
been determined, this docs not resolve the question of what it is 
checking. EO now takes up this problem. 

Step 65. The experiment proposer suggests performing several 
different experiments in an attempt to discover a pattern in the 
situations in which Cross-dev1 eep is true. These experiments vary 
conditions that might possibly be relevant lo Add11 nk, such as the 
name and location of the souree and destination files in the directory 
structure, the size of the tile. the owner of the file, and so on. These 
experiments are not shown here. 

Step 102. Eventually. TSC (the system-call knowledge source) 
analyzes the data and discovers that Cross-dev1eep(s,d) is true 
if and only if the first names in the canonical file names of S Ilnd dare 
different. This turns out to correspond to device boundaries on the 
UNIX system where these experiments arc run. 

Step 103. TDS (the data structure knowledge souree) attempts to 
find a change in the data structure theory that can explain why this 
would be a prerequisite of Addl1nk. One such change involves 
altering the definition of the mapping between unique file identifiers 
and files. In the starting theory, t"is was a one-to-one mapping 
represented by juxtaposition. If this mapping is extended to map rrom 
the ordered pair 
(first-name-of-tha-eanon1cal-f11a-name, 

unique-identifier} io files, then Addlink can be defined as 
modifying only the un 1 que-1 dent if i er field, so that two tiles 
must share the same 
f1rst-name-of-the-eanon1ea1-fl1e-name in order for the 
Add1i nk operation to make any sense. 

In 
I I Success 

I J 
Print 

Addlink
msg1 

/ 
,/"" \ 

s 1 f 

AccessibleP 

I 
Print Imsg4 

~ 

Pest 

s I f 

Cross· 
devicep 

J 

I 
Print Imsg2 

I 
s I f 

FileP 

I Print 

II1!!!l3 
/ 

II I f 

AccessibleP 

I 
Source 

I 

msg1: Dest: File exists 

msg2: Source is a directory 

msg3: Source: No su<:h lIIe or directory 

msg4: Source: Cross·device link 

Figure 7: Final program for the 1 n command 

Step 104. Given this revision in the definitioll of Addl1nk. TC 
revises the program for the 1 n command to include 
Cross-devicep as a third independent test to check the 
prerequisites of Addl1 nk. Figure 7 shows the final program for the 
ln command. 

3 Relationship to scientific theory formation 

The hypothetical example shown above exhibits some interesting 
behavior, and one can easily draw parallels with the way in which 
people learn operating systems. It is worthwhile to ask, however, if 
EG can tell us anything about scientific theory formation. 

Despite the artificial aspects of the operating system domain, we 
believe that there are several important similarities between this theory 
formation task and ordinary science. 

• The 	theory being formed is not a single sentence or 
equation, but rather a description of the operating system 
at four distinct levels ofIlllalysis. 

• Interaction 	with the operating system takes place at the 
level of strings of characters, which must be interpreted in 
tenns of the current theory. (Ob$(;rvations are "theory­
laden" (Hanson, 19581.) 

• Data are gathered indirectly through the design, execution, 
and interpretation of experiments. 

• Experiments 	 go beyond simple hypothesis-test 
experiments-in which a single YES/NO answer is 
obtained-to include exploratory experiments, in which 
some new stimulus causes the operating system to enter an 
unknown state and then observation commands are issued 
to learn about that state. 
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Since EG's UIS\( resembles a :.cicntific task, we can now ask what 
EO's methods tell us about seientific methods. In addition to 
hypothesis testing, EG demonstrates two other important roles for 
experimentation in seience: data gathcring and exploration of the 
system being studied. EG may also shed some light on the origin of 
theoretical terms. The methods by which EG revises its theory of data 
structures and system calls can be viewed as a technique for 
developing new theoretical terms. EG isolates and USC5 these terms 
before giving them a precise definition. This technique is analogous to 
the method employed by Utgoff [1982J. New terms at one level of 
description arc eventually defined a~ compusites of existing terms at a 
more primitive level. 

4 Summary 

The goal of the- EG research proj(..'Ct is to attack a complex theory 
formation task in order to sec what existing methods can be scaled-up 
and what new methods need to be developed. The t,lsk facing EG is 
to develop a theory of Ille UNIX operating system that explains the 
observable behavior of the system at the executive level.' Our 
hypotheses arc that (a) no existing methods will work in this domain 
and (b) manipulation and observation experiments wiD be critical to 
controlling the search for theories in this domain. 

The EG program is an agenda-driven system in which only a few 
current hypotheses arc maintained. The. agenda is a list of problems 
that require attention including (a) intermediate resull~ whose 
consequences need to be propagated to other parts of the theory and 
(b) holes in the theory that need to bc filled. Theory-generation 
knowledge sources perform type-(a) tasks, and cxperimentation 
knowledge sources design experiment~ to solve type-(b) problems. 
Thc theory revision process can require that new data structures and 
system calls he defined in ordcr to makc sense of operating system 
behavior. Implementation of EG has only been under way for a short 
time. 
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ABSTRACT 

Past research on automated construction or clas.iGcations has 
been concerned with structuring objects that are characterized solely 
by attribute-value pairs. The methods stemming from that research 
did not take into consideration the structural information about the 
objects nor did tlley utilize general or problem-specific background 
knowledge in the process or creating a classification. This paper 
considers problems or generating classifications of structured objects 
using knowledge about the inter-relationsbips or various concepts 
relevant to describing individual objects as well as object 
configurations. 

L INTRODUCTION 

Creating a classification is typically the first step in 
understanding and rormulating a tbeory about a collection or 
observations or pbenomena. Tbis process is a rorm of learning rrom 
observation (learning witbout a teacber) and its goal is to structure 
given observations into a bierarcby of meaningful categories. Past 
work on tbis problem was done mostly under the beading of 
numerical taxonomy and cluster analysis. It was based on the 
application of some mathematical measure of similarity between 
objects, defined over a finite, a priori given set of object attributes. 
Classes of objects were taken to be collections or objects with high 
intra-class and low inter-class similarity. The methods assumed that 
objects are characterized by sequences or attribute-value pairs and 
that this information is sulficient for creating a classi6cation. The 
methods did not take into consideration any background knowledge 
about the relationships among object attributes or global concepts 
that could be used for characterizing object con6gurations. Nor did 
they take into consideration possible purposes of classification. 

Since the basis for creating classes was purely mathematical, 
the resulting classifications were often dilficult to interpret 
conceptually. The problem or interpreting the results was left to the 
data analyst. In addition, since descriptions or objects are simply 
attribute-value pairs, the methods were inadequate for creating 
classifications of structured objects, i.e., objects whose appropriate 
description involves not only object attributes but also relationsbips 
among the object parts as well as attributes of the parts. 

The recently developed method of conjunctive conceptual 
clustering !Michalski and Stepp, 19831 overcomes some of the above 
problems. Given a set of object descriptions, the method constructs 
a hierarchy of classes and their descriptions which are in the form of 
conjunctive concepts. The siblings of any node in the hierarchy are 
optimized according to a certain global criterion of classification 
"quality." The method, however, still relies on the attribute-value 
descriptions of objects. It also has only limited ability to take into 
consideration the background knowledge of varions concepts. This 
paper addresses the problems 01 extending the above method in two 
directions: 

(1) 	 how to form c1assi6cations of structured objects, 

(2) 	 how to formulate and utilize background knowledge ill 
creating classifications. 

In the following sections, the above problems are characterized 
by simple examples and a methodology for their solution is outlined. 

2. STRUCTURING STRUCTURED OBJECTS 

In order to describe this problem in greater detail, lets us 
consider a simple example based on rephrasing the problem known 
as "East- and Westbound trains' ILarson, 1977; Micbalski, 1980aJ 
shown in Figure 1. In the old rormulation of the problem, given are 
two collections of trains, those that are "Eastbound' (A to E) and 
those that are 'Westbound' IF to J). These trains are highly 
structured, each consisting of a sequence of cars of dillerent shapes 
and sizes. Tbe individual cars carry a variable number of loads of 
dilferent shapes. In this rormulation, this is a typical problem of 
learning from ezamples (or concept acquisition) in which the task is 
to automatically formulate a simple rule distinguishing between the 
two classes of objects. 

Suppose now the class labels are removed (as in Figure 1) and 
the problem is to create a meaningrul classification of the collection 
of trains. This is a form of a learning from obaerlltltion (or concept 
formation) problem. To illustrate a possible solution for the concept 
formation problem, let us go back to the concept acquisition 
formUlation of the problem and consider discriminant descriptions of 
Eastbound and Westbound trains found by the program INDUCE/2 
!Holf, Michalski, Stepp, 19831. These descriptions were: 

Eastbou nd trains: 
• A train is Eastbound if it contains a short, closed car. ~ 

A. 

B. 

c. 

D. 

E. 

G. 


I. 

J.~ 

Figure 1. How would you classify these trains? 
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Westbound trains: 
" A train is Westbound it there are just two cars in a train or if 
a train bu a car witb a jaaged top." 

To illustrate tbe description language used, below is the actual 
output trom the INDUCE/2 program that correspoDds to the above 
descriptions: 

EastbouDd: V(traiD) IcontaiDs(traip,carl)11length(carl)-sbort) & 
Ishape{carl )=closed} 

Westbouod: V(train) IDum-cars(train)-2) v 
IcontaiDs(traiD,car 1 ))Ishape(carl)-jaued top) 

Various aspects of learning structural descriptions from 
examples are given iD IWinstoD, 1977) and IDietterieh and 
Micbalski, 1983\. The problem or concern here is to develop a 
general method that when applied to the collectioD of trains without 
class labels (Fisure 1) could poteDtially restore tbe above 
classi6cation or inveDt ODe ot equal cODceptual appeal. ID addition 
it sbould generate descriptions ot the same kind as above for tbe 
created classes, witb a possible proviso tbat each class is described 
by a simple conjunction only (in this case we would bave tbree 
classes ot traiDS: tbose witb a sbort closed car, those witb a jaued­
top car, and tbose witb exactly two cars). 

Sucb classi6cation construction problems occur wben one 
wants to orgaDize aDd clusify observations that require structural 
descriptions. Problems ot tb is ty pe include classifying pbysical or 
cbemical structures, analyziog genetic sequeoces, building 
taxonomies of plants or animals, and cbaracterizing visual scenes. 
In Sec. 4 we propose two metbods for solving this type of problem, 
one data-driven and one modeklriven. Before discussing tbese 
metbods we turn to the problem of bow to use backgrouod 
knowledge io creatiog a classi6cation. 

3. BACKGROUND KNOWLEDGE 

It can be observed that wben people create a classi6cation or 
some observatioos or partition a system into subsystems, they 
employ koowledge about various concepts and relationsbips relevant 
to describing the observations or the system. Let us consider a 
simple example. Suppose tbat we are observing a typical restaurant 
table on which tbere are sucb objects as food 00 a plate, a salad. 
utensils. salt and pepper, napkins. a vase witb dowers, a lamp, ete. 
Suppose a persoD is asked to build some meaningful classiBcatioo or 
tbe objects OD tbe table. One way to create a classillcatioo is to 
perform the followiog cbaios of interences: 

• salt and pepper are seasonings 

seasonings are used to add zest to food 

seasoned food is sometbing to be eaten 

thiDgs wbicb are to be eaten are edible 

salt and pepper are edible 


• salad is a vegetable 

vegetables are food 

food is sometbing to be eateo 

things wbich are to be eateo are edible 

salad is edible 


A similar chain of iDterences applied to "meat 00 a plate" or "cake 
OIl a dessert plate" will also lead to tbe coocept "edible." 00 tbe 
otber band, a lamp is oot food and is therefore not edible. A vase 
containing liowers is not food and is tberefore oot edible. 
Consequeotly, one meaniogful c1assi6cation of objects on the table is 
simply "edible" VB. "ioedible." Tbe problem tbat we pose is tbis: 
luppO!le we are giveo d_riptioD8 ot objeets Oil tbe table in terms or 
tbeir attributes (iocluding tbeir structural attributes) and we want 
to bave a program that OD tbe basis ot tbese descriptioDs would 
create the above classi6catioll ioto edible VII. inedible objects. 
Qbviousl,. sucb a program would bave to be equipped (among other 

tbiDp) with the above iDfereDce rules IIIId witb tbe ability to use 
them. 

4. PROPOSED SOLUTION 

This section describes two metbods for solving problems ot the 
kiDd posed above, one data.-driven and one modekiriveD. Tbe data 
driven metbod ill based on our previous work and reduces the 
problem of building a dassi6catioD into a sequence 01 concept 
acquisition problems (specilieally, problems ot determining 
discrimiDant descriptioDs or objects with given e1ass labels). Tbus 
the metbod will be called RD lor "Repeated DiscrimiDation. ~ 

Tbe model-driven metbod is based on selectiDg cllllln/gin, 
IIlIrihtes (attributes tbat are used to deBDe dasses) eitber from tbe 
initially given pool of attributes or Irom attributes geDerated by 
applying infereDce rules provided by backgrouDd knowledge. Tbis 
method will be called CA for -Classifying Attributes." 

The commOD compoDents 01 the methods are tbat tbey botb 
use general and domaiD-speci6c knowledge in the process of 
construdiDg a dassi6catioD and tb at tbey botb utilize a similar 
criterioD for measuriDg tbe "quality" 01 generated candidate 
solutioDs. Tberefore, before we launcb into a descriptioD 01 tbe 
metbods, we will Brst brie8y discuss our languace for describing 
generated classes and expressing backgrouDd knowledge infereDce 
rules. and tben we will discuss a criteriOll tor measuring tbe quality 
of proposed dasailications. 

".1. The representation languace 
In order to build a c1assiBcatioD of structured objects, we must 

have an adequate language for describiDg sucb objects as well as 
tbeir c1a!18e9. Tbis requirement suggests tbat we use a predicate 
calculus or some modi8catioD ot it. Here we bave chosen a laDguage 
called annotated predicate calculvs (APe). APC is an extensioD of 
predicate calculus tbat uses several novel forms and attacbes to each 
predicate, variable. and tunction an annotatiDn [Micbalski. 19831. 
Tbe annotation is a store of iotormatioD about the giveD predicate 
or atomic fUDctiOll. Togetber witb al\ torms tound in predicate 
calCUlUS. tbe languace also uses a special kind of predicate called a 
selector. A simple selector is in tbe form: 

[atomie-functioo REL value-of-atomic-fuDdionl 

wbere REL (relation) stands for one of the symbols - " < > S 
~. An example 01 sucb a selector is 

[weiglit(box) > 2kgl 

wbich means "tbe weigbt of the box is greater than 2 kg." A more 
complex selector may involve inlernal disjvnction (dilljuDction or 
values of tbe IIllme atomic fUDctioo) or inlernal conjllflctiDfI (tbe 
cOlljUDction ot atomic-functions baving tbe same value). These two 
operators are illustrated by tbe two correspooding examples: 

Icolor(box) == red v purplel 	 "tbe color of the box is eitber 
red or purple." 

[color(box 1 & bod) == red) 	 "tbe color ot box! and box 2 i. 
red." 

Selectors cao be combined by standard logical operators to 
torm more complex expressions. For example, a statemeDt -tbere is 
a greeD circle on top ot a blue or red square" can be expressed as 

:::bl,Pa) lontop(pl,p2)l[color(pl)-greenUshape(pl)-drcle) & 
Icolor(p2)-blue v redllsbape(p2)-squarel 

(Logical multiplication is deooted by tbe symbol & or by 
cODcateoating selectors). 

Tbe background kIlowledge ie expressed as a set ot APC 
implicative rules: 
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CONDITION =!> CONSEQUENCE 

where CONDITION .and CONSEQUENCE are conjunctions of 
selectors. If CONDITION is satisfied, tben CONSEQUENCE is 
asserted. To illustrate tbe implicative statement, consider tbe 
assertion "vegetables are food" from the example in Sec. 3. It can 
be expressed: 

[is-vegetable(objecU)J =!> lis-food(objectl)) 

An alternative way to express it is 

Itype(objectl) ~ vegetable] =!> [type(objectl) == food! 

In tbis expression "vegetable" and "food" are treated as elements of 
tilt' structured domain of tbe attribute "type." Tbis implication 
expresses a generalization inference rule called climbing the 
generaliztllion tree (the domain of the attribdte "type" is assumed to 
bave a tree structure). Furtber details on the APC language are 
given in [Michalski, 19831. 

4.2. Measuring tbe quality of a classification 

Creating a classification is a dilJicult problem because tbere are 
usually many potential 1lOlutions with no "correct" or "incorrect" 
answers. The choice of a classification can he made according to 
some perceived goal of classification or some measure of tbe quality 
of tbe classification. One way to measure classification quality tbat 
bas been successful in botb INDUCE/2 and CLUSTER/2 is to 
deline various elementary, easy to measure' criteria specifying 
desirable properties of a cla.saification and to connect tbem togetber 
into one general criterion called tbe Lezicogrophicol EIlOiuoliDn 
FunctiDno/ (LEF) [Micbalski, 1983\. The LEF consists of an ordered 
sequence of elementary criteria along witb tolerances whicb control 
to wbat extent dilJerent solutions are considered equivalent. The 
elementary criteria measure certain aspects of tbe generated 
descriptions such as tbe 6t between tbe classification and the 
objects, tbe simplicity of the descriptions (tbe reciprocal of tbe 
number of selectors), the discrimination index (the number of 
attributes tbat singly discriminate between all classes), and tbe 
dimensionality reduction (tbe number of attributes tbat are 
necessary to classify the objects). 

4.3. How to use background knowledge 

Building a meaningful classification. relies on finding good 
classifying attributes (attributes tbat define classes). Tbe data­
driven and model-driven metbods described in tbe next section botb 
use. background knowledge rules in tbe searcb for sucb attributes. 
Tbe background knowledge rules enable tbe system to perform a 
cbain of inferences tbat add new attributes to object descriptions 
during tbe course of c1assiRcation construction. These new 
attributes are tested to determine if tbey are good classify ing 
attributes. 

Tbe background knowledge rules can represent botb general 
knowledge managed by tbe classification program and available to 
all problems, and problem-speciRc knowledge provided each time by 
tbe data analyst. In eitber case, tbe knowledge is supplied in tbe 
form of an inference rule (called a background rule, or 6-rule). 
Special types of b-rules include expressions of aritbmetic 
relationsbips (o-rulee), sucb as 

girth(object) = lengtb(object) + widtb(object) 

and implicative rules tbat specify logical relationships (I-rule,) such 
as: 

[above(pl,p2)J1above(p2,p3)1 =!> [above(pl,p3l1 

Each kind is associated witb a cODdition indicating the situations to 
whicb the rule is applicable. 

Background knowledge is bandied somewbat dilJerently in tbe 
data-driven and model-driven approacbes. Tbis distinction will be 
cbaracterized below. 

4.4 How to form classifications of structured objects 

4.4.1. 	 A data-driven approacb: concept formation via concept 
acquisition 

Tbis section explains bow a problem of concept formation 
(bere, building a classification) can be solved via a sequence of 
controlled steps of concept acquisition (learning from examples). To 
begin with, let us brieRy describe tbe program INDUCE/2 wbich 
solves concept acquisition tasks involving structured objects. 

Given a set of objects described by annotated predicate 
calculus and arranged into two or more classes, INDUCE/2 
generates a description of eacb class (in tbe form o~ ann?tated 
predicate calCUlus expressions) tbat covers all tbe objects In tbe 
described class and no objects in any otber class. Tbis is 
accomplisbed in tbe following manner. 

The objects are divided into two sets: objects belonging to tbe 
class being described (ca.lled set Fl), objects belonging to any otber 
class (called set FO). One object at a time is selected from set Fl 
(the "focus of attention") and a "star" is built tb~t covers tbe 
selected object against all objects in set FO. A star 15 a set of all 
alternative descriptions tbat are maximally general, cover tbe "focus 
of attention" object (the seed) and possibly other objects from FI, 
and cover no objects from FO IMicbalski, 19831. To control 
computational explosion, a parameter MAXSTAR restricts tbe 
number of alternative descriptions tbat are retained during tbe star 
generation process. Tbe "best" description in tbe star (a.ccordin~ to 
a LEF criterion) is selected, and it becomes part of tbe solution. 
Tbe objects covered by tbe selected description are removed from 
set Fl and the process is repeated by selecting another seed object 
(from among tbose not yet covered) and building a star f~)f i~. 
Wben all objects in the set Fl have been covered, the solution IS 

complete. 

Tbe INDUCE/2 a1goritbm can be adapted for solving 
c1assificat.ion construction problems. Given a set of unclassi6ed 
objects, k objects are selected and treated as indiv~dual 
representatives of k imaginary classes. Tbe INDUCE/2 a1gorltbm 
tben generates descriptions of each representative that are 
maximally general and do not cover any otber representative obiect. 

Tbese descriptions are then used to determine tbe most 
representative object in eacb class (defined as tbe set of objects 
satisfying tbe class description). Tbe representative objects are then 
used as new seeds for tbe next iteration. Tbis process stops wben 
eitber consecutive iterations converge to some stable solution, or 
wben a specific number of iterations will not improve a classification 
(from tbe viewpoint of tbe criterion LEF). 

Tbe control layer tbat provides tbe representatives to tbe 
concept acquisition process must be able to pick good 
representatives or else the resulting classifications will be lIlbitrary 
witbout revealing underlying patterns in tbe data. One tecbnique 
tbat bas been used in a variety of clustering situations is to pick 
representatives at random in the first step. In tbe next steps centrol 
representatives or ezlreme representatiVes are selected alternately 
[Micbalski and Stepp, 1983]. 

Tbis approacb requires tbe selection of a defined number of 
representative objects (whicb corresponds to tbe number of classes). 
Since tbe best number of classes to form is usually unknown, two 
techniques are used: 

(1) varying tbe number of classes, and 

(2) composing the clasSell bierarcbically. 

Since the classification to be formed sbould be easy to 
understand by humans, we assume aD upper limit on tbe number of 
classes thd stem from any node 01 the classification hierarcby. Tbis 
limit is assumed to be in tbe range of 4 to 7. Since this limit is 
small it is computationally feasible to repeat tbe wbole process for 



eai:h number of classes. The solution that optimizes the Kore OD 
the LEF (with appropriate adjustment for the elects or the number 
of classes on the score) indicates the beat number of c1_ to form 
at this level or the hierarchy. 

To give an example solution to the "Trains" problem from 
Figure I, we show in Figure 2 a classification created by a data­
driven approach (using an earlier method described by Stepp 110781). 
We lind this kind of solution appealing because the difference 
between classes is striking, yet DOt obvious by casual inspection. 

4.4.2. A model-driven approach 

In contrast to the data-driven method described in the 
preceding section, we will now describe a model-driven approach. 
The underlying goal or the model-driven approach is to 8Dd one or 
more classifying attributes whose observed value sets can be split 
into ranges that characterize each class. The important aspect or 
this approach is that the classifying attribute can be derived 
throagh a ehain of inferences from the initial attributes during the 
course of constructiDg the cI_iBeation. The classifying attributes 
sought are the ODes that lead to classes of objects maximiziag the 
global criteriOD of cl_ilicatiOD quality, (e.I., classes representinl 
simple cODcepts and/or contaiDini objects that share values for aD 
attributes considered imoortant). 

The importance of aD attribute ean be 4etermined either OD 
the basis or the classilicatiOD goal or by the fact that it implies 
many other attributes. For example, if the ,oal of the elassiBcatiOD 
is "findin, food," the attribute "edibility" lrom See. 3 is the 
importaDt c1assilyiag attribute. The second way or determiain, the 
importaDce 01 aD attribute CaD be iUustrated by the problem or 
classifying birds. The questioa 01 whether "color" is a more 
important c1assifyin, attribute thaD "is-waterbird" is answered ia 
favor of "is-waterbird" because it implies more secondary attributes 
thaD does the attribute "color" (e.g., is-waterbird implies "e_ 
swim," "has-webbed-feet: "ea.Bsh"). 

There are two fundamental processes that operate alternately 
to generate the c1assiBcatiOD. The 8m process searches for the 
classifying attribute whose value set CaD be partitiODed to form 
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classes such that the produced classi8cation scores beat according to 
the LEF. Tbe secODd process lenerates aew attributes from logical 
aDd aritllmetie combinatioas of other attributes, as luided by 
back,rouad kaowJedge iafereaee rules. 

The attribute search CaD be performed in two ways. When the 
number of cl_ to form (k) is knowa ia advllllce, the process 
searches for attributes havia, k or more dilereat values occur ia the 
descriptioas of the objects to be classiOed. These values are called 
the ""r"ell "oluell or the attribute. Attributes with tile Dumber or 
observed values smaller thaD k are aot be considered. 

For attributes with observed value sets larger than k, the 
choiee of the mappia, or value subsets to classes depends on the 
resultinl LEF score for the c1assi8catioa produced aad the type of 
the value set. 

For attributes with aomiaal (unordered) value sets, 1liiY 
combinations of values CaD be mapped to c1_. For attributes 
with Iiaearly ordered value sets, oaly noa-overJappiag closed 
iotervals or values are mapped to classes. For attributes with 
generalilatioa-tree ordered value sets IMichalski, 19831, siblial 
values in the leneralization tree are mapped to cl_. 

F"r example, if k is 4 aDd the two attributes XI aDd x~ CaD 
have 7 aDd 3 values, respectively, ODIy XI is a caDdidate for 
determiainl tile classilicatiOD. The selection of whicb of the 7 
values denote wbich of the 4 c1_ depeads OD the type of the 
value set. U we assume that the value set is linearly ordered, oae 
possible cJassi8cation iavolvial 4 classes could be 

IXI = 0.. 1\ (cl_ I) 
[Xl = 2 .. 31 (c1_ 2) 

[XI = 41 (cJ_ 3) 
(Xl - 5••6) (cI_ 4) 

This cJ_iBcatiOD woald be selected if it is beat accordiag to the 
quality criterioD LEF (which allO takes iato consideratioa values of 
other attributes). 

Whea the aumber of classes to form is Dot known, the above 
teehDique is performed for a raDge of values of k. Tbe beat number 
or classes is indieated by tbe classi8cation that is beat according to 
theLEF. 

The attribute generation process constructs new attributes 
from combiaatiDas of existinl attributes. CertaiD heuristics of 
attribute coastructiOD are used to guide the process. For example, 
two attributes that bave linearly ordered value sets CaD be combined 
using arithmetic operators. Whea the attributes have numerical 
values (as opposed to symbolic values sucll as "small," "medium," 
and "Iarle") a tread aDalyllis CaD be used to luggest appropriate 
arithmetic operators as in BACON" ILlIIIgley, Bradshaw, Simoo, 
19831). Predicates CaD be combined by 10lical operators to form 
new attributes through \-rules. For example, the rule 

[cold-blooded(al)JIolspriog birth(al)_ggl ==:> [type(al )==reptile\ 

yields a aew attribute "type" with a specified value "reptile." Usiag 
tbis rule aDd similar ODes, ODe might eJassify some aDimala into 
reptiles, mammals, aDd birds (evea. though the type or each aDimai 
is aot stat.ed ia the orisiaal data). 

5. SUMMARY 
We have discussed problema or creatiag a c1assiOcatioa or 

structured objects aad have outlined a data-driven method aad a 
model-drivea method. Tbe 8m method trauforms coacept 
formatioa iato a sequeace or coacept acqaisitiOD tasks. The secoad 
method forms classes by partitioaial the value set of ODe or more 
classifyinl attributes tbat were determined as most appropriate 
accordial to a cI_iJcatiOD quality CriteriOD (LEF). TIle cl_ifyiag 
attribates are either selected from the iaitially given ODes or derived 
through aD applicatiOD of iaference rules de8ned ia the problem 
backirouDd knowled,e. Both approaches make exteasive use of 
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attribute constructions through inference rules provided by general 
and problem-specific bad:.ground knowledge. The capability to 
incorporate background, knowledge in classifying structured objects 
adds a new dimension to the tasks of concept formation and data 
analysis. 
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THE ARCHITECTURE OF JUIIBO 

DoUSlas i, Hof.tadter 
Coaputer Science Dept, 

Indiana Univer.ity 
Bloo.inston. Indiana 47406 

ABSTIlACT 

Jumbo i. an artificial-intelligence project 
concerned with the re.huffling of part. to fora 
different coherent or -well-chunked- whole. 
(specifically anagr.... but without using a 
dictionary). It is based on the concept of a 
parallel nondet.raini.tic terraced .can: a .oaewhat 
Hearsay-11ke .ethod of hoaing in. via cues at man, 
levels. to the best category to which to assign 
.omething. The proce.s is guidedb, the ·happin•••• 
of structur•• it create.. A structure's happine•• 
i. a measure of how .asy it is to accoaaodate the 
Platonic concept it i. curr.ntly consider.d to be 
an instance of, to it. For Jumbo to di.cover good 
solutions. it. data structure••ust be fluidly 
r.conformable, and this i. achiev.d by r.grouping, 
r.arrangement. and disbanding. The overall b.havior 
of Jumbo is not directly prograaaed. but i. an 
emergent, or statistical. outco.., of the int.raction 
of the micro.copic computational activities happening 
in parallel. 

Ke, terms: Perc.ption. recognition. paralleli••• 
artificial intelligence. terrac.d .can, fluid data 
structures. temperatur., ••If-watching, e..rgence. 

PROLOGUE: HOT UUMBO-JUIIBO 

Jumbo i. an artificial-intelligence re.earch 
project with a concrete purpo.e and an abstract 
motivation. It is one of .everal project., all 
focused on various facet. of one shared long-tera 
goal [Hofstadter 1983]. In e.sence, that goal 
i. to demonstrate the equivalence of cognition with 
-deep perc.ption- -- the non-modality-specific layers 
of perception that involve funneling into highly 
abstract and often unverbalizable categories 
[Schank 1980, Hofstadter 1979. 1981b, and 1982b). 
Th••logan -cognition equal. recognition- capture. 
the idea. 

D.ep perception (r.cognition) [Bongard 1970, 
Hof.t&dter 1982c) i. an unsolved -- in fact, alao.t 
untouched -- problem of artificial intelligence. It 
i. a far cry from low-level vi.ion; it is the .urkJ 
area wh.r. .yntactic .ensation. int.rfac. with 
.emantic categories. Thi••yntactic-••mantic 
tran.ition zone, I feel, i. the core my.t.ry of 
all of intelligence. Before we can .ake machin•• 
that can l.arn, We n.t under.tand how conc.pt. 

are structured and can be addre••ed and coapared. 
Therefore Jumbo is a prelude to a .ore ambitious 
project in learning. 

JUMBO AND THE AlIALOGIES IT IS BASED 011 

Jumbo'. concrete purpo.e i. to i.itate huaan 
.kills used in the anagraa gam. -Juable- tlrnold 
1982]. In this game, a huaan pla,er ••ek. an 
Engli.h word made out of a f.w given letters. 
The idea of the Jumbo .yst.. is for a coaputer 
to construct English-like word candidate. 
(-ps.udo-word.-) fro. a given s.t of l.tter•. 
Jumbo possesses no dictionary of Engli.h; it .ake. 
its constructions purely by referring to .tor.d 
knowledge defining how con.onant and vowel cluster. 
are formed out of letter., BJllable. out of cluster., 
and words out of syllable.. Thu. Jumbo is a 
building program; it begins with isolated atoaic 
units (letters), and gradually constructs conceptual 
aolecule. or chunks (-glOBS·) out of the.. There are 
aolecules at various level.: clusters••yllable., 
and words. 

Why no dictionary? Because that i. irrelevant 
to the mental processes I aa attempting to aDdel, 
naaely the unconscious compo.ition of coherent whole. 
out of .cattered parts. A dictionary could be added, 
but it would be irrel.vant to JUlDbo'••erious 
purpose, which i. to be a mod.l of the mental proce •• 
of a••embly and transformation -- not an .xpert 
BJ.tem for playing a word gaa.. The hop. i. that 
the.e proce•••• (and an architecture allowing th.ir 
.aooth integration) are notion. exportable to .or. 
compl.:r. domains. 

Th. strat.gy of Jumbo i. bas.d on two analogi.s. 
One i. to the way that compl.:r. mol.cul.s are 
construct.d inside a living c.ll [Lehning.r 1976); 
the oth.r i. to the way that bond. of hUlDan 
fri.ndship are fora.d in a chaotic world. 

I will d••crib. the biology analogy fir.t. In 
a c.ll, the lowest lev.l of aol.cul. i. the atoa. 
Above that. there are v.ry ...11 aolecules, which 
.ight b. co~ar.d to v.ry tight consonant clust.rs 
(such as -th- or -ng-). Th. n.:r.t lev.l up i. that 
of. for in.tanc•• amino acids. Th••e could b. 
coapar.d to loos.ly bound clust.rs, such as ·.tr­
or -ngth- or -00-. Th.n th.r. are lin.ar chains of 

http:clust.rs
http:clust.rs
http:strat.gy


amino acids -- polypep~ide chains (of~en comple~e 
pro~eins). They could be likened ~ syllables 
(often complete words). Many pro~eins (words) 
consist of an agglomeration of several polypeptide 
chains (syllables). 

The assembly of molecules in a cell takes place 
throughout its cytoplasm (the major part of the 
interior of the cell). For each molecule type, there 
is a standard chemical pathway by which it is 
assembled. The assembly pathway for a given molecule 
type may involve do~ens of steps that build it 
piecemeal. Allover the cy~plasm. that pathway 
is followed by separate, independent. parallel but 
non-sJDchroni~ed assembly processes. 

Next I will briefly sketch out the -friendship­
analogy -- or perhaps the ·romance- analogy would be 
a better term. since the building of romances is the 
main driving image. In society, the a~mic units are 
individual persons. Then there are two-person units 
(couples). Above that there are friendships among 
couples. and larger societies. This metaphor, 
however. has less to do with the multi-Ieveledness 
of society than with the time-dependent manner of 
formation of bonds. The basic idea is that it takes 
experimentation (aflirtationa and -dalliance·) for 
two people ~ decide if they wish to be romantically 
involved. 

The first stage is chance-dependent: do the two 
individuals come near enough to notice each other? 
If not, there is no hope of a bond forming. If so, 
this initial noticing may generate the germ of a 
romance: a ·spark· propelling the partners in~ a 
desire for further exploration. If they survive this 
next stage of flirtation with each other. then I 
call what results a ·flasha: a mutual infatua~ion 
not yet resulting in a bond. The next stage is 
that of casual dating (-dalliance·), determining 
compatibility in a more serious way. If they survive 
this stage, they can form a genuine bond -- a 
-romance·. There is still a further stage beyond 
this. of course, called -marriage-. 

Romantic relationships often break up. Some 
breakups result from internal tensions in the 
relationship; others are instigated by the arrival 
of a seemingly more desirable partner. If an 
attractive potential partner turns up, many things 
have to be seriously weighed against each other. The 
outcome depends on the internal -happiness· of the 
marriage. the excitement promised by the potential 
partner, and the .aod of society regarding divorce. 

In the cell. ~o, breakups of molecules occur 
constantly. Large molecules break in~ saaller 
consti~uents, and from these pieces new molecules 
are then assembled. Assembly and disassembly are 
not spontaneous but are mediated by agents that are 
complex molecules in theaaelves -- enzymes. For 
each type of operation, there is a specific type 
of en~p!e. 
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THE SIGNIFICANCE OF JUMBO'S TASK DOMAIN 

Now what is significant about coming up with 
some English-like rearrangements of a set of letters? 
Well, the perceptual process is essen~ially one of 
constructing larger uni~s out of smaller ones, with 
temporary structures at various levels and permanent 
mental categories trying ~ accomodate ~ each other. 
A lot of back-and-forth motion must occur -- that 
is, construction, destruction. regrouping, and 
rearrangement of structures. The architecture for 
a system to carry out this process is the result of 
many subtle decisions about how independent processes 
should interact. how structures should be put 
together or broken apart. what kinds of things form 
stable structures, what easy ways are of making new 
possible structures when old ones are seen to be 
inadequate. and so on [Lea 1080. Hanson 1078, 
Wa~erman 1078]. 

The Hearsay-II speech understanding system 
[Reddy 1076, Erman 1080] was a sophisticated example 
of such an architecture; Jumbo is an attempt ~ 
construct another such architecture, and to focus 
clearly on the essence of the matter. Tha~ is one 
reason why the domain is kept small. 

JUMBO AND PARALLELISM 

Jumbo is a parallel system. yet its parallelism. 
based on the cell. diverges from that of some models 
of parallelism. In a cell. many metabolic activities 
take place simultaneously at different spatial 
locations. Each activity, whether anabolic (i.e., 
bond-forming) or catabolic (i.e., bond-breaking). is 
carried out by an enzyme. The typical anabolic 
enzyme's action involves the bonding together of two 
.olecules. How does the enzyme find those molecules? 
It has acrevices· called ·~tive sites· that aatch 
only molecules of the right type. It wanders around 
the cytoplasm. and when it bumps into a structure 
that fi~s one of its active sites. it latches on~ 
it, and then the two wander ~gether until the 
en~yme's second active site gets similarly filled 
at random. At that point. the enzyme is triggered 
into action. It performs its joining operation. and 
releases its product. This product is then potential 
material for a new enzyme to graft something else 
onto it. Thus larger pieces get built from smaller 
ones, in a random wa!. Yet despite the randomness. 
specific building tasks defined by elaborate chemical 
pathways get carried out efficiently and reliably. 

Jumbo's parallelism is modeled on the 
distributed parallelism of the cell. A salient 
difference is that Jumbo runs on a sequential 
computer, so its parallelism must be virtual rather 
than actual. However. Juabo could be adapted to run 
on a distributed parallel computing architecture of 
the right sort. 

At the outset. all the letters are -lonely- and 
clamoring for attention. What chooses who gets ~ 
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flirt or bond .ith .ho.? In essence. it is rando•• 
as in the cell or the real soclal .orld. To 
visualize Jumbo. imagine the letters floatlng aroUDd 
in a three-dl.ensional fluid -- the ·cytopl...•. If 
t.o letters co.e close to each other. th., can ·s••• 
.ach other and poasibl, ·spark·. 

What det.rmin.s .h.ther a spark is succ.ssful? 
At the outset••hen all l.tters are unattached, it 
is affinity (·ch••istry·, as the intriguingl, 
accurat. popular ..taphor .ould have it). For 
.xampl•• ·s· and ·h· (in that order) are .ell suit.d. 
but in the opposite order. th., are not. Affinity 
is not all or none. So.e l.tt.rs are very happy .ith 
.ach other (·s- and ·h·). soa. onl, .ildl, happy with 
each other (·d· and ...... in -d••ll·>. and soa. DOt 
at all happ, tog.th.r (-j. and -I·). Ther. are all 
degrees of affinit,. Corr.spondingl,. aoa. sparb 
are strong. so••••u. and ao •• fizzl•. 

What ia the coaputational .eaning of ·sparking·? 
A spark is a data structure telling .ho is sparking 
with .hom. and in what ord.r. Manufactur.d at the 
sue ti.e .. the spark and ..sociated with it is a 
piece of code called a ·cod.let-, .hich is placed in 
a queue-like structur. called the ·cod.rack·. so that 
it can be run. The codelet. wh.n run, will look at 
the spark ••valuat. ite viabilit,. and th.n suggest 
whether it is sorthwhil. going On with further 
exploration in this t.ntative -romanc.·. If this 
flirtation fails, th.n ~th lett.rs .ill go on th.ir 
merry wa,s ••ach one fr•• to spark with oth.r 
partners inst.ad. If the flirtation s.... proaising. 
though. then the cod.l.t will create a ·fl..h- -- the 
next stag. of a roaanc •. 

Which codelet on the coderack shall run first? 
Associat.d .lth .ach codel.t is a nuab.r. its 
-urg.nc,·. Th. choic. of .hich codel.t to run n.xt 
is a weight.d but rando. choic•• the urg.nc, of a 
cod.let beiDl its ••ight in the coderack. Thus a 
cod.let with urg.nc, 10 is five ti..s .. lik.l, to b. 
picked to run .. a code let with urgency 2. But there 
is no guarant.e that it .ill b. run first. It is all 
probabilistic, so that only in a statistical sens. 
.ill .hat ·should- happ.n ~r. often actually happen 
acre oft.n. 

Whenev.r a codel.t ia run. it ia r~v.d froa 
the coderack. Th. only tracea it l.aves b.hind ar.: 
(1) changes that it h.. caused in the cytopl...; 

and (2) new codel.ts it h.. plac.d on the cod.rack. 

This .nables lengthy proceases to be carri.d out in 

small disjoint st.pa, .ach step aetting up ite own 

possible continuation. It r.s.abl.a the .ay that 

long chains of ch••ical r.actions ,.t carried out 

in ind.p.ndent saall stepa in the c.ll. 


THE COIfCEPT OF A TElIlACED SCAI 

Why a spark, than a n ..h, th.n p.rhaps a 
dallianc., and so on? IhJ not check out the whole 
thing at once? the anner is: real-ti.e pressur... 

If this potential union were the only possibility in 
the world. then ti.e .ouldn't press. But if there 
are maDy possible options to choose froa. ti.. doss 
inde.d presa. On. ne.ds to circumvent .hat at first 
.i,ht se•• an awful n.c.ssity: that of .zplorin, all 
pot.ntial aatchups to an equal d.gr.. b.fore mUing 
up on.'a .ind about which on. worb b.st. Th.r. is 
a profoUDd ne.d for protecting on.self fro. this sort 
of absurdity. P.opl. dev.lop .ays of qUicklJ 
eli.inating thinga of little int.r.st to th•• and 
ho.ing in on the good possibilities. This is 
the id.a of the -terraced scan-: a parall.1 
inv.stigation of a&Dy possibilities to diff.rent 
l.vels of d.pth, quickl, throwing out bad on.s and 
hoaing in rapidly and accurately on good on.s. 

The t.rraced scan ~v.s bJ atages : first on. 
perforas quick sup.rficial t.ste, and on. proc.eds 
further only if those tests are passed. Each n.w 
stag. involv.s ~r. elaborate t.sts, which. if 
pass.d. can l.ad to a further stag. -- and so on. 
Furtheraor•• -passing a t.st- is not an all-or­
nothing affair; each test produces a score. 
indicating how proaising this lin. of inv.stigation 
app.ars so far. On. us.s this scor. to determine the 
urgenc, of continuation codel.te. This provid.s the 
desir.d lay.r.dn.ss to the .valuation of the goodn.ss 
of a potential aatchup. 

Sinc. Jumbo is s.rial. it aust int.rleave the 
tests making up the parall.l .zplorations. so that 
a&Dy possibiliti.s can b. siaultan.ously .zplor.d. 
Each stag. deterain.s the urg.ncy of its follow-up 
stage, so that the spe.d of a long process is locally 
adjustable to r.fl.ct the proais. it offers. 

The way Juabo worb, th.n, is that it uuin.s 
a&Dy possibiliti.s in siaulat.d parall.l. letting 
the .ore proaising on.s ~v. abead f ..t.r than the 
l.ss proalsing on.s. L.tterm b.,in by sparking with 
on. another. Each succ.ssful spark .ng.nders a 
n ..h. Each succ.s.ful n ..h .ng.nd.rs a codel.t 
.hich -- if and when run -- .ill bond the liven 
l.tt.rs togeth.r into a n.w structure -- agIo•. 
Gloas. like l.tt.rs, also spark to,.th.r, flash 
togeth.r, and can be bonded together into larg.r 
and larger gloas. 

Whil. t.o given ite.. are sparking. t.o oth.rs 
aay be n ..hing. Others aay already have been bonded 
qeth.r to .ue a gloa. Although any particular 
-romance· has to go through a fix.d s.qu.nce of 
increasincly elaborate testinc stages, .aDy such 
ezplorationa aay b. happeninc in parall.l. and n.ed 
not b. in ph.... Fl..h-.valuators, spark-evaluators, 
and oth.r typ.s of codelets coaaingl. and coexist in 
the coderack .ithout conflict. 

Furtheraore, nothinc prev.nte a liv.n it•• fro. 
sparking with several other ite.. at once. thna 
parallel .zploration of ~re than one -aate· can be 
carried out. Up to a point. a liven ite. can pursue 
two roaances at once, jnat .. a person can pursue two 
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roman~ic possibili~ies a~ once, by in~erleaving ~he 
da~es and letting the rival romances develop in 
parallel. There comes a ppint, however, where if 
~hings are ~ go any further in a romance, ca.al~men~ 

is necessary. This means bonding. 

GLOMS, OR COMPOUND STRUCTURES 

The idea of bonding is to crea~e compound 
s~ruc~ures tha~ have s~abili~y and tha~ are difficult 
~o pene~ra~e or break apar~. Typical glo.. (bonded 
s~ruc~ures) include consonan~ and vowel clus~rs, 
syllables. and words. All of ~hese May be incomple~e 
or imperfec~. Examples of incomple~e or imperfec~ 
s~ruc~ures are -ngt-, an incomple~e consonan~ clus~er 
(i~ needs an -ha a~ ~he end), and -oo~-, -y", and 
"ies·, which are incomple~e syllables (they need 
opening consonan~ clus~ers). 

A bond-making code let is like an enzyme in a 
cell causing the bonding of ~wo pieces in~ a larger 
piece. The new piece con~ains ~he two previous 
pieces as par~s. The par~s are still accessible 
to ~he outside world. bu~ not as easily as before. 
Moreover, the new s~ructure now can enter in~ new 
kinds of relationships ~ha~ neither p'ar~ was en~itled 
~o. 

Any new glom in the cytoplasm is given a name. 
Accessible through tha~ name are fac~s such as ~he 
names of the consti~uents of the glom, ~he ~ype 

of the glom (is it a syllable, word. etc.?), the 
"happiness- of the glom (Is i~ comple~e or not? how 
happy are i~s par~s?). and so on. To ~he lowest 
approximation, being encapsulated inside a glom 
renders an item inaccessible to the outside world, 
much as being married -- at least in theory 
preven~s a person from having new ro.ances. In 
tha~ sense, a new glo. effec~ively replaces i~s 
pieces in the cytoplasm. 

However, ~he creation of a new gloa does no~ se~ 
off a massive search in which all codelets referring 
to parts of ~he new glom are purged. Those codelets 
are allowed ~o s~ick around, and When run ~hey will 
usually jus~ fizzle harmlessly. It is like learning 
~ha~ someone you find a~trac~ive is involved; usually 
you jus~ give up wi~h a .ish. 

It is possible, though, ~ha~ a piece inside a 
stable glo. sparks 80 s~rongly with an ex~ernal piece 
that the resul~ challenges the bond holding the first 
piece in. Depending on the "happiness" of the gloa, 
the challenge .ay be defea~ed or it .ay emerge 
vic~rious, which will re.ul~ in ~he dissolu~ion of 
the bonds making the old glo., and the es~ablishaen~ 
of a new glo.. Thus in Jumbo, being "co ..i~~d" 
(bonded) acts as a damper, but no~ a ~o~al inhibi~r, 
of explora~ion of rival romances as is the case 
with people. 

PARALLEL CONTEMPLATIONS VEiSUS PARALLEL REALITIES 

Jumbo aims a~ conver~ing the con~en~s of ~he 
cytoplasm from an inl~ial array of unconnec~ed and 
unrela~ed le~ters In~ a single final s~ruc~ure -­
a coheren~ and hierarchically s~ruc~ured assembly of 
par~s, a candida~e for -wordhood". Hearsay II also 
buil~ hierarchical s~ruc~ures ou~ of an ini~ially 
formless chaos, bu~ with one salient difference: it 
cons~ructed mul~iple ~op-level s~ruc~ures -- rival 
interpretations of what ~he speaker was saying -­
at once. An analogous vision program would construc~ 
several ~op-level in~erpreta~ions for a scene in 
parallel. 

This s~rikes me as implausible. We do not 
experience a cognitive superposi~ion of sta~es, 
seeing (or hearing) something ~wo or more ways a~ 
once. The famous examples of visual ambiguity -­
~he flipping Necker cube. ~he vase-face picture, 
and .any others -- 8Ubstan~iate 1II.y poin~. While 
over time we can easily flip back and forth between 
~p-level points of view, our cognitive syste.. do 
not easily support seeing some~hing in ~80 ways at 
one moment. 

This sugges~s ~hat parallelism becomes less and 
less relevant a~ progressively higher levels of 
activity. This idea is mirrored in the way Jumbo 
works. As s~ructures coalesce, the sys~em gradually 
makes a transition froa being dis~ributed and 
parallel to being localized and serial; a~ the 
end. there is only one ~p-level glom left in ~he 
cytoplasm. Two glo.. are never jus~ differen~ 
arrangements of the same lower-level structures. 
Therefore, a certain kind of parallelism is 
nonexis~en~ in Juabo -- namely. ~he paralleli.. 
you ge~ when you enter~ain alterna~ive worlds. 
Jumbo has but one world (i~s cy~plasm). However, 
parallel con~empla~ion of al~ernative worlds (i.e., 
possible ac~ions ~ ~ry in ~he fu~ure) is per1ll.issible 
in Jumbo; in fact, it is of the essence. JU1II.bo is 
free ~o "anse· about many possible rival ac~ions, but 
once one is chosen and carried ou~, ~hen that's the 
way the world ls. 

Le~ us ~hus draw a dis~inction be~ween ~wo ~ypes 
of codele~. A -musing- codelet con~e.pla~es a future 
possibility withou~ ac~ually creating it; an -action" 
codelet realizes a con~empla~ed possibility by 
carrying ou~ a change in the cy~oplasm. Musing 
codelets perform "read-only· opera~ions on ~he 
cy~pla.. (e.g., evaluating sparks or flashes); 
action codele~s perform ·wri~e··s in the c~opl&81ll. 
(e.g., making, breaking. s~rengthening, or weakening 
a bond). 

In summary. in ~he early s~ages of glo1ll.­
building. when JU1II.bo's cytoplasm is c08pOsed of .any 
scattered pieces, nonoverlapping actions in i~ can 
be viewed a. oecurriug .iaul~aneously (whether ~he 
si1ll.Ultanei~y i. Tir~ual or real); how.Ter, as 
glome merge and become larler but fewer in number, 
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paralleli.m of action inside the cytopl... gradually 
gives way to ••riality. althoush the parall.l 
contemplation of po••ibl. action. to tat. continue. 
UD.abated. 

THE HAPPINESS OF QLOMS 

At &Dy .tag.. Jubo·. cytopla.. contains ,10" 
havin, various d.gr••• of -happine••- -- a nuerical 
measure applicabl. to all ,lou. There are two 
cOllpOnent.8 to happin.... Th. IITEIlIIAL component 
tries to .uaaariz. how w.ll the ,loa. a. a .pecific 
inst&Dce of a ,.n.ral conc.pt. r.alize. that Platonic 
ideal. The EXTEIIIAL component tri•• to suaaariz. 
the current .ituation of this ,10m in the cytopl.... 
I. it part of a lar,.r ,loa (thus -.ecure-). or i. 
it unattach.d (thu. -lon.ly-)' 

Consid.r a .yllabl.-lev.l ,loa. It .o.t ask 
itself. -How good a syllabI... I?- Thi. qu••tion 
is &IlSw.red by a nuber tatiq into account the 
de,r.e of co~l.t.n••• of the ,loa, the way it. 
piec•• fill the rol•• th.y are .upposed to play. 
the .uitedn••• of it. part.8 for .ach other. &Dd -­
recursiv.ly -- the internal happin•••e. of it.8 part.8. 

Tak. the syllabl.-c&Ddidat. -lik-. for inst&Dc,. 
Thi. ,10•••••n a. a pot.ntial syllabI., i. compl.t.: 
it has a fill.r for the thr.. aain role. requir.d for 
-syllablehood-: initial conson&Dt clu.ter. vowel 
group. &Dd final con.on&Dt clust.r. (Such rol•• are 
&Dalogou. to the rol•• ot -husband· and ·wif.· in a 
marriag•• althoush not all thre. of th.m hay. to b. 
pre.ent in .v.ry syllabI•• ·iq- b.iq a good .x..,l. 
of &D internally happy .yllabl. lackins &D initial 
consonant clust.8r.) S.ins a COMPLETE syllabI. i. not 
enough to .at. -lik- &D int.rnally HAPPY .yllabl•• 
because ·k- doe. not fin.ly fill the -finel consonant 
cluster· rol.. By contra.t, ·lick· i. &D int.8rnally 
happy .yllabl•••inc. ·ck· i. a fin. final consonant 
clu.ter. 

Internal unhappin••• .at•• a ,10. ·.qu.at-. For 
in.tance. the incoapl.t. syllabI. ·li· wi.h•• to be 
aad. complet.8••0 it .qu.aks quit.8 loudly. Th. 
iaperfect syllabI. ·lik· will .qu.at. but not quit.8 
.0 loudly. 

In r.al life, e.or,. aay ask hi..elf. ·Bow 
good a husband would I .at.,. without havins &Dy 
particular wU. in .ind. B. aay fe.l that h. fill. 
the abstract -husb&Dd· role ideally without th.re 
beiq &Dy specific aarriag. into which h. fit.8. 
Au &Dalo,ou. notion holds for ,10". Tat. the 
.yllabl. ·lick·. Int.rnally. it i. great, but if 
it has not b••n incorporated into a lar,.r structur•• 
it will .till b. unhappy. This brinp us to the 
nterna! cOllpOn.nt of happin•••• 

The nt.rnal coapon.nt of &Dy ,loa'. happine•• 
d.p.nds on how the ,loa f i t.8 into the curr.nt .tet.8 
of the cytopl.... Initially. all l.tter. are unhappy 
but not d••p.rat.. becaue t.bef are all in the .... 

boat -- unaat.dn.... All 801M ,.t aat.d and other. 
don't. how.v.r. a n.w -'action· .nter. the picture: 
jealou.y. Th. loq.r a l.tt.r go•• UD.IIII.t.8d, the 
unhappier it b.co.... It ·.qu.ak.· to express it.8 
unhappin.... Thi. go•• as w.ll for unaated hiper­
l.vel ,lou. 

·Squeatiq· trans1at•• into likelihood of 
sparking with other it... in thecytoplas. -- that 
i., the urgency of a cod.l.t that will plac. the it.. 
on a qu.u. of pot.ntial ·.park••••. As in real life. 
it'. the .queati••t wh••l that let. the oil. 

·Happin•••• i. thus a measur. that a ,loa 
co~ute., taking into accOUD.t both it.8 ••If-e.timated 
internal .tabi1ity, &Dd it••elf-perceived ·nor.alcy· 
relative to the .zternal .ociety. Juabo'. overall 
goal could b. succinctly .tat.d as: producing one 
happy top-level ,loa. Ell route to this coal, it has 
to b. SUid.d by the happin..... of the int.raediary 
.tructur•• it .at••. 

DESTRUCTIVE OPERATIONS IN JUMBO 

It would b. nic. if the r&Ddoaly-driven buildins 
proc..... that take plac. froa the ground up alway. 
gave rise to &D .xc.ll.nt candidate for wordhood. 
However, .inc. this i. UD.lik.ly, th.r• .ust be 
w.y. of changiq ar~und what has b ••n con.tructed. 
Since much car. has son' into the buildup of the 
constituent.8 on various low.r l.v.l•• it would be 
reckle•• to di.band the thiq without tryiq .OM 
r.working fir.t. 

Traditionally in artificial int.lligenc., 
reaching a d.ci.ion point wh.r. on. ..e. that on. 
has to ,0 back and undo so..thiq i. a critical 
aoment. Th••t&Ddard solution i. ·int.lli,.nt 
backtrackiq· [Bobrow 1074], in which you .ith.r 
tat. a diff.r.nt fork at that deci.ion point or 
backtrack furth.r. Th. latt.r aaoUD.t. to UDdoins 
on. deci.ion aft.r anoth.r until you find on. you C&D 
live with. and th.n .tartiq th.re froa .cratch. 

Tatins a diff.r.nt fork r.quire. JOu to choo•• 
at r&Ddoa or by r.ason. Th. latt.r i. obviously· 
pr.f.rabl•• but the world do•• not alway. live you 
.nough time or knowl.dg. to r.ason ev.rythiq out. 
Ev.n the b ••t-calculat.d tin. of the fork aay l.ad 
to no .ucc•••• in .hich cas. yon would have b ••n 
b.tt.r off choosiq at randoa. for JOu wouldn't 
have inv ••t.d .0 .uch time attemptins to for•••• 
the unfor....abl.. Thus the advantage of choo.ins 
at randoa i. that you don't worry over aattar. that 
you can't po••ibly anticipat. -- you .imply plunge 
forward and ••••hat happ.ns. 

Thi. i. what Jumbo doe.. However, this .hould 
not b. confused with blindn.... Althoush the 
·choic••• at branch points are aad. at randoa. th.r. 
are powerful bias•• built in. Hot everythiq has an 
equal chanc.; ind••d. ..art id.as will t.nd to b. 
assiped hip ur,encl... and dab 011... low ur,.ncl••. 
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There is no guarantee of this. nor is there be a 
guarantee that high-urgency code lets will get run 
first, since after all. randomness is randomness -­
but in the long haUl, things will work out favorably. 
This, at any rate. is the hope on which Jumbo is 
based. 

There is another aspect to the hope placed in 
randomness: it seems more likely that interesting 
routes will be discovered by accidental exploration 
than if the "best" route is always chosen at every 
junction. Furthermore, having an extremely simple 
control structure allows the system to do things that 
a very complex control structure would get thoroughly 
tangled up in. Complex control structures are highly 
brittle, whereas probabilistic control structures are 
rubbery and don't care what happens in what order. 

So, what are the possible remedies to choose 
from, When there is an unhappy pseudo-word? There 
are two basic types of transformation: "entropy­
preserving" and "entropy-increasing". By "entropy", 
I mean "perceived disorderS. A cytoplasm containing 
no bonded letters has maximal entropy. a cytoplasm 
containing just one pseudo-word has minimal entropy. 
Entropy-preserving transformations do not increase 
disorder: they preserve the number of gloms. By 
contrast. entropy-increasing transformations destroy 
gloms, bringing the cytoplasm closer to its initial 
state of total disorder. 

Of the two varieties of entropy-preserving 
transformation, the milder one is REGROUPING: 
readjusting internal boundaries so as to yield new 
substructures without rearranging anything. The 
other, more drastic, variety 1s REARRANGEMENT: 
taking pieces of a glom and shuffling them around 
to make new gloms on the same level [Holland 1981]. 
A mnre radical remedy is t~e entropy-increasing 
transformation of DISBANDING: pulling a glom's 
top-level bonds apart and perhaps even disbanding 
some of the lower-level structures. 

ENTROPY-PRESERVING TRANSFORMATIONS 

Suppose that the unhappy pseudo-word is 
·pangloss" , perceived as two syllables -- "pang" and 
"loss". First consider regrouping. One possibility 
is to move the "g" from the first syllable to the 
second, thus making "pan-gloss". On the other hand, 
it is not possible to detach the entire consonant 
cluster "ng" from the first syllable and to reattach 
it to the second consonant cluster, because anglO 
is not an acceptable consonant cluster. 

A more complex type of regrouping can occur 
when two syllables coalesce into one, or one breaks 
into two, like drops of liquid. A simple example can 
be given using four letters found inside "pangloss". 
Suppose the two syllables "ap· and ·so· get bonded 
together in this order: "so-ap". Now "soap" might 
be bisyllabic (like "react" or "Moab"), but its 
preferred perception is as a single syllable. 

Therefore Jumbo should be able to carry out this 
type of regrouping fluently. The "fission" process 
--moving from one-sr:lable words like "soap" to 
two-syllable words > <.:c-op· or ·so-ap· -- should be 
as natural for Jumbo aD the "fusion" process. 

The next entropy-preserving alternative, 
rearrangement, offere many possibilities. One would 
be to perform the operation known as ·spoonerism·: 
interchanging th~ initial consonant clusters of 
two syllables. This produces a new two-syllable 
candidate, "lang-poss". The term comes from the 
name of an Anglican minister, The Reverend Spooner, 
but it is tempting to ignore th~t dignified etymology 
and to invent parallel culinary terms: "forkerism· 
(the interchange of final consonant clusters) 
and ·kniferism" (the interchange of vowel groups). 
Operating on ·pang-loss", those would produce 
·pass-long" and "pong-lass" respectively. Spoonerism 
need not involve entire clusters; sometimes pieces of 
clusters can be exchanged, as in the transformation 
of "slag-pons" to "lag-spons". 

Rearrangement can involve the EXCHANGE of 
syllables ("pang-loss" to "loss-pang"). It can also 
involve the internal REVEISAL of a syllable at the 
cluster level ("stan" to "nast") or the letter level 
(Istan" to "nats"). Reversal at either level, 
unfortunately, poses tricky problems. Obviously, not 
all syllables can be reversed at the cluster level, 
since some consonant clusters cannot function 
initially, while others cannot function finally (try 
"knots", for example). Reversal at the letter level 
is equally knotty (try "thump"). Thus one cannot 
just barge ahead with either type of reversal; mnsing 
codelets must prepare the way by checking out 
the desirability of contemplated actions. This 
emphasizes once again that, although Jumbo is 
permeated by randomness, it is also permeated by 
dynamic tests imbuing it with caution and foresight. 

Another type of rearrangement is where one 
syllable wants to trade its final consonant cluster 
for another one's initial consonant cluster. For 
instance, in "plag-noss", "plag" might want to trade 
its "g" for "noss"'s "n", to yield "plan-goss". 
Again, the feasibility of such a maneuver depends 
on whether the given clusters can function in the 
desired new positions. A natural nomenclature 
for such trades suggests itself: "sporkerism" and 
"foonerism" . 

A musing code let proposing a trade resembles an 
offer by one baseball team to trade its pitcher for 
another team's left-fielder. Such offers are usually 
made out of recognition of weaknesses, and the 
feeling that both can benefit tram the switch. 
The weaker a team is in a certain pOSition, the 
more disposed it is to give away something in order 
to fill that role well. Likewise in Jumbo. The 
more valuable a trade is perceived to be by the gloss 
involved, the more urgent will be the corresponding 
action codelet manufactured by the ausing codelet. 
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Thus the principl. of the t.rrac.d scan is at work at 
this stag. of the gaa. no l.ss than in the .arli.r. 
glomming-tog.th.r stag.s. 

FLUID DATA STiUCTURES: A PRIICIPAL AIM OF JUMBO 

Th. cOllbination of r.grouping and r.arrang...nt 
provid.s a surprisingly powerful tool. It pr.serv.s 
a great d.al of structur. at all ti..s. and y.t 
achi.ves a significant r.shuffling of high-l.v.l 
pi.c.s. H.r. is a randoa walk through pseudo-word 
spac•• b.ginning at ·pang-loss": 

pang-loss start 
pong-lass knif.risll 
long-pass spoon.ri.. 
pass-long switch syllabl.s 
pas-slang r.group "s" 
sap-slang r.vers. syllabI. 
slap-song spoon.risll 
slang-sop forterisll 
sop-slang switch syllabl.s 
slop-sang spooneri.. 
slos-pang trade Ipi for "s" 
los-spang spoon.risll 
loss-pang r.group "s" 
pang-loss switch syllabl.s 
pan-gloss r.group "g" 

You can continu. with this proc.ss for a long till•. 

On. lIight suppose this process to b. 
idiosyncratic to the dOllain. an obscur. type of 
transforaation having little r.l.vanc. to g.n.ral 
int.llig.nce. Such an iapr.ssion would. how.v.r. 
b. quite wrong. I.call that Jumbo's d ••p aill is 
to aid in d.llonstrating the thesis "cognition .quals 
r.cognition". low any study of r.cognition r.v.als 
the indescribably fluid boundaries of p.rc.pts and 
conc.pts. Th.r. are thousands of ways of drawing 
the lett.er "A" (s•• HOF-6). y.t w. r.cogniz. any of 
thell at a glanc.. For any lIental category (concr.t. 
ones like "dog- and abstract on.s like "lletaphor"), 
we immediat.ly r.cogniz. thousands of instances. 
d.spite vast diff.renc.s. 

To recogoiz. -- i .•.• to match an itea with 
a Platonic abstraction -- there !DUst b. rooa for 
fl.xing both the Platonic abstraction and the lI.ntal 
representation of the thing itself. to make thea 
aeet. What kinds of distortion are sensible? 
Readjustment of internal boundaries, reassessll.nt of 
connection str.ngths, and rearrangeaent of parts are 
at the cor. of the r.cognition proc.ss. Thought's 
fluidity ellanates frca the nonrigidity -- the 
fluiditl --01 r.pr.s.ntational structur.s. Thel 
have an abilitl to adjust. to alter thea~.lves 
effortlessly, to assume manl conformations. For 
lluiditl to ellerg. at a high l.vel. the und.rlling 
data structures aust b. peraeated by an abilitl to 
slip back and 10rth at the drop 01 a hat. 

It is i.,artant that this capacitl r.sid. 
inherentll inside the structur. itself: it IIUSt b. 
readl and willing to be int.rnally r.canforlled if 
lOU just "tap" it the right way. The t.ra "chang. 
of r.presentation", used in sOlie AI projects. 
usualll r.f.rs to a "r.asoning .ngin." conv.rting 
on. r.presentation into anoth.r r.pr.s.ntation. 
lith Jumbo. bl contrast. r.conformabilitl is inh.r.nt 
in the structures th....lv.s. P.rhaps the major part 
of the int.llig.nc. of the slst.a as a whole r.sid.s 
in the hing.points of ita data structur.s. Th. 
illport of that k.l id.a go.s far b.yond the confin.s 
of this on. domain. 

It is ., b.li.f that a n.arll constant 
background activity of cr.ativ. lIinds is a playful 
twisting-around of aental structur.s of all sorts - ­
turning th.a insid. out or backwards. r.grouping 
parts. erasing or ins.rting n.w l.v.ls of structur•• 
acving things back and forth b.tw••n levels. and so 
on. In short. taking full advantage of the fluiditl 
of th.ir a.ntal repr.s.ntations. and siaply b.ing 
sensitive to unanticipat.d side .ff.cts. 

ENTROPY-IICREASIIG TiAlSFORKATIOIS 

If Jumbo d.... its single top-l.vel gloll 
unsatisfactory. its first attempt.d r ...dl will b. 
to cr.ate regrouping and r.arrang.llent codel.ts 
and to give thea high urgenci.s. Thus. a bit of 
shuffling-about as illustrated above will take plac•. 
During this. Jumbo will monitor the ov.rall happin.ss 
of the cltoplasll. If aft.r a whil. that happin.ss 
has not r.ach.d a satisfactory l.v.l, Jumbo will 
alt.r its prioriti.s and pour disbanding-codel.ts 
into the coderack. 

An .n.llpl. of disbanding would b.: sllUh the 

word candidat. into ite syllabl.s. th.n sllUh those 

syllabl.s furth.r into th.ir clust.r-l.vel 

constitu.nts. In the cas. of "pang-loss", this 

yi.lds: "p", "a". "ng". "1", "a". and "SS", low 

on. lIal hop. that soa. fr.sh glo.. will bubble up. 

If not. on. can disband furth.r! 


Action code lets for disbanding are call.d 
"dissolvers". A disbanding op.ration is not 
und.rtak.n lightly. sinc. it risks d.stroying a happy 
gloa. Therefor.. a ausing cod.let lIust ch.ck the 
idea out first, and if it approv.s of the disbanding. 
it creates a dissolv.r -- but if th.r. is hope that 
sOlie gentler r.lI.dy lIight mak. the cytoplasll happier. 
it will assign the dissolver a low urgency. 

Th.re two sorts 01 dissolv.rs: targ.ted and 
nontarg.t.d. The 10raer is aill.d at a sp.cific gloll 
that has giv.n trouble lor a whil.. The latter is a 
beast whos. lIission is to lind AMY gloa and t.ar it 
into its i..ediate constituents. 

Why nontargeted dissolvers? '.11, if lOU have 
been troubled bl a ,lOll that has be.n unfruitful no 
matter how you shuffled it about. one uy to r.start 
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quickly would b. to load up the cod.rack with a bunch 
of nontarg.t.d diisolv.rs. In a flash, th.y. not 
unlike a horde of hungry piranhas, will t.ar that 
p.sky glom from limb to limb, l.aving you to start 
out again with a totally disordered cytoplasm. 

Th.re is a probl.m her.. Suppose you put ten 
nontargeted dissolv.rs in the coderack, and aft.r 
just five have run, th. cytoplasm has b ••n r.duc.d 
to raw letters. Five nontarget.d dissolv.rs r.main 
in the coderack. that's to pr.v.nt th.m from lat.r 
being called upon to run. and at that tim. totally 
ruining the n.w .merging ord.r? 

TEMPERATURE AND SELF-WATCHIMG 

One way is to have a global variable call.d 
the "temperatur.- of the cytoplasm, low when the 
top-level gloms are happy. and high when th.y are 
unhappy. The happiest state is when there is just 
one single happy glom. Sinc. we want to pres.rve 
such a stat•• this state is assigned the "fre.zing" 
temp.rature. then the cytoplasm is fr.ezing. 
dissolving is pr.v.nt.d. 

When the cytoplasm is boiling, n~ntarg.ted 
dissolv.rs have permission to t.ar apart any glom. 
whereas when it is merely warm. they are inhibited 
(i.e .• have a low probability of carrying out their 
mission) in proportion to the happiness of the gloms 
they are attacking. The cytoplasmic temperature 
is thus Jumbo's equivalent to the ·mood· of soci.ty 
regarding divorc.. High temp.rature encourages 
split-ups. low temp.rature discourag.s them. 

Cytoplasmic t.mperatur. is a very general 
concept. It provides quick global f.edback about 
the system. h.lping to dynamically govern the 
probabilities of various kinds of activity. The 
temperature r.gulat.s the d.gre. of chaos in th. 
system. something like the rods in a nuclear reactor. 
then things .tart to get too wild. you low.r the 
temperature a bit. and wh.n thing••eem to be going 
nowh.re, you rai•• it and pump in .ome crazin••• 
[Smolensky 1983]. 

T.mperature will b. useful only if kept updated. 
If not as•••sed frequ.ntly .nough. its outdatedn.ss 
could be harmful. Mow temperature-measur.ment 
cod. lets mu.t vie for recognition in the coderack 
along with ev.rybody el... Thi. bring. up the tricky 
question of bow the .y.tem keep. itself balanced. 
with so many comples things happening at once. all 
mingling in the same coderack. 

How can loop-like b.havior b. obviated? On. 
way is for the system to watch its Oft cytoplasm and 
coderack [Rofstadter 1982a]. and to make .ur. that 
if any loopiness is d.tected, preventive action. are 
taken. Such 8imple remedies as raising or lowering 
the temperature may suffic., as would changing the 
value. of other i.,artant global variables. 

But how do.s self-monitoring really take place? 
This is as yet unesplored territory in Jumbo. The 
general idea is that there should be a way of 
summarizing the cont.nts of the cytoplasm and 
code rack in simple t.rms. so that no detailed 
self-scrutiny is n••ded. For the coderack, a good 
start might involve a ·census· detailing what kinds 
of codelets are present. and for each type, giving 
its percentage of the total urgency. For the 
cytoplasm. listing the top-l.v.l gloms' appearances 
(letter sequ.nces) might be a good beginning. 
That way, periodic and quasi-periodic assembly and 
disassembly of structures would b. easily detectable. 
But again, the tricky probl.m of s.lf-reference 
arises: cytoplasm-watchers and coderack-watcher. 
must thems.lves b. cod.l.ts. vying like all codelets 
for time' 

Thes. twisty ideas are not yet implemented. 
Clearly they will be Significant in determining 
how Jumbo tunes itself and thus controls itself 
dynamically. Such feedback m.chanisms offer the 
potential for great flesibllity and power. but they 
are also very tricky. Th.y are reminiscent. in ways, 
of human consciousness. an alluring mystery towards 
which AI is slowly moving [Hofstadter 1979, 1981a. 
1982d. Smith 1982]. Mechanisms for self-watching 
are therefore something to look forward to in the 
developing architecture of Jumbo. 

A SELF-SENSITIVE, SELF-DRIVEN SYSTEM 

In Jumbo. there is no top-level "driver" making 
decisions about what to do nest. The flow is a 
function of weights and random numbers, not of 
careful consideration and reflection at each 
microscopic branch-point. This makes Jumbo sound 
stupider than it i.. In life, you often must make 
a decision randomly in order not to get bogged doft 
in an infinite r.gr.... At some l.v.l. reflection 
must give way to refl.s. But this n••d not b. 
di.a.trous. provided your r.fl.s•• are well-tailor.d 
on... That is the purpo.e of the weight. 
urgenci.s -- attach.d to codelet., and of the 
measur.s of happine.s. 

Togeth.r, urgenci.s and happin.ss•• guide 
Jumbo's proc ••sing. Cl.arly, the flow of control, 
to the .xt.nt that it is d.t.rminat., i. d.termin.d 
by urg.ncy values. What det.rmin•• those valu.s? 
Some proc•••••••uch .. spark-g.n.rating cod.l.t., 
have fix.d urg.nci•• : Other., .uch as codelets for 
spark-evaluating, flash-.valuating. and bonding. 
have variable urg.nci... The variation com•• 
from the perc.iv.d mutual .uit.dness of the gloms 
involv.d. Thi. in turn i. d.termin.d by the 
INTRINSIC AFFIMITY of the structur•• involved -­
a fised f.atur. of Engli.h -- and th.ir RAPPIKESS. 
Thus happiness•• and affinities d.t.rmin. the 
urg.ncy values for bonding- and di.banding-codel.ts. 
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In this way. happinesses and urgencies are 
intertwined. and they combine to yield a total 
outcome that is the overall. observable behavior 
of the system. Juabo thus emerges as an exquisitely 
self-sensitive collection ot processes: a coherent 
whole coaposed of aany indep.nd.nt interwoven 
strands. (See the -Prelude ... Ant Fugue- and co ..ents 
in [Hofstadt.r 1979] or [Hotstadter 81a]. S•• also 
[Rumelhart 1982]. [Hinton 1981]. esp.cially Chapt.r 
1. and [Feldaan 1982].) 

EPILOGUE: JUMBO'S (EPI)PHElOYENAL I.TELLIGENCE 

Jumbo's intelligenc•• if ind.ed it has any. 
clearly has not b••n directly progr....d; rath.r. 
it emerges as a statistical consequence of the way 
that many small things that one HAS designed interact 
with each other. It is like the che.s program that 
-likes to get ita que.n out early-, .urprising it. 
programmer. who never explicitly put .uch a strategic 
concept into the program. Daniel Dennett call. this 
an -innocently ••ergent- quality [Dennett 1977]; I 
call it an -epiphenom.non- [Hofstadt.r 1979. 1982c. 
1982d]. One could th.refore say that Jumbo involv•• 
a third .etaphor: that of stati.tical ..chanics. 
which explains how ..cro.copic order can e ..rge 
from micro.copic chaos, 

This vi•• of int.lligence goes against the grain 
of traditional AI .ork. .hich .e.k. to find explicit 
(nonetatistical) rule. governing the flow of thought •. 
Th. hop. i. to d••crib. th0Ulht. at th.ir own l.v.l 
without having to r ••ort to de.cribing biological 
underpinning. of th... It i. an adairabl. dream. 
but it i. not a priori obvious that .uch la•••xi.t. 

I call this the -Bool.an Dr.am- after Georg. 
Boole who ••t forth an .l.gant calculus called 
-Th. Law. of Thought- [Bool. 1855], which w. know as 
Boolean alg.bra. Id the Boolean dr.am realizabl.' 
Wo.t AI people ••ea to hop••0; so•••v.n f ••1 that 
a claim to the contrary i. an anti.ci.ntific claim. 
I see thing. diff.r.ntly. Wy vi•• i. that AI 
and the Bool.an dr.am are clo••ly r.lated but not 
synonymous. Thu. the p.ri.hing of the Bool.an 
dr.am .ould not be a .etback to AI. but .iaply a 
recognition that .oae high-l.vel a.ntal ph.nomena 
are innoc.ntly .m.rg.nt. Th. goal of AI .ould th.n 
shift froa trying to captur. the -la.. of thoUlht­
in an .legant .ath.matical foraali•• to trying to 
understand the law. gov.rning .ubcognitiv••v.nt. 
(let u. call .uch ev.nt. •••ntalics·) that 
coll.ctiv.ly go to mak. up cognition, or the 
dynamic. of thinking, 

To .um matt.rs up. then••• could .ay that the 
shifted burden of AI .hould .v.ntually b.co.. the 
clarification of the ..aning of the following corny 
but hop.fully catchy ·.quation-: 

thinkodynamic. = .tati.tical a.ntalic•. 

O. a noble dr.aml 
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ABSTRACT 

Learning from observation requires a system 
to appreoiate the signifioanoe of an event (or set 
of events) which are either fortuitous or part of 
another's planning prooess. Then the new events 
must be generalized into a new conoept. We 
present a framework in which these processes oan 
ooour. The approach is called explanatory ~ 
acquisition. It involves knowledge-based general­
ization which oan construct a first-pass general­
ized conoept from just one input example. 

Kix .tJu:u.: Schema learning, machine learning, 
knowledge aoquisition, artifioial intelligence, 
natural language processing, induotion. 

I. INTRODUCTION 

There are two problema that the generaliza­
tion prooess must face. The first is to know when 
it should be applied. Clearly, every input text 
ought not to cause the system to oonstruot a new 
sohema. Only "interesting" inputs should invoke 
the schema acquisition system. The seoond problem 
is how to perform the generalization. There are a 
number of subproblems here, for example, seleoting 
whioh events and objeots should be generalized, 
imposing limits on the extent of generalization, 
and actually oarrying out the sohema construction. 

Briefly, the approach can be summarized as 1) 
understanding the input, 2) evaluating the five 
generalization criteria outlined above, and 3) 
possibly generalizing the input to a new schema 
based on the evaluations of (2). The understand­
ing phase is not signifioantly different from most 
planning-type understanders [Schmidt & Sridharan, 
1977; Cullingford, 1978; DeJong, 1979; Kolodner, 
1980; Lebowitz, 1980) with One exception. The 
understander maintains data dependency supports 
[Fikes, 1975; Doyle, 19791 for all of the infer. ­
ences necessary to make sense of the input. This 
dependency network drives the generalization pro­
cess. The particular input representation is 
generalized as far as possible without violating 
the dependency support structure. Violating the 
dependency support structure would undermine the 
reasons the system had in believing the story 

This work was supported in part by the Air 
Force Office of Scientific Research under grant 
F49620-82-K-0009 and in part by the Nationsl Sci­
ence Foundation under grant NSF 1ST 81-20254. 

makes sense. Usually, input can be generalized in 
a number of different ways. The particular gen­
eralization selected is determined by fitting the 
input into a taxonomy of generalization tech­
niques. 

II. TO GENERALIZE OR NOT TO GENERALIZE 

There are five aspects to be considered when 
deciding whether or not to generalize an input 
into a new schema. By hypotheSiS we will assume 
that the input did not match an existing sohema 
(if it had then the system already possesses the 
desired schema and indeed that schema would have 
been used to process the story). If any of these 
five conditions does not hold, constructing a new 
schema from this input is inappropriate. 

The criteria are: 

1) Is the main goal of a character achieved? 

2) Is the goal a general one? 

3) Are the resources required by the goal achiever 


generally available? 
4) Is this new method of achieving the goal at 

least as effective as the other known 
volitional schemata to achieve this goal? 

5) Does the input match one of the known 
generalizable patterns? 

These oriteria are tested for all goals in 
the story. The first criterion "Was the goal
aohieved?" is self explanatory and easily judged. 
The seoond "Is it a general goal?" and the third 
"Are the resourCes generally available?" require 
some discussion. 

Novelty alone in an approach to achieving a 
goal is not sufficient to warrant constructing a 
new schema. Consider, for example, a plot from 
the WHission Impossible" television series. These 
plots are noteworthy in that they are very novel. 
They all use bizarre methods to achieve rather 
peculiar goals. Furthermore, they are always suc­
cessful. However, the goals achieved are not the 
type that arise in ordinary life and the resources 
and skills needed are so specialized and uncommon 
that the same solution would never be applicable 
again. 

Clearly a new schema should be constructed 
only if there is a reasonable expectation that it 
will be helpful in future processing. If a schema 
will never be used again, it should not be con­
structed in the first place. 
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How can the utility of a particular goal be 
judged? The answer to this is closely tied to 
where goals come .from. Achieving a goal which 
arises from general conditions important to an 
individual's well-being and using readily avail­
able resources is likely to result in an interest­
ing new schema, one which will arise again and 
again. For the solution, we use an aspect of 
Schank &Abelson's theory of planning [Sohank & 
Abelson. 1917]. In their view ~ give rise to 
the highest level goals (goals whioh are not sim­
ply subgoals in the achievement of other goals). 
Interpersonal and ~ themes are what we are 
interested in. An example of the former is a hus­
band offering (and therefore, at some level, want­
ing) to type a term paper for his over-worked stu­
dent wife. This exemplifies the theme of taking on 
goals of others that one cares for. It is not 
necessary to go beyond this theme in explaining 
the husband's actions. Examples of life themes 
are attempting to satisfy one's hunger, to gain 
money, or to relieve boredom. Themes give rise to 
goals that require no further justification. 

The fourth criterion is self-explanatory. 
The idea is that the system should not bother con­
structing schemata that are much less efficient 
than similar already-known schemata. In a natural 
language input this would occur only if a oharac­
ter were using a highly sub-optimal plan. 

The fifth criterion is that the input must be 
identified within the taxonomy of generalization 
techniques. This is discussed in the next sec­
tion. 

III. TAXONOMY OF GENERALIZATIONS 

There are four situations which when recog­
nized in the text either individually or in combi­
nation ought to invoke the generalization rou­
tines. They are: 

Schema Composition 
Secondary Effect Elevation 
Schema Alteration 
Volitionalization 

In the first part of this section we will illus­
trate each of these situations with an example. 

3.1. ~ composition 

The first situation we will discuss is called 
~ composition. Basically, it involves com­
posing known schemata in a novel way. Typically, 
this will involve a primary schema, essentially 
unchanged,. with one or more of its preconditions 
satisfied in a novel way by other known schemata. 

To clarify the procedure, consider an exam­
ple. This example is a story about a kidnapping. 
Let us assume that we, the readers of this exam­
ple, do not yet have a schema for kidnapping or 
extortion or any similar notion. We do, however, 
assume the knowledge of a considerable quantity of 
baokground information about stealing, bargaining, 
the use of normal physical objects, and goals of 
people and institutions. 

faris police disclosed Tuesday that a man 
who identified himaelf as Jean Karaneaux 

abduoted the 12 year old do".ughter of 
wealthy Parisian businessman Michel Boul­
lard late last week. Boullard received a 
a letter containing a snapshot of the kid­
napped girl. The next day he received a 
telegram demanding that 1 million francs 
be left in a lobby waste basket of the 
crowded Pompidou Center in exchange for 
the girl. Asking that the police not in­
tervene, Boullard arranged for the 
delivery of the money. His daughter was 
found wandering blindfolded with her hands 
bound near his downtown offiae on Monday. 
In this story the primary sahema is BARGAIN, 

a schema which we assumed the system already knew. 
One of the preaonditions speaified in the BARGAIN 
sahema is that eaah party to the bargain must con­
vinae the other that he oan indeed deliver his 
side of the bargain. For Maraneaux, this 
corresponds to making Boullard believe that he 
(Maraneaux) has aontrol of Boullard's daughter and 
can, therefore, relinquish the girl to him. 
Maraneaux aahieves this by aatually establishing 
aontrol over the daughter (via an instanae of the 
STEAL sahema) and then sending Boullard a photo­
graph. To the system, this is a novel way to 
satisfy BARGAIN's preconditions. 

3.2. SegondarY ~ elevation 

Consider the following saenario: 

Fred wanted to date only Sue, but Sue 
steadfastly refused his overtures. Fred 
was on the verge of giving up when he saw 
what happened to his friend, John: John 
wanted to date Mary but she also refused. 
John started seeing Wilma. Mary became 
jealous and the next time he asked her, 
Mary eagerly aoaepted. Fred told Sue that 
he was going to make a date with Lisa. 

Here Fred has not aaquired a new sohema; he has 
used an existing schema (DATE) in a new way. This 
is called secondary effect elevation. Fred's DATE 
sohema already contains all of the knowledge 
necessary for resolving his dilemma. The problem 
is that the normal DATE schema is organized in the 
wrong way. In seaondary effect elevation situa­
tions an existing schema is annotated indioating 
that the sahema may be used to aahieve a result 
whioh is normally neutral or negative. 

The main purpose of the DATE sohema is to 
satisfy certain recurring social goals (like com­
panionship, sex, eta.). DATE contains seoondary 
effeats as well. These are often undesirable 
effects accompanying the main, planned effects. 
For example,. one is usually monetarily poorer 
after a date. Another seoondary effect is that if 
one has an old girlfriend, she may become jealous 
of a new date. 

What Fred learned from John'e experienoe is 
that it is occasionally useful to invoke the DATE 
schema in order to cause one of its seoondary 
effects (jealousy) while oompletely ignoring the 
usual main goal. 

Just as with sahema oomposition, the eXisting 
schema is ahanged to reflect a ,eneralization made 
from a specific instanoe. In this case, the 



speoifio instanoe is John's interaotions with 
Mary. Notioe, however, that Fred did not simply 
copy John's aotions. John aotually made a date 
with Wilma while Fred only expressed an intention 
to date Lisa. This is not an earth-shaking 
differenoe, but in the oontext of dating it is 
extremely signifioant. In the normal DATE situa­
tion expressing an intention to date someone is 
not nearly so satisfying as an aotual date. Onoe 
modified for the purpose of oausing jealousy, 
however, expressing an intention for a date and 
actually oarrying it out oan be equally effeotive. 

One might argue that the distinction between 
main and seoondary effeots of a sohema is otiose 
and, in situations suoh as this, even deleterious. 
Afte~ all, DAtE already had all of the information 
neoessary for-solving Fred's problem. If a system 
simply treats all of the effeots of a sohema the 
same, then any effeot oan be singled out during 
the planning prooess to be used as the main goal. 
Th~re is, however, a strong argument against this 
pOSition. the possible desired effeots of a 
sohema do not exist only within the schema itself. 
They are used to organize and select among sohe­
mata in both understanding and planning applica­
tions. Many effects (like feeling more tired 
after a date than before) will not be used in the 
normal planning or understanding process. If they 
are treated the same as legitimate main goals the 
system will be swamped in a oombinatorial quagmire 
of undifferentiated possibilities, most of whioh 
are wildly implausible. For example, we do not 
want our understanding process to prediot that 
John will take a nap when it it is told that John 
dated Mary. Given the input "John took a nap" the 
system ought to be able to justify it. However, 
it ought not aotively prediot it. Given the mul­
tiplioity of individual aotions making up the DAtE 
schema (each with its own set of effeots) the vast 
majority of the effects from this schema (and any 
other sohema) are simply irrelevant to overall 
planning and understanding prooesses. Instead, we 
would like our system to single out the plausible 
volitional effeots of its sohemata and use only 
those for sohema organization and seleotion. 
Thus, in our example, Fred has construoted, via 
secondary effect elevation, a new use of the DATE 
sohema. 

3.3. ~ alteratign 

Sohema alteration involves modifying a nearly 
oorrect schema so tbat it fits the requirements of 
a new situation. The alteration process is 
guided by the system's world model. Tbis is 
illustrated by the following brief anecdote: 

I had occasion to replace temporarily a 
broken window in my baok door with a ply­
wood panel. The plywood sheet from which 
the panel was to be cut had a "good" side 
and a "bad" side (as does most raw 
lumhar). The good side was reasonably 
smooth wbile the bad side had several ruts 
and knot holes. I automatically. examined 
both sides of the sheet (presumably as 
part of my SAWING or CUTTING-A-BOARO-To­
FIT scbema) and selected the good side to 
faoe into the house with the bad side to 
be exposed to the elements. After I had 
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out the panel and fitted it in place I no­
ticed that several splinters had been torn 
out leaving ruts in the "good" side. I 
immediately saw the problem. Hand saws 
only cut in one direction. With hand 
saws, the downward motion does the outting 
while the upward motion only repositions 
the outting blade for another downward mo­
tion. I had out the wood panel with the 
"good" side facing down. The downward 
cutting action has a tendency to tear 
splinters of wood out of the lower surface 
of the board. Sinoe the good side was the 
lower surface, it suffered the loss of 
splinters. If I had to perform the same 
action again, I would not make the same 
mistake. I would cut the board with the 
good side facing up. However, what I 
learned was not just a simple specialized 
patch to handle this particular instance 
of splintering. Since I knew the cause of 
the splintering, I knew that it would not 
always be a problem: it is only a problem 
when 1) the lumber is prone to splinter­
ing, 2) there is a "good" side of the 
board that is to be preserved, and 3) one 
is making a crossout (across the wood's 
grain) rather than a rip cut (along the 
grain). Moreover, the solution is not al­
ways to pOSition the wood with the good 
side up. My eleotric saber saw (also a 
reoiprocating saw) cuts during the upward 
blade motion rather than the downward mo­
tion. Clearly, the solution when using 
the saber saw is the opposite: to position 
the board with the good side down. Now, 
these are not hard and fast rules: with a 
suffioiently poor quality sheet of plywood 
splintering would likely always be a prob­
lem. Rather, these are useful heuristics 
that lead to a refinement of the SAWING 
sohema. 

Note that this refinement to the SAWING sohema is 
far more general than required to handle the 
particular problem that gave rise to it. The 
refinement contains contingencies relevant to the 
use of saber saws even though no saber saw was 
used in the immediate problem. This is possible 
beoause the refinement is driven by world model, 
not just the problem. the SAWING schema was 
altered by identifying and eliminating the offend­
ing cause in the underlying knowledge-based expla­
nation of the phenomena. 

3._. VOlitioQAlizatign 

This situation involves transforming a sohema 
for whioh there is no planner (like VEHICLE­
ACCIDENT, ROULETTE, etc.) into a schema whioh can 
be used by a planner to attain a speoific goal. 
Consider the following story: 

Herman, who was married to Joy for 15 
years had fallen in love with his secre­
tary, Heather. When Joy refused to di­
vorce him, Herman cut a hYdraulic brake 
hose in Joy's car. The next time she 
drove down the winding road to town she 
lost control of ber car and struck a tree. 
The car burst into flames. 
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This story describes a vebicle accident. 
However, unlike most vehicle accidenta, this one 
has an active agent. The VEHICLE-ACCIDENT scbema 
is normally non-volitiQnal. That is, it dictates 
what to expect in a vehicle accident situation, 
but it does not allo~ planned invocation. This 
schema cannot be involved in problem-solving plan­
ning. 

The story illustrates that an event which was 
previously only attributable to accidental causes 
can, in fact, be controlled. Thus, a volitional 
counterpart can be con~tructed for the previously 
non-volitional schema. This new volitional schema 
has certain effects that can be labeled as its 
main goals, new constraints on the actors and 
objects, etc. It is, in fact, a new schema in its 
own right. Furthermore, using the underlying 
explanation of the story to drive the generaliza­
tion process, the schema can encompass situations 
significantly different from the one described in 
the story. For example, it sbould handle a story 
about a student weakening the steering rod of a 
professor's car after receiving a failing grade. 

IV. AN EXAMPLE 

Here, we give an example of the first-pass 
implementation of the system. It illustrates a 
new schema acquired by volitioDalization. The 
system does not bave a natural language front end. 
The inputs are given in conceptual form. These 
are denoted by lines starting with nprocessing--­
.•• n There are just four inputs. English versions 
of the inputs are given below. For readability, 
this output is a slightly altered form of the 
program's output. The system generates many more 
GENSYMed atoms and refers to them by their GENSYM 
names. Tbe GENSYMs have been replaced with 
mnemonic symbols. 

ENGLISHIFIED INPUT: 
1) CLAUDIUS OWNED AN ISLAND ESTATE. 
2) AGRIPPINA FED CLAUDIUS POISONED MUSHROOMS. 
3) CLAUDIUS DIED. 
4) AGRIPPINA INHERITED THE ISLAND ESTATE. 

The first input 

Processing---( .POSS (ACTOR -CLAUDIUS-) 


(OBJECT (-ESTATE-» 


New Schema---S00001 (.POSS (ACTOR -CLAUDIUS-) 
(OBJECT -ESTATE-» 

Setting bindings and links 
New Schema---SOOOO (.DESIRE-FOR-KATERIAL-THINGS

(ACTOR -CLAUDIUS.) (OBJECT ·ESTATE-» 
Setting ~indings and links 

The second input 

Processing---(.FEED (ACTOR -AGRIPPINA-) 


(OBJECT .POISON. TYPE -MUSHRooM-» 


New SOOema---SO0003 (.FEED (ACTOR ·AGRIPPINA­
(OBJECT .POISON.) (TO .CLAUDIUS-» 

Setting bindings and links 
New Schema---SO0005 (.EAT (ACTOR ·CLAUDIUS-) 

(OBJECT .POISON-) 
Activated by 500003 
Setting bindings and links 

.EATing poison brings in tbe poison schema. We 
call it NAIVE POISON to remind ourselves that 
it is an incomplete schema containing little 
more tban what is needed for this story. 

New Schema---SO0006 (.NAIVE-POISON (ACTOR 

-AGRIPPINA-) (INSTRUMENT -MUSHROOM-) 

(OBJECT -CLAUDIUS-)


Activated by 500003 

Setting bindings and links 


New Schema---SO0007 (.HOVE (ACTOR -AGRIPPINA-) 
(OBJECT -MUSHROOM-) (FROM (OUTSIDE -CLAUDIUS-) 
(TO (INSIDE -CLAUDIUS-») 

Activated by 500006 

Setting bindings and links 


New Schema---SO0008 (.BODILY-HARM (OBJECT 
. -CLAUDIUS-» 


Activated by SO0006 

Setting bindings and links 


New SOOema---SO0009 (.HEALTH (CREATURE 
-CLAUDIUS-) (STATE (-VAR- S1») 


Activated by SO0008 

Setting bindings and links 


New Schema---SO0010 (.INGEST (ACTOR -AGRIPPINA-) 
(OBJECT -POISON-) (TO -CLAUDIUS-» 


Activated by SOOo06 

Setting bindings and links 


This .DEATH is predicted by the pOisoning 
New SOOema---500011 (.DEATH (OBJECT -CLAUDIUS-» 
Activated by SO0006 
Setting bindings and links 

Old SOOema---SO0009 (.HEALTH (CREATURE 
-CLAUDIUS-) (STATE -ALIVE-» 


Activated by SO0011 

Setting bindings and links 


New Schema---SO0012 (.HEALTH (CREATURE 
-CLAUDIUS-) (STATE -DEAD-» 


Activated by SO0011 

Setting bindings and links 


Alternatively, Claudius might only beoome ill. 
This is also predicted. 

New Schema---SO0013 (.NAUSEA (ACTOR ·CLAUDIUS·» 
Activated by SO0006 
Setting bindings and links 

If Claudius dies, Agrippina might have planned his 
deatb. 

New SOOema---SO0014 (.NAIVE-REHEDITATED-MURDER 
(ACTOR .AGRIPPINA-) (OBJECT ·CLAUDIUS-» 


Activated by SO0006 

Setting bindings and links 


Old Schema---SD0011 (.DEATH (OBJECT -CLAUDIUS·» 
Activated by SO0014 
Setting bindings and links 

Old Schema---S00006 (.NAIVE-POISON (ACTOR 
-AGRIPPINA-) (INSTRUMENT -MUSHROOM.) (OBJECT 
-CLAUDIUS·) ) 

Activated by SO001' 

Setting bindings and links 
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New Conjunotion Node--SO0015 (AND (.$DEATH 
(ACTOR -CLAUDIUSI» (NOT (.$PUNISH (OBJECT 
IAGRIPPINAI»» 

OldSohema---SOOOll (.$DEATH (OBJECT ICLAUDIUSI» 

The third input 
Prooessing---(.$DEATH (OBJECT ICLAUDIUSI» 
Old Sohema---S00011 (.$DEATH (OBJECT ICLAUDIUSI» 

This matohes the dying prediotion. Thus, very 
little prooesSing must be done. 

The fourth input 
Prooessing---C.$NAIVE-INDIVIDUAL-INHERIT

(HEIR IAGRIPPINAI) (BEQUESTS IESTATEI» 

New SOhema-.-SO0018 (.$NAIVE-INDIVIDUAL-INHERIT 
(HEIR IAGRIPPINAI) (BEQUESTS IESTATE'» 

Setting bindings and links 

Old Sohema---SOOOOl (.$POSS (ACTOR ICLAUDIUSI)
(OBJECT IESTATEI» 


Aotivated by SO0018 

Setting bindings and links 


Old Sohema---SOOOll (.$DEATH (OBJECT ICLAUDIUSI» 
Aotivated by SO0018 
Setting bindings and links 

New Sohema---SO0021 (.$HEALTH (CREATURE 
IAGRIPPINAI) (STATE IALIVEI» 


Aotivated by SO0018 

Settina bindings and links 


Old Sohema---S00012 (.$HEALTH (CREATURE 
ICLAUDIUSI) (STATE IDEAD'» 


Aotivated by SO0018 

Setting bindings and links 


New Sohema---S00022 (.$TRANSFER-OF-POSSESSION 
(FROH ICLAUDIUSI) (TO IAGRIPPINAI) (OBJECT
IESTATEI» 

Aotivated by SO0018 

Setting bindings and links 


Old Sohema---SOOOOl (.$POSS (ACTOR ICLAUDIUSI) 
(OBJECT 'ESTATEI» 


Aotivated by SO0022 

Setting bindings and links 


New Sohema---SO0025 "POSS (ACTOR IAGRIPPINAI) 
(OBJECT IESTATEI» 


Aotivated by SO0022 

Setting bindings and links 


Finally, the system has a motivation for tbe 
murder. 

New Sohema---SO0026 (.$MATERIAL-DESIRE (ACTOR
'AGRIPPINA') (OBJECT IESTATEI» 


Aotivated by SO0025 

Setting bindings and links 


VOLITIONALIZATION TRIGGERED 

NEW SCHEMA V00035: 

(FORM SCHEMA 

(VARS (BENEFACTOR (IVARI V00031) 


PRIOR-HEIRS (IVARI V00033) 
BEQUESTS (IVARI V00029) 
HEIR (IVARI V00030) 

ACTOR ('VARI V00030) 
OBJECT (IVAR' V00031» 


(POINT-OF-VIEW (IVARI V00030» 

(GOAL V00032) 

(ACTIVATE 


(V00032 (.$POSS (ACTOR ('VARI V00030» 
(OBJECT ('VARI V00029») 

V00033 
(.$NAIVE-INDIVIDUAL-INHERIT

(BENEFACTOR (IVARI V00031» 
PRIOR-HEIRS (IVARI V00033) 
BEQUESTS (IVARI V00029) 
HEIR (IVAR' V00030» 

V00034 
(.$NAIVE-PREMEDITATED-HURDER ACTOR 

(IVARI V00030) 
OBJECT (IVARI V00031» 

(COMPLEX (V00033 V00034»») 

V. CONCLUSION 

Tbe example sbows a new sobema aoquired by 
tbe system. The form of tbis schema is identioal 
to those pre-programmed into the system. The only 
differenoe is in tbe mnemonio naming of variables. 
There are several problems with this 
implementation whiob are the subjeot of ourrent 
research. First, tbere is an inadequate treatment 
of time. Tbe system assumes (whenever it cares) 
that tbe inputs are presented in the same order as 
tbe events they report. The system performs 
(through scbema expansion) a aood deal of causal 
analysis. Tbis also implies some temporal order­
ings. However, by and large, difficult time prob­
lema do not surfaoe for tbis simple story. A 
second problem is with variable constraints. This 
implementation does very little reasoning about 
objects. Most of its generalization is performed 
on conatituent events rather than the objects par­
ticipating in those events. Tbese generalizations 
(sucb as generalizing POISON to HURDER) seemed 
less obvious and therefore more interesting. 
Furtbermore, there has been previous work on gen­
eralizing objects [Fikes; 1972]. Finally, there 
18 a good deal of worle to be done on goal manipu­
lation of story cbaracters and on schema represen­
tation. Tbe representations used bere are ad boc 
and cannot easily handle the next task we have 
cbosen (a sequence of kidnapping stories). 

Unlike more oorrelational approaches [Michal­
ski, 1977; Fox & Reddy, 1977; Langley, 1981], tbe 
procedure is capable of oonstruoting a scbema from 
one input example. Nor is tbe procedure "failure­
driven" [Iolodner, 1980; Lebowitz, 1980; Schank, 
1982]. Nor is it primarily analogical [Winston, 
1980; Carbonell, 1982]. Tbe LEX system [Mitchell, 
Utaoff & Banerji, 19831 is also a significantly 
different approach. In that system concepts are 
acquired tbat are judged to be useful througb 
search and experimentation not tbroU8b an analysis 
of wby an operator was useful. In explanatory 
sohema acqUisition concepts are formed entirely on 
tbe besis of this kind of analysis. Tbe 
knowledge-based concept approach owes much to 
Soloway [1977] and Lenat [1976]. 
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ABSTRACT 
Automatic concept learning from large amounts of 
complex input. data is an interesting and difficult 
process. In this paper we discuss how the use of a 
permanent, generalization-based, memory can serve as 
an important tool in developing programs that learn in 
rich lI!put domains. Its use allows programs to 
de term me what concepts to learn, as weJl as definitions 
of the ~on~epts. We present in this paper a 
characterIzation of our research, and then describe our 
usc of Generalization-Based Memory in two j>rograms 
und!.'r development at Columbia, UNIMEM and 
RESEARCHER, and describe how tbey perform concept 
evaluation and generalizat.ion of complex structural 
descriptions, problems typical of those we are concerned 
with. 

Key Term.9: Learning, automatic concept formation. 
generalization, Generalization-Based Memory, intelligent 
in!ormation systems, artificial intelligence, cognitive
SCINlI'e. 

1 INTRODUCTION 
Automatic concept learning in the form of 
generalization has been shown to be useful in 
interpreting and organizing large amounts of 
information about a domain ILebowitz 80; Schank 82' 
Lebo,":it.:i: 83al, as well as being an interesting task in i~ 
own right. Recently, we have been concerned with the 
development of new methods of concept formation that 
make use of permanent memory and include the 
determination of what concepts to learn, as well as the 
definitions of the concepts. In particular, we have 
concentrated on the J>roblems of concept formation from 
a stream of inI>ut that is complex 1D anr of several 
different ways. In this paper, we will detai the class of 
problems we are addressing, present the basic learning 
t(>chnique that we use, known as Generalization-Based 
Memory (GBM), and indicate solutions to some of tbe 
specific problems that are involved. 

Much of the concept learning researcb that has been 
dnne in Art.ificial Intelligence has consisted of eith .. r 
supplying programs with examples, and possibly 
counter-examples, of specified concepts and baving these 

IThis research was supported in part by the Defense 
...\dvanced Rcsearch Projects Agency under contract 
Noooafl-82-C-0427. Comments by Kathy Me-Keown on 
an earlier draft of this paper were most lielpful. 

prol!;rams cll'termine definitions of those COD('cpts 
t [Winston i2: Mit.chell i8], for examr,le) or of uSing 

. largely analytic terhniques to classify in~ut (e.g., 
[Michalski 80; Langley 81j). In "real-world' settmgs, 

the rrucial concept.s to be learned -- those that best help 
explain and organize information about a domain -- are 
not pre-supplied; rather, it is nect'Ssary to determine 
these concepts from a stream of very complex input 
data. Consequently, our research concentrates not just 
on how to compare examples, but also on methods for 
det!.'rmining what examples to compare, which largely 
determines what concepts to create. 

To take examples from various programs we have 
worked on, we will look here at how intelligent systems 
('ould extract from complex input streams 
generalizations such as: "States that have high school 
expenditures have high per capita incomes" ~from 
information about the states of the United States; "A 
large dass of disk drives use flexible (flopp,,;) iscs" 
(from patent abstracts about disk drives); or ' Terrorist 
attacks in Northern Ireland are frequently carried out 
by the IRA" (from news storit'S about terrorism), to the 
same extent tbat people do. 

We describe here a powerful memory organization and 
concept learning technique, Generalization-Based 
Memory. G~M was developed for tbe computer program 
IPP ILebowltz 80; LebOWitz 83al, based on intuitions 
about how complex human episodes might be stored in 
memory in a manuer analogous to Schank's MOPs. 
[Srhank 82; Kolodner 80]. We will discuss tbe 

advantages gained by using the same tecbnique in a 
more traditional concept learning environment or for 
intelligence information systems that involve complex 
streams of iUl?ut. Our presentation of the problems of 
conrept learnmg from complex input is be aone in the 
context of two intelligent information systems being 
developed at. Columbia, UNIMEM and RESEARCHER 
both of which use GBM. ' 

UNIr..tE~ is a program that can accept a large quantity 
of relatively unstructured facts about a domain use 
generalization techniques to determine impo'rtant 
concepts, and use these concepts to organize the 
information in a fashion that allows further 
generalization and intelligent question answering. For 
exa.mple, if information about the states in tbe U.S. was 
given to such a program (a domain used in prototrpe
testing), the program mip;bt determine tbat New 
England states, or states With large education budgets 
were useful concepts. UNIMEM is being used to study 
problems that can arise when the individual items used 
r?r I('arning are not h.ig~ly structured, each consisting 
Simply of a set of dt'ScrlptJve features . 
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Th(' problems in forming concepts from· complex i'nput 
data involved in ollr research with UNIME~1 include; 
the impact of d~rr:'ain-depen.de!lt kn<;>wledge ?D concept 
learning; catego~lZlng llI~mefiC Input InformatlO~ so that 
gl'neralizatioll IS possible; concept. evaluation and 
refinement from further examples; USIng concepts that 
very slightly contradict new input items; dealing with 
con"cepts that change over time; and question answering 
based on Generalization-Based Memory. In this paper 
we present the basic techniques for using GBM and for 
evaluating concepts in the context of UNlMEM. 

RESEARCHER [Lebowitz 83b]. in contrast with 
U~I!\1EM. deals with highly structured, physical 
descriptions of devices. RESEARCHER reads patent 
abstracts in natural language form, and then remembers 
and generalizes information f~om these te~ts. 
Underst.anding patents tends to requ!re complex phYSical 
descriptions of objects. In. thiS. paper,. we use 
RESEARCHER as a context In which to diSCUSS the 
problems of comparing complex, highly structured 
representations. 

Figure 1 shows some tYl,>ical concepts generalized by 
each of the GeneralizatIon-Based Memory programs 
mentioned here. The IPP and UNUvlEM generalizations 
were actually made by the programs (although the 
English was generated by hand), and the 
RESEARCHER examples show what we are aiming for. 

IPP Concep.ts: 
Bombings in EI Salvador cause damage, but do 
not often hurt anyone. 

Urban terrorists in Italy frequently use 
silencer equipped pistols. 

UNIMEM Concepts:

State class -- High urban percentage, low minority

per('cntage, moderate in low taxes 
manufacturing impor NJ, TX, ~fI, FLA, OHI 

State class -- High value.of farm,land, fairly hjgh 
popUlation manufacturIM,.agrtcultureJ.~ourism
Important iNC, ARK, TENN, MINN, wISC, VA, MOl 

RESEARCHER Concepts:
Floppy disk drive 

Double density disk drive 

Fully enclosed disk drive 

Figure 1: GBM Concept Examples 

In the remainder of this paper, we describe how our 
research relates to other work in concept formation, and 
present an overview of our concept learn!ng. methods, 
concentrating on our use of GenerahzatIon-Based 
Memory. Finally, we describe the way we handle 
concept evaluation and generalization of complex 
structural descriptions, problems typical of those we are 
concerned with. 

2 COMPLEX INPUT DOMAINS 
The intelligent information ~ystem~ we are deveJop,ing 
basieally engage in what [Michalski 831 calls mu/hple 
concept learning from observation (~escriptive 
generalization), in that these programs are given large 
number of examples, with no pre-specification of the 
concepts to generalize, and they acqUire sets of concepts 
by deciding what instances to compare and how such 
examples are similar. The concepts derived ar~ often 
overlapping, in that many concepts can deSCrIbe the 
same example. 

The tasks of our progra'!ls..also involve asJ>~cts of 
Michalski's concept acqulslfton. In additIon to 
determining the properties of instances in the classes 
that they create they fit objects to those cllL:-<iSes. There 
are I'lements in our programs of both observmg patterns 
in data and developing discriminant descriptions of the 
classes thereby derived. 

Our research is characterized by several other 
properties, all somewhat novel for working systems, b~t, 
we fe('l, crucial to the development of usef,!l, dynaml~, 
informat,ion systems. We look at learnmg that IS 
illrreme1ltal. It is not possible in systems that are 
continually receiving input to wait Co~ all examples to ~e 
available for inspection before creatl?g concepts. We 
require that after every example IS processed, our 
systems hav~ made the best possible generalizations 
based on the input that has been processed so far. 

We expect that our systems will ultimately. deal with 
large numbers of examples. It is the a~Illty to deal 
with many examples and many concepts slmulta':leollsly 
that gives human learning the power ,!,e would h~e our 
systems to have. No method that reqUlre~ comparts0!l of 
a new instance with all, or a large portlO~ of, prevIous 
examples will be acceptable, for computatIOnal reasons. 
Even eomparison with generalized conce~ts mu~t. be 
done in a principled .way. Weare, m. ad.d~t1oni 
sometimes concerned With cases where the Indlvldu!1 
items to be generalized are themselves complex, as III 
RESEARCHER. 

The final parameter that characterizes all our work is 
that we are dealing with "pf'!Jgmatic" generalizatio,:,s. 
That is we are concerned With concepts that describe 
what is' usually, but not necessarily alway~, tr~e. This 
means, crucially, that meth.ods th!lt mvahdate a 
generalized concepts on the basIS of a smgle example are 
not acceptable. In the same vein. we do not require 
that every concept that could legitimately ~e 
genl'ralized be found. The class of p.rll;g.mat.,c 
generalizations provides more power and flexibility. In 
reprl'Scnting what it is possible to learn about a nch 
domain. 

We feel that methods Cor dealing with the type of input 

. describ('d here will be necessary in developing systems 

that take full advantage of the large quantities of 

complex inCormation we are now able to provide them. 

3GBM 
In this section, we provide an overview of th~ te~h!liques 
used to form concepts as part of mamtammg a 

http:value.of
http:Concep.ts
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Generalization-Based Memory. For clarity, we describe 
the way the process works in UNIMEM, but the main 
teehniques arc identical in IP:f> and RESEARCHER. 

The basic idea of Generalization-Based Memory is that 
a generalization be~ins to create a hierarchy of concepts 
that describe a SItuation Crom a small number of 
examples, and then records in memory specific items, 
both those that the concepts are generalized Crom and 
further examples, in terms of the generalized concepts. 
More specific generalizations are recorded along with 
speciFic examples under the more general cases. GBM 
involves identifying and defining mUltiple concepts, as 
opposed to maintaining a single model of a concept. 

In ord!:'r to standardize our terminology, we refer to the 
objects stored in memory, i.e. the input examples, which 
are uSf'd to build generalizations, as instances. In 
Ul'iI~mM theSe are descriptions of objects in a domain. 
An illstanee is described in UNIMEM terms of a set of 
features (essentially property/value pairs). As we will 
see. RESEARCHER uses more complex descriptions of 
in;;t:mces. The combinations of generalizations, 
themselves sets of features, and the events and su":! 
~f'nemlizations they organize are called GEN-NODEs. 
t;EN·NODEs form the basis of GBM. The structure of a 
typical GEN-NODE is shown in Figure 2. 

GEN-NODE 
deseriptlve features 

sub-GEN instanee 
D-NET D-NET 

lJs~anees under 
this GEN-NODEI! ! 

Morel ~jeejne
GEN-NODEs 

Figure 2: Schematic GEN-NODE 

Gf'neralization·Based MemorJ' consists basically of one 
or more hierarchies of GEN· NODES that describe 
coneepts of increasinILspecifici!y. As shown in Figure 2, 
instances and sub-GEN-NODEs are stored under each 
GEN· NODE using discrimination networks (D-NETs) 
[Charniak, et 301. 801. (Note that a GEN-NODE can 

organize both instances and more specific GEN· 
NODEs.) D-NETs provide an eCfident waf to retrieve 
any object stored with a given set of indICes. In the 
GB~I model. every feature of an instance or sub·GEN­
NODE is initially used as an index, resulting in shallow, 
bushy D·NETs that allow retrieval of an object given 
anyone of its features. The resulting plethora of indices 
is pruned by ceasing to use as indIces Ceatures that 
pertain to a large number of objects in a given D·NET. 

The use of a hiera.rchy of GEN·NODEs with D·NETs as 
a method of memory organization allows etficient 

2GEN.NODEs were called S·MOPs in IPP, as tbel 
are, in some sense, ~ecialized versions of Schank s 
Memory Organization Packets [Schank 821. 

storage of information, since information in a. 
r;eneralization does not have to be repeated for each 
mstance that it describes. In addition, it allows relevant 
generalizations and instances •• and only relevant 
generalizations and instances .- to be efficiently found in 
memory during processing, allowing further 
~eneralizations. This property of GBM is largely 
tndependent of the specific knowledge representa.tion 
being used. 

The process of maintaining GBM, which is the learning 
process we are considering here, is a relatively simple 
one, once the memory organization method has been 
defined. As each new instance is processed, the most 
specific GEN-NODE that describes it is found. This is 
done easily and efficiently, using the discrimination nets 
that index the GEN· NODEs, starting with a very 
general node that covers the whole range of instances in 
the domain. Then, before the instance is actually 
indexed under that GEN·NODE, a check is made for 
instances already stored there that have additional 
features in common with the new instance, which can be 
found using the instance D·NET. If there are enough 
such features (one of many adjustable parameters of the 
system). a new concept IS generalized, and the 
contributing instances indexed there. Otherwise, the 
new instancj is simply stored under the existing 
GEN· NODE. 

Two further important features characterize GBM. 
Sinc(' concepts are generalized on the basis of few 
instances, they must be evaluated to eliminate over­
generalization (including the elimination of whole 
concepts). This is discussed in Section 4. The second 
feature IS the use of an idea known as predictability. 
While sp'ace does not permit a discussion of 
predict.abllity here (see [Lebowitz 83aJ), the basic idea is 
that only the presence of some features of a concept in 
an instance indicate the relevance of the concept, and 
that these features can be identified quite easily using 
GBM. 

To kummarize GBM satisfies handles the domain 
chartcteristics described in Section 2 as Collows: 

1) GBM is inherently incremental. As each instance is 
added to GBM, the best possible concepts that can be 
generalized so far are made. 

2) GBM is ideal for handling large numbers of 
exam(Jles. The use of a hierarchy of concepts that 
organtze specific instances allows only instances that 
might. lead to generalizations to be compared to each 
other. Relevant concept.s are easily found. It is also an 
efficient way to store the concepts. 

3) All conce,Pts generalized in GBM are "pragmatic".
No concept IS removed by a single counter-example, but 

3.rhe process is actually a bit more complex, as a 
given instance can be stored in multiple spots in 
memory for two different reasons. An Instance can 
either be classified initially in several different ways,
each of which would indicate a 'place to store it, or 
scvl.'ral different "most. specific" GEN·NODEs might be 
found each of which would lead to the processing

bdescri ed in the text. 
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iU!«l'ad. the pweess described in the next section is used 
to evaluate all (·oncepts. The generalization process is 
also pragmatic because it can sometimes miss concepts 
that could be round by comparing instances that were 
stored in widely diCCerent parts oC GBM, but this seems 
a reasonable trade-oCC to avoid combinatoric numbers oC 
comparisons. 

4 CONCEPT EVALUATION 
As mentioned in the previous section, the concept 
learning process we have described inherently leads to 
over-generalization, particularly in a domain where 
there is a large amount of inCormation about each 
in:;lance. Thus, we require each concept learned to be 
evaluated over time. For each generahzation made by 
Ul'\IMEM, an evaluation process continually looks Cor 
lat~r instances Cor which the generalization might be 
rdcv<\nt.. This occurs as a normal part oC the memory 
update process, since t.he j!;eneralizatlons to be evaluated 
are exactly those that might be used to store the new 
inst.ances. UNIMEM checks whether a relevant 
generalization is confirmed or contradicted by each new 
instance. 

A new instance Cound by UNIMEM is considered to 
contradict an applicable concept if it possesses a 
predictable feature indicating that the concept is 
relevant, but also another Ceature with the same 
property as the concept (such as the region oC a state), 
but with a difterent value (Midwest instead of East, 
PNhaps). When this condition occurs, confidence in the 
concept is undermined, 

Early versions of confidence for generalizations in GBM 
simply involved adding or subtracting _points from a 
numeric confidence level for each GEN·NODE, resulting 
in a property much like the confidence in conclusions 
discussed in [Collins 781, or the confidence in rule 
application used in some expert systems. In a domain 
rich in inCormation this technique will not do, as there 
will almost always be extraneous information in each 
generalized concept, as the result of inevitable 
coincidences, that will cause confidence in the concept 
to be undermined. 

What we would like to do when a generalization is 
disconfirmed is to throwaway the "bad" (overly 
specific) parts and keep the "good" parts. The problem 
then reduces to identifying the components of a 
generalization that are overly specific, so that they can 
be deleted, leaving intact a valid generalization. 
Furthermore, for this to be useful, it must be done at a 
minimum of cost, hopefully occurring as a natural part 
oC the memory update process, and requiring only a 
slUall amount oC extra record-keeping. 

The solution devised Cor UNlMEM is straightforward. 
Instead oC hepin~ a single confidence level as part of 
each GEN· NODE, UNIMEM tracks how often each 
feature of a concept is confirmed or contradicted. In 
effect, a eonCidcnce level is maintained for each feature 
oC each concept, rather than a single value for an entire 
coneept. 

Spt'cifically a ('oullt.er is ma.intained for ea.ch Ceature of 
each gl'llcralizat.ion and these counters are incremented 

or d~cremented as their reatures are confirmed or 
contradicted, respectively, in a situation where a 
coneept is deemed relevant. The counter modiCication 
occurs as UNIMEM determines which GEN·NODEs best 
describe a new instance, as described in Section 3. Ir a 
counter passes a negative threshold, then we can 
eliminate the feature from the generalization, since the 
Ceature has been wrong much more often than right. 
We sometimes have to eliminate entire genera.lizatlOns 
when too many of their features have been eliminated. 
D(>tails of this process, and an example ot its application 
in the domain of football plays, can be found in 
[Lebowitz 82]. 

When this scheme was added to UNIMEM, it proved 
quite effective in culling extraneous reatures from 
generalizations, and only totally disconfirminl!; those 
concepts that were completely the result oC coincidence. 
We show here a simple example from the states domain, 
in which we provided UNIMEM with a number of facts 
about each state in the United States. 

Figure 3 illustrates a concept (GNDI) generalized by 
UNI\{EM. In it, the third column of each Ceature jthe 
value) indicates a category derived Crom numeric data 
by a method described III [Lebowitz 83c]. For example, 
the first feature oC the generalization is that per capita 
income in the relevant states is in the third oC Cour 
categories, i.e., rather high. Roughly, the concept 
genNalized here describes states with moderately high 
per capita income, rather low taxes, high school 
expenditure, and Cairly low minority population (the last 
is actually a broad category that covers most states). 
This concept can be used to describe the seven states 
listed. 

G1D1: 
IICOKE BAIGE IIC3:4 
TAXES BAIGE TAX2:5 
SCHOOL-ElP BAiGE SCH3:3 
VI.OBITY-PCT BAIGE Vl11:2 
Orlalliztnl: IOWA, IAISAS, VICHIGAI. VOITAlA,

IEBBASIl. PElISYLVAIIA. TEXAS 

Figure 3: Final UNIMEM Generalization 

Figure 4 shows how this concept was initially 
generalized from Iowa and Nebraska (the states were 
presented to UNIMEM in a random orderl. Notice that 
these states are similar in a number of additional ways, 
e.g. they are both farm states, so UNIMEM initially 
generalized an over-general, and not widely applicable, 
coneept. These extraneous features were ultimately 
removed by the evaluation process described in this 
section, leaving a much more useful concept. 

G1D1: 
CBIVE-RATE KAIGE CBI3:5 
STATE-DEBT RAJGE DEB2:7 
IICOVE KAIGE I1C3:4 
TAXES BAIGE TAX2:5 
VIGRATIOI-IET BAIGE VIG1:9 
SCHOOL-ElP BAiGE SCH3:3 
STATE REGIOI FARV 
IIIOBITT KAIGE 11111:2 
Orlanizinl - IOWA IEBBASKA 

Figure 4: Initial Generalization 

Finally, in Figure 5 we show how UNIMEM was able to 
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g<'lH'ralize more specific concepts when an attempt was 
made to store additional instances under the GEN­
NODE GNDt. (Note that this means that the seven 
states shown in Figure 3 were not all stored under 
GNDI at any single time.) For example, Kansas and 
Nebraska are farm states with low migration rates. 
This typifies the process in GBM that rarely allows large 
numbers of instances to end up stored under a given 
GEN-NODE - further generalization inevitably creates 
new concepts which are added to the concept hierarchy 
in GBM and used to help organize instances. 

G1D15: 
STATE SIZE SIZ3:6 
KIGRATIOI-IET RAIGE IIG1:9 
Organizing: lOlA, IICHIGII, PElISJLYIIII 

G/fDO;

STATE REG 101 FARJ 

KIORATIOI-IET ~AIGE KIG1:9 
Organizing: IAISAS, 1EBRASb. 

01D25: 
STATE SIZE SIZ5:6 
IIDUSTRY TYPE llIUFlCTURIIG 
Organizing: MOrrAll, TEllS 

Figure 5: Sub-generalizations or GNDI 

5 RESEARCHER 
As mentioned earlier in this paper, RESEARCHER is a 
program that reads patent abstracts and adds 
mformation from them to a Generalization-Based 
Memory so that it can effectively answer questions
[Lebowitz 83b]. In this paper, we look only at the 

process of takmg representations of two objects (or, 
equivalently, a generalized concept and a concrete 
object) and extracting a generalized concept. The 
rel?resentations we compare are frame-like and 
pnmitive-based, concentratmg on the physical relations 
among the various parts of a complex object. (See 

jWasserman and Lebowitz 82] for a complete
escription of the representation sclieme.) 

In the disc drive domain, typical concepts the 
generalization process. might identify as being useful 
would be floppy disc drives or double sided discs. As 
with a\l our work, this must be done without specifically 
providing with examples of these concepts. Instead, 
Instances stored together in Generalization-Based 
Memorf, are recognized as being similar and 
generahzed. 

The use of GBM is more complex here than in the 
UNIMEM. The "features" that two objects have in 
common Clln only be determined by comparing two 
complex object representations. The matching problem 
is much the same as that faced by Winston in hlS blocks 
world learning work IWinston 721. Our problem is in 
certa.in ways both harder and easier than Winston's. It 
is harder because we are dealing with much more 
complex representations. It is simplified, howeverJ... at 
least in the lon~ run, by the existence of an entire GtsM, 
rather than a smgle model. We believe this will simplify 
the matching process. We look here both at the 
('omplexity of matching object descriptions and at how 
GBM can simplify the process. 

The representations for two similar, sli~htly simplified 
disc drive ~atents, used to test the inttial versIon of 
RESEARCHER's generalization module are shown in 
Figure 6. 

e.closed-disc-driYel 
I I 

-- di.t-drivel- e.clo.arel------- ­
I I I I I on-tap-of \ 

.otar' I di.t. I coyer' ----------) ••pport-..aber'
.pi.dle' r/w-head' 

eaclo.ed-di.c-driYe2 
II 

-- dist-drlye2- enclo••re2-------------- ­
I I I I I oil-tap-of \ I \. 

.otar. I dilt. I coyer' --------) b&le' I \ 
Ipiadle' r/w-bead' I sarr \ 

b-filter. ---) r-filter' 

Figure 8: Similar Disc Drives 

Clearly the two disc drives in Figure 6 have much in 
common that can be the source of a new concept
derived through generalization .- an "enclosed disc 
drive", Figure 7 shows the concept created by
RESEARCHER's generalization module. 

eacloled-dilc-driye' 
I I 

-- dilt-driYe'- e.clol.re.------ ­
I I I I I ol-tap-of \ 

IOtori I di.t. I coyer' ----------) < )
spindle' r/w-bead' 

(e.cloled-dilc-driYel .ad eacloled-diIC-driYe2 
ltared &I yari.at. of eacloeed-di.c-driye') 

Figure 1: Generalized Enclosed Disc Drive 

The idea illustrated in Figure 7 is that RESEARCHER 
finds the parts of two objects that are similar, and 
abstracts them out into a generalized concept. In this 
example, the two devices contained similar disc drives 
and enclosures. Each had a cover on top of some other 
object. These similarities form the basis of a generalized 
enclosed disc drive. Only the additional parts and 
relations of each instance need be recorded in memory 
along with the generalization. 

Adapting GBM for use on complex structural 
descriptions has proven to be a difficult problem, even 
when only considering the assorted relations among the 
objects in the descriptions. Here we present one of the 
major probleUlS and suggest the nature of the possible 
solution. 

The central problem in generalizing structural 
descriptions is the process of matching two 
representations (either of two objects or an object and a 
generalized object), thereby determining what parts and 
relations correspond (as Wa..!l pointed out for simpler
examples in [Winston 721). Clearly, if we wish to 
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d(,t"rmine that the disk mounts in two drives are 
similar, they must be compared with each other. Since 
one part of the description of complex objects is a set of 
rela.tions, we must associate the relations in one object 
with those in the other. 

The matching process here is a quite difficult one. Since 
we are dealing with structured objects, the parts of very 
similar objects may be aggregated differently in various 
descriptions. For example, a read/write head might be 
des('ribed as a direct part of a disc drive in one patent, 
but part of a "read/write assembly" in another. This 
makes the inherent similarity hard to identify. 

At the moment, we deal with this "level problem" with 
simple heuristics that allow only a limited amount of 
"Ievel hopping" during the comparison process (to avoid 
the need t,o consider every possible correspondence 
among levels), and a bit of combinatoric force. 

We feel that the ultimate solution to the level problem 
lies in more extensive use of Generalization-Based 
Memory. If a new object can be identified as an instance 
of a generalized concept, with only a few minor 
differences (done with a discrimination-net-based search 
of the sort described in Section 3), then the levels of 
aggregation will be set. In effect, by using the form of 
aggregation that was generalized, we will have a 
canonical framework for describing new objects. In 
addition, by using Generalization-Based Memory, we 
Heed compare only a small number of differences 
between objects, rather than complex descriptions. This 
should allow RESEARCHER to meet all our 
performance constraints (i.e. be incremental, handle 
large numbers of objects, and generalize pragmatically), 
even using the complex representations needed to 
describe real world objects. 

6 CONCLUSION 
We believe that our work with Generalization-Based 
Memory has several important morals. The Cirst is that 
the development of a dynamic set of concepts is a 
powerful approach to take when learning from a rich 
mput domain. We can never hope to find the "right" 
set of concepts, so it is crucial that we constantly update 
the concepts that we have and look for new ones. 
Furthermore, the use of long-term memory, in the form 
of GBM, allows us to deal with many concepts at once, 
and still retain efficiency. In fact, as we have shown 
considering many concepts at once often ends up being 
easier than one at a time and certainly leads to more 
powerful systems. 
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The Chunking of Goal Hierarchies: A Generalized Model of Practice 
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Abstract 

This work describes recent advances in the specification and 
implementation of a model of practice. In previous work we 
showed that there is a ubiquitous regularity underlying human 
practice - the power law of practice. We also developed an 
abstract model of practice - the chunlcil1g Iheory of learning. 
This previous work established the feasibility of the chunking 
theory for a single task - a 1023·choice reaction·time task ­
but the implementation. was specific to that one task. In the 
current work we develop a modified formulation of the chunking 
theory that allows a more general implementation. In this 
formulation, task algorithms are expressed in terms of 
hierarchical goal structures. These algorithms are simulated 
within a goal-based production·system architecture designed for 
this purpose. Chunl<ing occurs during task performance in 
terms of the parameters and results of the goals experienced. It 
improves the performance of the system by gradually reducing 
the !leed to decompose· goals into their subgoals. This model 
has been successfully applied to the task employed in the 
previous work, and to a set of new tasks.1 

Key Terms: Practice, learning, machine learning, artificial 
intelligence, cognitive science, chunking, goal processing, 
production systems. 

1. Introduction 
How can systems - both natural and artificial - improve their 

own pllrformance? At least for natural systems (people, for 
example), we know that practice is effective. A system is 
engaged in practice when it repeatedly performs one. or a set of 
similar, tasks. Recently, Newell and Rosenbloom [1981] brought 
together the evidence that there is a ubiquitous law - the power 
law of practice - that characterizes the improvements in human 
performance during practice. The law states that when human 
performance is measured in terms of the time to perform a task. 
it improves as a power·law function of the number of times the 
task has been performed (called the Irial number). This result 
holds over the entire domain of human performance. including 
both purely perceptual tasks, such as target detection [Neisser, 
Novick, & Lazar, 1963], and purely cognitive tasks, such as 

1 This research was sponsored by \he Defense Advaneed Research Projects 
Agency (DOD). ARPA Order No. 3597. monitored by the Air Force AvioniCS 
Laboratory Under Contract F33615·78-C·1S51. The views and conclusions 
contained in this document are those 01 \he authors and should not be 
interpreted as representing· the official policies. ei\her expressed or implied, of 
the Defense Advanced ReMarch Projects Agency or \he US ~ment. 

We would like tQ thank John laird lor innumerable helpful discussions about 
this material. 

supplying justifications for geometric proofs [Neves & Anderson, 
1981] or playing a game of solitaire[Newell & Rosenbloom, 
1981]. 

The ubiquity of the power law of practice suggests that it may 
reflect something in the underlying cognitive architecture. The 
nature of the architecture is of fundamental importance for both 
Artificial Intelligence and Psychology (in fact. for all of Cognitive 
Science). It provides the control structure within which thought 
occurs; determining which computations are easy and 
inexpenSive. and what errors will be made and when. Take the 
recent flux of work on expert systems such as MYCIN [Shortlifle, 
1976] and R1 [McDermott. 1980] for example. Two important 
ingredients in such systems stem from fundamental work on the 
cognitive architecture; specifically. the development of 
production systems (Newell & Simon, 1972: Newell. 1973] and 
goal-structured problem solving [Ernst & Newell. 1969; Newell & 
Simon, 1972]. This article discusses recent efforts to take 
advantage of the power law of practice by using it as a generator 
for a production,syStem practice mechanism. This is a highly 
constrained task because of the paucity of plausible practice 
models that can produce power· law practice curves [Newell & 
Rosenbloom, 1981). 

As a beginning. Newell and Rosenbloom [1981] developed an 
abstract model of pr'lctice based on the concept of chunl«/ng ­
a concept already established to be ubiquitous in human 
performance - and derived from it a practice equation capable 
of closely mimicking a power law. We hypothesized that this 
model formed the basis for the performance improvements 
brought about by practice. In Sections 2 and 3 we briefly 
summarize this WOrk on the power law and the abstract 
rormulation of the chunking theory. 

Rosenbloom and Newell [1982; In press) took the analysis one 
step further by showing how the chun/(ing Ihpory of learning 
could be implemented within a highly parallel. activation· based 
production system - Xaps2 -for a 1023·choice reaction·time 
task [Seibel. 1963]. This work established more securely that the 
theory is a viable model of human practice. by showing how it 
could actually be applied to a task to produce power· law 
practice curves. By producing a working system, it also 
established the theory's viability as a practice mechanism for 
artificial systems. 

The principal weakness of the work done up to that point, was 
that the implementation was heavily task dependent. Both the 
representation used for describing the task, and the chunking 
mechanism itself had built into them knowledge about the 
specific task and how it should be performed. To produce a 
generalized model of practice, this flaw must be removed by 
developing generalized, task-independent models of 
performance and practice. 

The first component of the mission - generalizing the model 
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01 task perlormance - is discussed in detail in Rosenbloom 
/1983J. It is tackled by examining a set 01 tasks that fall within a 
neighborhood around the Seibel [1963] tAsk 
stimulus response compatibility tasks. The areA of compatibility 
is a subdomain 01 the set of lasks relerred to as reaction·lime 
tasks. These tasks, which are used widely in psychological 
experimentation, involve the presentation to a subject 01 a 
stimulus display - such as an array 01 lights, a string of 
characters on a computer terminal, or a spoken word - for 
which a specific "correct" response is expected. The response 
may be spoken, manual - such as pressing a button, pushing a 
lever, or typing or something quite different. From the 
subject's reaction· time - the time it takes to make the response 
- and error rate, it is possible to draw conclusions about the 
nature of his cognitive processing. 

We will not pursue the analysis of compatibility in detail here, 
except to note that models based on the concept of goal 
hierarcilies provide excellent fits to the data [Rosenbloom, 
1983]. In a goal hierarchy, the root node expresses a desire to 
do a task. At each levellurther down in the hierarchy, the goals 
at the level above are decomposed into a set 01 smaller goals to 
be achieved. Decomposition continues until the goals at some 
level can be achieved directly. This is a common control 
structure for the kinds of complex problem·solving systems 
lound in artificial intelligence, but this is the lirst time they have 
been applied to the domain 01 reaction time tasks. 

These goal structures (discussed in Section 4) provide us with 
the generalized task representation requir~ as the basis for a 
task· independent chunking mechanism. Chunking essentially 
implements a form 01 store·versus·compute trade· 011, in which 
patterns 01 parameter values are related to patterns of results. 
This practice mechanism is described in Section 5. 

The chunking and goal processing mechanisms were 
implemented as part of the architecture of the Xaps3 production 
system. The Xaps3 architecture is an evolutionary development 
Irom the Xaps2 architecture. Only those changes necessitated 
by the needs 01 chunking and goal processing were made. This 
architecture is described in Section 6. 

In Section 7 we present some of the new results generated 
from simulations of the practice and compatibility tasks within 
the new arChitecture:!, 

In Section 8 we place this work in perspective by relating the 
chunking theory to previous work on learning mechanisms. The 
theory stakes out a pOSition intermediary between three 
previously disparate mechanisms, bringing out an unexpected 
commonality among them. 

In Section 9 we propose a way in which the scope of the 
chunking theory can be expanded to more than just speeding up 
existing algorithms. We describe a way in which chunking could 
be lead to perform such other varieties of learning as method 
acquisition - the way in which a system first de'Jelops a 
performance algorithm for a task. 

Finally, in Section 10, we conclude and summarize. 

2. The Power Law of Practice 
Performance improves with practice. More precisely, the time 

to perform a task decreases as a power·law function of the 
number of times the task has been performed. This basic law ­

:2A more comprehensive presentalion and discussion 01 these resulls can be 
found in Rosenbloom (l983J 

known as the power law of prilctice or the log-log linear feaming 
law3 - has been known since Snoddy [1926). While this law was 
originally recognized in the domain 01 motor skills, it has recently 
become clear that it holds over a much wide! range 01 human 
tasks - possibly extending to the lull range of human 
perlormance. Newell and I'losenb!oom [1981] showed this lor 
perceptual·motor skills [Snoddy, 1926: Crossman, 1959], 
perception [Kolers. 1975: Neisser, Novick. & Lazar, 19(3), motor 
behavior [Card, English & Burr. 1978). elementary 
decisions [Seibel, 1963), memory [Anderson, 1980], routine 
cognitive skililMoran, 1980), and problem solving [Neves & 
Anderson, 1981; Newell 8. Rosenbloom, 1981)' 

Practice curves are generated by p!olting task performance 
against trial number. This cannot be done without assuming 
some specific measure of performance. There are many 
possibilities lor such a measure, including such things as 
quantity produced per unit time and number of errors per trial. 
The power law of practice is defined in terms of the lime to 
perform the task on a trial. It states that the time to perform the 
task (T) is a power·law function 01 the trial number (N): 

(2.1) 

If Equation (2.1) is transformed by taking the logarithm of both 
sides, it becomes clear why power· law functions plot as straight 
lines on log· log paper: 

10g(T) = log(8) + (-a) 10g(N) (2.2) 

Figure 2·1 shows the practice curve from one subject in Kolers 
[19761 study of reading inverted texts each line 01 text on the 
p·'lge was turned upside down .- as plotted on log· log paper. 
The solid line represents the power· law fit to this data. Its 
linearity is clear (r' = 0.932). 
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Figu re 2·1: Learning to read inverted text (log·log 
coordinates), Plolted from the original data for Subject 
HA [Kolers, 1975). 

Many practice curves are linear (in 10g·log coordinates) over 
much of their range, but show a flattening at their two ends. 
These deviations can be removed by u::;ing a four· parameter 
generalized power·law function. One of the two new parameters 
(A) takes into account that the asymptote of learning can be 
greater than zero. In general, there is a non·zero minimum 
bound on performance time, determined by basic physiological 

3Power.law curves plol as slreighllines on log· log paper. 
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limitations and/or del/ice limitations - iI, lor example, the 
subject must operate a machine. The other added parameter (E) 
is required because power laws are not translation inl/ariant. 
Practice occurring belore the official beginning 01 the 
experiment - el/en illt consists only 01 transler of training Irom 
everyday experience - will alter the shape of the curl/e, unless 
the effect is explicitly allowed lor by the inclusion 01 this 
parameter. Augmenting the power·law function by these two 
parameters yields the following generalized function: 

T '" A + 8 (N + E)-a 	 (2.3) 

A generalized power law plots as a straight line on 10g·log paper 
once the effects of the asymptote (A) are remol/ed from the time 
(T), and the effectil/e number of trials prior to the experiment (E) 
are added to those performed during the experiment (N): 

log (T - A) = log (8) + (- a) log (N + E) (2.4) 

Figure 2·2 shows a practice curve from a 1 023· choice 
reaction· time task (Seibel, 1963], as it is fit by a generalized 
power· law function (each data point represents the mean 
reaction time ol/er a block of 1023 trials). This is a perceptual· 
motor task in which the task enl/ironment consists of a horizontal 
stimulus array of ten lights, and a response arrfJ.y of ten buttons 
in a highly compatible one·one correspondence with the lights, 
each button right below a light. On each trial, some of the lights 
are On. and some are Off. The subject's task is to respond by 
pressing the buttons corresponding to the lights that are On. 

This curve, which shows flattening at both ends when plotted 
as a simple power law, is now linear ol/er the whole range of 
trials. As stated earlier, similar fits are found across all 
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Figure 2·2: Optimal general power law fit to the Seibel dala 
(Log·Log coordinates). 

dimensions of human performance. Though these fits are 
impressive, It must be stressed that the power law of practice Is 
only an empirical law. The true underlying law must resemble a 
power law, but it may hal/e a different analytical form. 

3. The Chunking Theory of Learning 
The chunkiny theory 01· learning proposes that practice 

improl/es performance I/ia the acquisition of knowledge about 
patterns in the task enl/ironment. Implicit in this theory is a 
model of task performance based on this pattern knowledge. 
These patterns are called chunks [Miller, 19561. The theory thus 
starts from the chunldng hypothesis: 

• 	The Clwnking Hypothesis: A human acquires and 
organizes knowledge of the enl/ironment by forming 
and storing expressions. called chunks. which are 
structured collections of the chunks existing at the 
time of learning. 

The existence of chunks implies that memory is hierarchically 
structured as a lattice (tangled hierarchy, acyclic directed graph, 
etc.), rooted in a set of preexisting primitives. A gil/en chunk can 
be accessed in a top· down fashion, by decoding a chunk of 
which it is a part. or in a bottom· up fashion. by encoding from the 
parts of the chunk. Encoding is a recognition or parsing 
process. 

The existence of chunks does not need to be justified solely 
on the basis of the practice curves. Chunks stand on their own 
as a thoroughly documented component of human 
performance [Miller, 1956; DeGroot. 1965; Bower & Winzenz, 
1969; Johnson, 1972; Chase & Simon, 1973; Chase & Ericsson, 
1981]. The traditional I/iew of chunks is that they are data 
structures representing the combination of sel/eral items. For 
example, in one set of classic experiments, Bower and 
colleagues [Bower, 1972: Bower & Springston, 1970; Bower & 
Winzenz, 1969) showed that recall of strings of numbers or 
letters is strongly influenced by the segmentation of the string. If 
the segmentation corresponds to a previously learned grouping 
of the items (for example, FBI·PHD·TWA·IBM), performance is 
better than il it is contradictory (FB·IPH·DTW·AIB·M). These 
results were interpreted as el/icence for segmentation guided 
chunking of familiar strings. By replacing a string of sel/eral 
letters wilh a single chunk, tile subject's memory load is 
reduced. allowing more letters to be remembered. At recall time 
the chunks are decoded to yield the original items to be recalled. 

The chunking theory of learning proposes two modifications 
to this classicall/iew. The first change is to assume that there is 
not a single symbol (chunk) to which the items are encoded, and 
from which they can later be decoded. As a simple example. the 
process of reading the string IBM out loud is more than just the 
encoding of the three letters into a chunk, followed by the 
subsequent decoding to the three letters. What needs to be 
decoded is not the visual representation of 18M, but the 
articulatory representation - allowing the subject to say IBM. 

Based on this consideration, the chunking theory assumes 
that there are two symbols for each chunk - a stin.ulus symbol 
and a response symbol. The process of using a chunk consists 
of encoding the stimulus items to the stimulus symbol (a many· 
one mapping), mapping the stimulus symbol to the response 
symbol (a one·one mapping). and decoding the response symbol 
to the response items (a one·many mapping) (Figure 3·1). 
Encoding and decoding are fast hierarchical processes. while 
the mapping serves as a (serial) point of control at which the 
choice 01 response can be made. Acquisition of a chunk speeds 
up performance by reducing the number of mappings to be 
performed. In the example in Figur~ 3·1, before the chunk is 
acquired, three mappings (one for each letter) are required. 
After acquisition of the chunk. one mapping suffices. 

The second difference between this proposal and the classical 
I/iew of chunking is that the chunk consists of the three 
processes (encoding, mapping, and decoding). not iust the 
symbols. This is really just a shift of emphasis, in which chunks 
are I/iewed as the processes, rather than just as the results of the 
processes. 
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"eye" "bee" "em"B M 

Figu re 3-1: A three-part chunk for the articulation of the 
visual string "IBM". 

4. Goal-Structured Performance Models 
In its current formulation, cllunking explains how performance 

on a task can be sped up with practice. It does not explain how 
the organism first learns to do the task (but see the discussion in 
Section 9). Consequently, each tasl~ simulation ml!st be 
initialized with a performance model for the task. What is 
needed - and is provided by the notion of a goal h;erarchy - is 
a general, task-independent representation lor these 
performance models. Goal hierarchies are found frequently in 
artihcial intelligence systems, but have not previously been 
employed in the modeling of the kinds of reaction· time tasks with 
which we are dealing. 

Goal hierarchies are built out of goals, where each goal is a 
data structure representing a desired state of affairs. A goal is 
not a procedure for bringing about that state; it is only a 
description of the state. In order to bring about the goal state. 
there must be a method associated with the goal. The method 

could be a rigid algorithm, or it could be one of the more flexible 
weak methods LNewell, 1969} such as means-ends 
analysis [Ernst & Newell, 1969] or heuristic search [Nilsson, 
1971}. Goals take pllfameters - information used in the 
fulfillment of the 90al- and return results. 

When a goal can be decomposed into a set of simpler 
goals [Nilsson, 1971}, and those goals can be decomposed even 
further, a goal hierarchy results. In its Simplest form, as an AND 
hierarchy, a goal is successful if all of its subgoals are 
successful. The structure to be described here, more closely 
resembles an AND lOR hierarchy, in which some goals succeed 
only if all of their subgoals succeed, and others succeed if any 
une of their subgoals succeed. A terminal goal is reached when 
the goal can be fulfilled directly. without the need for further 
decomposition. 

One strategy for processing a goal hierarchy is to attempt the 
goals in a dept/I-first fashion, in which the most recently 
generated (the deepest) goal is always selected as the next goal 
to process. With a depth· first paradigm, there is always exactly 
one goal being actively worked on at any point in time. We will 
refer to this goal as the active or current goal. When a subgoal 
becomes the active goal, the parent goal of that subgoal is 
suspended until control is returned to it by completion of the 
subgoal, at which point it again becomes the current goal. On 
cc.mpletion. the subgoal will either have succeeded or failed. 
The control stack specifies the location in the hierarchy at which 
control currently resides. It does this by maintaining the path 
from tile root goal of the hierarchy to the current goal. This path 
consists of the active goal, and. all of its suspended ancestors. 

Figure 4-1 shows two different representations ot a goal 
hierarchy for the Seibel (1963] task. At the top of the figure, the 

hierarchy is shown as a tree structure. At the bottom of the 
figure, the goals are shown in their depth·first processing order. 
In both representations, the bold· faced goals are the terminals­
those goals that can be fulfilled directly. 1he! lahel£:d arrows 
(either s or F) represent blanch pOints in the hierarchy. With 
simple depth-first processing, the children of a node are 
processed in a strict left· to· right fashion. We have augmentod 
this style of control by allowing the left·to·right processing to be 
conditioned on the success or failure 01 the previous child 
(actually of any previous goal for which this information is still 
available). For example, goal number 2 (No· light-On?) tests 
whether there are any lights on within a speCific region of the 
display of lights. Only if this goal fails, should goal 3 (Do·Lights) 
be attempted. If goal 2 succeeds. then there are no lighlS on that 
need to be processed, and the parent goal (goal 1: Do·lights·"· 
Any) can just be terminated successfully. Those goals that do 
not return a result are called predicates (denoted by a • in Figure 
4·11, and are used to test the truth of various conditions. It is 
only the success or failure of predicates that matters (as the 
basis for a branch). If the predicate succeeds, then the 
condition is true. II it failS, it could be either that the condition is 
false, or thai something went wrong during the attempt. 

The goal structure in Figure 4-1 is based on a recursive divide­
and-conquer algorithm in which the stimulus display is broken 
up into smaller and smaller horizontal segments, until 
manageable pieces are generated. There are three types of 
horizontal segments that have been defined as manageable. 
The first type of manageable segment is one in which no lights 
are on. Such segments require no explicit processing. so the 
goal just returns with success. The opposite of the first type of 
segment - one in which no lights are off -- is also manageable. 
For such a segment, the system generates a single response 

1. Do·Lighls·lf·AnyjMin·X. Max-X) 
2. No-Light-On?(Min-X, Max·X) 
Ir·'...<n No·Light-On? TIEN 


3 Do·Lights(Min·X, Max·X) 

4. No-light·OIl?(Min·X. Maw-X} 
If·Sl!CCEEDEO No-Llghl·OIl? THEN 

5. Oo·Pre8s-AIl-Butlons(Min·X, Maw.X) 
If·FAIlED No-Light·OIl? THEN 

6. Do·Off.And·On(Min·X, Maw-X) 
1. One·Ughl-On?(Mln·X, Max·X) 
IfSUO":CEOliD One·Ught-OIl? THEN 

8. Press·8utlon-Under·On·Lighl(Min·X. Max·X) 
9. Gel·On LighIX(Min·X. Max-X) 

10. Cel·0n-Light·Slimulu$(Min·X, Max·X) 
11. Gel-Stimulus·X 

12 Pross-Button-AI·" 
IF·'AILED One-Llght·On? THEN 

13. Do Lighls-lf.Any/Min-X,IMin.X + Max.X]/2) 
14. Do-LighIS-!l·Any«Mln-X + Max-X]/2, Max-X) 

Figu fe 4·1: Goal hierarchy lor the Seibel [1963] task. 

specifying that a press action must occur in the entire region 
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defined by the segment (using the Do·Press·AII·Butlons goal). 
Specifying !I single button press is actually a special case of this, 
in which the region is just large enough to contain the one 
bulton. Allowing multi·on·light segments to be manageable, 
irnplit.!s that sequences of adjacent on·lights can be pressed 
simultaneously. evtln before chunking has begun. Such 
behavior is seen very early in the trial sequence for some 
subjects. The remaining manageable segments are those that 
contain exactly one light on. These segments are processed 
(using the Press·Button·Under·On·Light goal) by finding the 
location 01 that light. and generating a button press at that 
location. II a generated segment does not meet any of these 
three criteria, it is unmanageable. and is split into two smaller 
segments. 

The recursive aspect of the algorithm implies that many 
different instances of each goal will be simultaneously 
represented in the system. though at most one can actually be 
active. In ordor to keep track of which goal instance is relevant 
to which segment of the stimulus display, the segment (in terms 
of ittl rninimum and maximum X values) is an eli'Plicil parameter 
to the goals. In addition to the explicit parameters, a goal can 
have Implicil/y defined parameters. Any object existing before 
the activation of the goal (ie., part of the goal's initial state), that 
is examined during the processing 01 the goal - such as a 
stimulus light - is an impliCit parameter of the goal. Impficit 
parnmeters are dynamically determined by the actual processing 
of the goal. 

A second implication of the recursion in this hierarchy, is that 
the system does not start off with a constant built· in goal 
hierarchy. Instead, it has a generator of goal hierarchies. That 
chunking works on such a structure, is important for any claims 
about the potential generality· of the mechanism (for more on 
this, see Section 9). 

The recursion occurs at goals 13 and 14 in Figure 4·1. They 
are repetition:; of the topmost goal in the hierarchy (Do·Lights·lf· 
Any), but the scope 01 each is limited to one half of the display 
currently being processed. The numeric computation to obtain 
the middle of the segment (involving an addition and a division), 
while on the surface too powerful a computation to appear 
where it does, is only intended as an approximation to a process 
that divides the stimulus display into two (or three) roughly equal 
parts. 

In addition to the goal hierarchy, the model assumes a working 
memory for the short-term storage of information relevant to the 
processing that is going on. For each goal. the working memory 
is logically partitioned into two components - the initial state 
and the local slate. The initial state consists of the data existing 
at the time the goal is first activated. The remainder of the 
worl"ng memory - consisting of those pieces of data created 
during the processing of the ooal- make up its local state. Only 
the local state of a goal can be modified during the processing of 
that goal; the initial state can be examined, but not modified. 
The modularity resulting from this scoping rule increases the 
likelihood that an arbitrary set of goals can be pursued without 
interfering with each other. This modularity is also important in 
ensuring correct perlormance of the chunking mechanism. 

Each datl'm in the working memory is relevant in a particular 
temporal processing conte)(t. As long as the datum's creator 
goal is in the control stack. the system is either working on that 
goal. or on onp, 01 its descendents. The datum may be relevant 
at any point in this processing. However, once the goal 
disappears lrom the control stack, it is no longer being pursued. 

The datum will most likely no longer be relevant. The processing 
context of a datum is that period of processing during which its 
creator goal is in the control stack. Once a piece of information 
becomes out of conte)(t - its creator is no longer part of the 
control stack - it usually can be safely deleted from the working 
memory. Data that cannot be deleted - because they are 
needed outside of the context in which they were created - are 
called the results of the goal. Their continued presence in the 
working memory is assured by changing their context to be the 
context of the parent goal. 

5. Chunking on Goal Hierarchies 
Given a task· independent organization for performance 

modelS. we can return to the original objective to describe a 
task· independent formulation of the chunking theory. In the 
chunking mechanism described by Rosenbloom and Newell 
[1982; In press]. chunks related patterns of stimuli (lights) to 
patterns of responses (button presses). The goal· oriented 
formulation is obtained by altering this definition slightly so that 
chunks relate patterns of goal parameters to patterns of goal 
results. Each chunk improves the performance of the system by 
eliminating the need to lully process a speCific instance (a 
combination of parameter values) of a particular goal. It 
replaces the normal processing (decompOSition into subgoals 
for non·terminal goals, and direct execution of an action for 
terminal goals) with a direct connection between the relevant 
parameter values and results. A goal can (and almost certainly 
will) have more than one possible chunk; each combination of 
parameter values requires its own chunk. It should be clear that 
chunking implements a store-versus·compute trade·off, a form of 
goal· based caching. 

As with the abstract characterization 01 the chunking theory, 
each chunk consists of three components: encoding, decoding, 
and connection (or mapping). The goal's parameter values form 
the basis lor the encoding component. Given the presence of 
those values in the working memory, the encoding component 
generates a new object representing their combination. 
Encoding is a parallel. goal. independent, data·driven process. 
Every encoding component executes as soon as appropriate, 
irrespective of whatever else is happening in the system. The 
results of encoding components can themselves become 
parameter values to other goals, leading to a hierarchical 
encoding process. 

The results of the goal form the basis for the decoding 
component. Given the presence of an encoded result-object in 
the working memory. the decoding component generates the 
actual results returned by the goal. Decoding occurs when the 
results are needed. As with encoding, the set of decoding 
components forms a hierarchical structure, in which complex 
results are decoded to simpler ones, which are then decoded 
even further. 

The connection component of the chunk generates the 
encoded result from the encoded parameter. Connections 
provide a locus of control by occurring serially. under the control 
01 the goals. Thus. a connection can be made only when the 
system is working on the goal for which the chunk was formed 
(ane aiter the encoding component has executed). This assures 
that. eVAn though encoding and decoding are uncontrolled, only 
appropriate results are generated. 

Chunks are created bottom up in the goal hierarchy. A chunk 
can be created for a goal when the following two conditions are 
met (1) the goal has just completed successfully. and (2) all of 
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the goal's subgoals were themselves proceosed by chunks. It is 
this bottom·up as~ect of chunking that leaels to hierarchical 
encoding and decoding networks. However, notice that bottom. 
up chunl<ing does not imply that all low-level chunks are learned 
bafora any high·level chunks qre learned. or even that all 01 the 
chunks must be learned for a subgoal before any can be learned 
for its parent goal. The second condition on chunk creation 
merely states that chunks must exist lor the goal's subgoals in 
the current situation. Whether other chunks exist or do not exist 
lor the subgoals is irrelevant. 

Given enough practice, all 01 the situations for all of the goals 
in the hierarchy will be chunked. and asymptotic behavior will be 
reached for the task. The amount of time this takes depends on 
the number 01 goals, the number of situations lor each goal, how 
frequently the different situations arise, and whether chunks are 
created whenever they can be. 

As a simple example of how chunking works, consider the 
simple three· goal hierarchy in Figure 5·1. This structure 
computes the average of two numbers. The top· level goal 
(Compute· Average· Of· Two· Numbers) takes as parameters the 
two numbers to be averaged, and returns a single reSUlt, which is 
their mean. The first subgoal 
(Compute·Sum·Of-Two-Numbersj performs the first hall of 
the computation. It takes the two numbers as parameters, and 
returns their sum as its result. The second subgoat finishes the 
computation by taking the sum as a parameter, and returning 
hall of it as its result. 

Suppose that the first task is to average the numbers 3 and 7, 
Control would pass from goal number 1 to goal number 2. When 
goal 2 finishes and returns its result of 10, a chunk of three 
components is created (bottom left of Figure 5·2). An encoding 

1. Compute·Average·Of· Two·Numbers 
2. Compute-Sum-Of-Two·Numbers 
3. Divide·Sum·Sy·2 

Figu re 5·1: A simple three-goal hierarchy for the averaging 
of two numbers. 

component is created that encodes the two parameters (3 and 
7), into a new symbol (El). It executes as soon as it is created, 
because the parameters are in the working memory. A decoding 
component is created that, when necessary, decodes from a 
second new symbol (01) to the result (10). A connection 
component (the horizontal line with the goal name above it and 
goal number below it) is created that generates the result symbol 
(01) when it detects both the presence of the encoded 
parameter (E1) and that goal 2 is the active goal. The 
connection does not executl:l immediately, because goal 2 is 
already complete when the chunk is created. 

Following the termination of goal 2, goal 1 is reactivated. but 
then is suspended in favor of goal 3 (Divide-Sum-Sy-2). When 

_this goal terminates successfully (returning the number 5), a 
chunk is created for it (bottom right of Figure 5·2). The encoding 
component encodes the number 10 into the symbol E2; the 
decoding component decodes from the symbol 02 to the 

Compute-Average Of· Two-Numbers 

-----------------~J 
Goal' 

Con pute-Sum-Of-Two·Numbers Dlvkle·Sum.By·2 

~ 

/ \ Goal2 

3 7 10 5 

Figure 5·2: Sample chunks created for the hierarchy in 
Figure 5·1. 

number 5; and the connection component connects E2 to 02 (in 

. the presence of an active goal 3). In contrast to the chunk for 

goal 1 , this chunk can be used in more than one task situation. It 

can be used whenever goal 1 generates a sum of 10, whether it 

does it by adding 3 and 7, 5 and 5, or any other pair of numbers. 

This is a form of transfer of training. 

Following the termination of goal 3, goal 1 is reactivated, and 
terminates successfully (returning the number 5). No chunk is 
created for goal 1 because its subgoals were not processed by 
chunks. At this point, the task is complete. 

Given what was learned during the performance of this task. 
the next time the same task is performed things will go 
differently. As soon as the ta.,k is restarted (again with the 
values 3 and 7), the encoding component from the chunk for 
goal 2 executes, placing El in the working memory. Goal 1 is 
activated, and then suspended in favor of goal 2. At this point, 
the connection component for goal 2 executes, generating 01 
and successfully completing goal 2. 01 is decoded to the 
number 10. which is then immediately reencoded to E2 by the 
encoding component for goal 3. Following the subsequent 
reactivation and suspension of Goal 1, Goal 3 is activated. The 
connection component for Goal 3 executes. generating 02, and 
returning 02 as the result to goal 1. This time, when goal 1 
terminates. a chunk is created (top of Figure 5·2), because both 
of the subgoals were processed by chunks. 

The encoding component for this chunk builds upon the 
existing encodings by encoding El to a new symbol (E3); it does 
not go straight from goal 1 's primitive parameters (3 and 7). This 
happens (and causes hierarchical encoding) because, for this 
instance of goal 1, El is the implicit parameter, not 3 and 7. 
Recall from Section 4 that the implicit parameters of a goal 
consist of those pieces of the goal's initial state that are 
examined during the goal's performance. E 1 is generated before 
goal 1 is activated (so it is part of the goal's initial state), and 
examined by the connection compon~nt for goal 2. On the other 
hand, neither of the objects representing the numbers 3 and 7 
are examined during the processing of goal 1, Therefore, E1 is 
an implicit parameter (and included in the chunk), while the 
numbers 3 and 7 are not. 

The decoding component is created in a Similarly hi$rarchical 
fashion. It decodes from a new symbol (D3) to 02. This occurs 
because 02 (and not the number 10) is the result of goal 1. It 
never became necessary to decode 02, so it was passed directly 
up as the result of both goals 3 and 1. The connection 
component of this chunk links E3 to 03 in a straightforward 
manner. 
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If the same task is performed yet again, the encoding 
component!> immediately generate E 1, followed by E3. Goal 1 is 
activated, and its connection component . executes. generating 
03 and completing goal 1. If the result is needoo by some part of 
the system outside 01 the hierarchy, it will be decoded to 0 I, and 
then to the number 10. 

The example that we have i4st gone through outlines the 
basics of how the chunking mechanism works. The next step is 
to look at the more complex situation of the Seibel task (Figure 
4-1). Chunking starts in this structure with the terminal goals 
(numbers 2, 4, 5, 7. 10. II, and 12). Take goal 11 
(Get-Stimulus-X). for example. Successful completion of this 
goal requires retrieving from the working memory the 
representation of a stimulus that has been perceived, and then 
generating a piece of information representing the horizontal 
location (X) of that stimulus. The parameter for this goal is the 
stimulus - an implicit parameter - and the result is the location. 
In the chunk for this situation, the encoding and decoding 
components are trivial. They simply recode from the single 
parameter to a new symbol, and from a second new symbol to 
the result. The connection component tests for the presence of 
an active Get-Stimulus·X goal and the encoding symbol, and 
produces the decoding symbol. 

Goal 10 (Get-On·Light·Stimulus) presents a slightly more 
complicated case than goal 11. The goal has both explicit and 
implicit parameters. The explicit parameters (Min· X and Max·X) 
define the region of the' stimulus display in which an on·light 
should be found. The implicit parameter is the actual external 
representation (in the stimulus display) of the on-light that is 
found. The result of this goal is the internal representation of 
that on·light, as it appears in the working memory. Just as 
before. the implicit parameter and the result form the basis for 
trivial ~lncodin9 and decoding components. However, the 
explicit parameters are different. -riley do not exist as separate 
entitir~., in the working memory; instead they act as if they were 
augmentations to the name of the goal. Therefore, they appear 
along with the name of the goal, as part of the connection 
component. 

As a final example of the workings of the chunking 
mechanism, consider how it creates the kinds of multiple light­
button chunks produced by the chunking mechanism in 
Rosenbloom and Newell [In press]. The locus of these chunks 
can be found at the recursive step in the goal hierarchy. The 
root (and recursive) goal in the hierarchy (Do-Lights· If-Any) has 
implicit parameters that represent lights in the stimulus display, 
and generates results that are the button presses lor those 
lights. The earliest chunks that can be created lor this goal are 
those at the bottom of the recursion; that is, goals to process 
manageable segments of the display. Each of these chunks will 
represent a single on-light in a region, a region 01 solid on·lights, 
or a region with no on·lights. Once the chunks exist for goals 13 
a<\d 14 (and their sibling goal 7:.the predicate One· light-On?) 
in a single situation, the parent goal (goal 6: Do·Ofl.And·On) can 
be ChU!1ked. This yields a new chunk lor the combined situation 
in both segments. This process continues up the hierarchy until 
goal 1 is chunked for that lel!el of recursion. But goal 1 at that 
level is just goal 13 or 14 at the next level up. Therefore, 
gradually (since these chunks are acquired one at a time), the 
level of aggregation of segments covered by chunks increases. 

This process always leads to light-button chunks for 
contiguous light·bulton pairs. It does not lead to chunks for' 
disjoint patlerns such as iust the two extreme right and left light· 

button pairs. This is not a limitation on t:le generality of the 
chunking mechanism. Instead, it is a function of the goal 
structure employed. A different goal structure (reflecting a 
different processing strategy) could lead to the creation of such 
disjoint chunk patterns. 

One of the strong task·dependencies pres!;;nt in the 
Rosenbloom and Newell [In press] chunking mechanism was 
that encoding productions had to have a condition added to 
them that assured that no on·light appeared between the two 
patterns being chunked together, This was so, even though the 
information that this condition was necessary appeared nowhere 
in the task algorithm. In the hierarchy in Figure 4·1, such 
conditions are generated naturally from the goals lor processing 
segments of the display with no on-lights in them. We see that 
the task dependencies show up in the goal hierarchy, not in the 
chunking mechanism. 

The following list of points summarizes the key aspects 01 
chunking as it applies to goal hierarchies. 

• Each 	 chunk represents a specific goal with a 
specific set of parameter values. It relates the 
parameter values to the results 01 the goal. 

• Chunks 	are created through experience with the 
goals processed. 

• Chunks are created bottom up in the goal hierarchy. 

• Chunks 	 consist of connection. encoding, and 
decoding components. 

• Chunk 	 encoding and decoding are hierarchical, 
parallel, goal· asynchronous processes that operate 
on goal parameters and results (respectively). 

• Chunk 	 connection is a serial, goal·synchronous 
process that generates (possibly encoded) results 
Irom (possibly encoded) parameters. 

• Chunks 	 improve performance by replacing the 
normal processing of a goal (and its subgoals) with 
the faster processes of encoding, connection. and 
decoding. 

6. The Xaps3 A rchitectu re 
The Xaps3 production-system architecture was designed to 

be used in the modeling of goal hierarchies and chunking. It is a 
new architecture, but it builds upon the work done in the 
development 01 the Xaps2 architecture. In their presentation of 
Xaps2, Rosenbloom and Newell [In press] began by discussing 
a set of constraints that must be met by any architecture within 
which the chunking theory of learning is implemented. We don't 
claim that these constraints are known to be necessary - the 
arguments are not that tight. But this permits (and encourages) 
attempts to show how the constraints can be circumvented. 

The same constraints still hold - as they mllst if they are really 
constraints - for the design of the Xaps3 architecture. More 
recently, two new constraints have been formulated from the 
consequences of the chunking theory. These new constraints 
rule oul Xaps2, and have led to the design of the Xaps3 
architecture. Though it is a direct descendent of Xaps2, the 
constraints have lorced a number of significant changes in the 
XBps3 design. 
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The first new constraint is the cryplo·inlormation constraint. 

• The 	crypto-information constrainl: any systl:lm that 
learns through experience cannot contain crypto· 
information if it wants to guarantee correct learning. 

Crypto·information - "hidden" information is information that 
the archit<lcture accesses whilo making decisions, but that is not 
accessible to "programs" running within the architecture. In the 
Xaps2 architecture, activation is a form of crypto-information. It 
is used by the architecture to, among other purposes, decide 
which of multiple instantiation::;; of a production should execute 
011 a cycle. It is crypto-information because knowledge about 
activation values cannot be represented in the productions 
executed within the architecture. Another example of crypto­
information is the information about working· memory recency 
used lor conflict resolution in the Ops languages [Forgy, 1979). 

The use of activation in Xllp.<;2 is a good example of how 
crypto·inlormation can lead to incorrect performance. Suppose 
there is an object A that has an activation 01 0.5, and an object B 
with an activation 0.3. Suppose also that there is a production 
that matches both A and B, generating two instantiations. When 
this situation first occurs, the instantiation that matches A will 
execute because of its greater activation. From this experience, 
the system learns what action to perform under these 
circumstances; that is, the action associated with the A 
instantiation. At some later point both A and. a may again both 
be represented. but this time with the activations reversed. Even 
though the action associated with B is now the correct one, its 
previous experience tells the system to do the action associated 
with A, because the information about relative levels 01 activation 
could not be represented in the record of the previous 
experience. Not only would the previous information be 
incorrect. but there would in fact be no way to ever learn the 
correct information. 

It is important to note that this constraint does not rule out all 
activation-based production-system architectures. II either the 
activation is not used as a basis for an architectural decision, or 
sufficient knowledge about activation levels is representable 
within productions, then activation is not a problem, because it is 
no longer a lorm 01 crypto-information. 

Though activation was a focal point of the Xaps2 design, to 
meet the demands of this constraint, Xaps3 has been designed 
to work without it. It is thus a more traditional, purely symbolic. 
production-system architecture. 

The second new constraint 
constraint. 

is the goal'iJrchitecturality 

• The goal-archilecturality constraint: the 
representation and processing of goals must be 
defined in the architecture itself; it cannot be left up 
to the· discretion of productions~. 

The reason behind this constraint can be traced to the chunking 
mechanism's need to understand how goals are represented and 
processed. This requirement implies that goals must be 
understood by the architecture, because the chunking 
mechanism is itself an architectural mechanism. 

4 Anderson (1982a! has previously made a similar argument for the placement 
of goal proc.essing in the architecture 01 the Act' production system {Anderson, 
1983]. 

One way for the architecture to understand the processing of 
goals, is fur the algorithm to be defined within the architecture 
itself. The obvious alternative - production-defined processing 
of goals - requires the chunking mechanism to be able to 
abstru(,t the algorithm and representation from Ihe productions, 
and tune itself to whatever scheme is being used. This requires 
considerably more intelligence than we are willing to ascribe to 
the chunking mechanism. or for that matter. to any mechanism 
built into the architecture. For a system to exhibit truly adaptive 
behavior, it must be able to apply its full knowledge and learning 
capabilities to any task requiring intelligence. This is feasible at 
the program level, but not at the architectural level. 

In response to the goal·architecturality constraint, the goal 
processing that occurred at the level of productions in Xaps2, 
has been moved <lown into the architecture of Xaps3_ 

Xaps3 is one architecture sitting within the design space 
delimited by the constraints so far determined. In the remainder 
of this section we describe the Xaps3 architecture (see 
Rosenbloom [1983] lor more details). It is like Xaps2 in the 
structure 01 working-memory objects, and in allow!ng parallelism 
at Ihe level 01 production execution, but differs in its lack 01 
activation, and in that goal processing and chunking are built in 
at the architectural levelS This description is divided into 
sections on the working memory, the production memory, the 
cycle of execution, the processing of goals, and the chunking 
mechanism. 

6.1 Working Memory 

'Nitt: respect to symbols. the working memory in Xaps3 is 
nearly identical to the one in Xaps2. It consists 01 an unordered 
set of objects. representing all of the types of information 
required in all information processing system (except for the 
types of information represented in productions): goals, patterns 
of stimuli and responses, intermediate computations, and so 
lorth. As was true in Xaps2, each object is a token - in the 
sense 01 the classical type·token distinction. It is uniquely 
specified by a general type and a unique identifier. The type is a 
symbol that can be common among several objects, such as 
Goal. The identifier is a unique symbol lor the object, allowing 
multiple objects of the same type to be simultuneously in working 
memory. A new identifier is generated dynamically by the 
architecture whenever a new object is created. 

Like objects in Xaps2, Xaps3 objects also have an optional 
set of attributes. However, unlike Xaps2 objects, each attribute 
has only one value. A successfully completed instance of a 
Press-Button-At·Horizontal·Location goal (with a type of 
Goal, and an identifier of Object127), looks like the following 
example6• 

(Goal Objectl27 
[NAME Press-But/on-At-Horizontal-Location] 
[STATUS Succeeded] [RESULT-TYPE Hesponse]) 

The interpretation of two of the attributes (NAME and STATUS) 

should be obvious. They tell the system that this goal is an 
instance of the Press·Button-At-Horizontal·Location goal 
that has completed successfully. The third attribute 

5 
See Anderson (1983) and Sauers and Farrell [198:» lor other attempts at 

integrating the processing of goals into the architecture 01 a production system. 

6 
The lormat has been altered slightly for clarity of presentation. 
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(nESULT-TYPE) specilies the type 01 object to be returned as the 
result ollhis goal (see Section 6.4 for the details). 

During the lifetime 01 a \/Iorking memory object, two types of 
auxiliary tags are kept. The lirst one marks the identifier of the 
goal that was active - there being at most on-e - when the 
object was created (II there was no goal active at the time, then 
the special symbol <None> is used). This tag is used lor 
determining the object's status as being either part 01 the local or 
initial state 01 the current goal. The second tag marks the 
identifier 01 the goal active when the object was last examined by 
a production_ This tag, in combination with the first one, allows 
the chunking mechanism to determine the implicit parameters of 
goals. 

6.2 Production Memory 

There is a single homogeneous production memory in Xaps3. 
The productions in it are Similar to the productions in Xapli2 
and to those in the Ops languages. They have three parts: a 
name, a list of one or more conditions. and a list of one or more 
actions. Here is an example production taken from the 
implementation of the Seibel task (Figure 4.1)7. 

(OefProd SubGoal/0o-lights/Oo-Press-Al1-Buttons 
«Goal <Exists> [NAME Do·Lights] [STATUS Active] 

[MINIMUM. LOCATION = Min-Loc] 
[MAXIMIJM-LOCATION =Max-Loa]) 

(Goal (<local> <Exists» [NI\ME No-Light-Ott7] 
[STATUS Succeeded]» 

( (Goal <New- Ob j ec t> [Name Do-Press-AII-Bultons1 
[STATUS Want] [RESULT-TYPE Response] 
[MINIMUM.LOCATION =Min-Loc] 
[MAXIMUM-LOCATION = Max-Loc]») 

The name is purely for the convenience of the programmer. it 
doesn't affect the processing of the system in any way. Each 
condition is a pattern to be matched against the objects in 
working memory. A condition pattern contains a type field 
(specifying the type of the object to be matched). an identifier 
field (containing several different types of information). and an 
optional set of patterns for attributes. Condition patterns are 
primarily built from constants and variables. Constants are 
signified by the presence of the appropriate symbol in the 
pattern, and only match objects that contain that symbol in that 
role. Some example constants in prodUction 
SubGoal/Oo-Lights/Oo-Press-All-RuttonA are GoaL 
MINIMUM-LOCATION. and Succeeded. Variables are signified by a 
symbol (the name of the variable) preceded by an equal sign. 
They match anything appearing in their role in an object. An 
example is =Min-Loc in the sample production. All instances of 
tho same variable within a production must be bound to the 
same value in order for the match to succeed. 

The identifiers in production 
~al/Oo-Lights/Qo-Press-All-Buttons are specified 
by the special symbol <Ex is ts>. Such a condition succeeds if 

7As with the format 01 working-memory objects. the lermal of this production 
has been slightly ~tered 10 increase the clarity of presentation. 

there is any object in working memory that matches the 
condition_ If there is more than one such object. the chOice is 
conceptually arbitrary (actually. the first object found is used). 
Only one instantiation is generated. If the identifier is specified 
as a variable. the condition still acts like an exists condition, but 
the identifier can be retrieved. allowing the object to be modified 
by the actions of the production. 

The complete opposite of an exists. condition, is a not-exists 
condition - commonly called a negated condition. When the 
symbol <Not-Ex i sts> appears in the identifier field, it signifies 
that the match succeeds only if there is no object in working 
memory that matches the remainder of the condition pattern. 

The second condition in the sample production contains the 
symbol <local>. as well as <Exists>. in the identifier field 
(they are conjoined syntactically by curly-brackets). When this 
symbol is adder! to an identifier pattern of any type - constant. 
variable. exists. and not-exists - it signifies that the condition 
should only be matched against those objects in working 
memory that are local to the active goal. This information -
provided by the objects' created-by tags ­ is a means by which 
the productions that work on a goal can determine which objects 
are part 01 their local context. 

The remainder of the condition specifies a pattern that must 
be met by the attribute-value pairs of working-memory objects. 
These patterns are built out of constants. variables. built-in 
predicates (such as (Greatllr-Than». and general Lisp 
computations (via an escape mechanism). In addition. any of the 
above forms can be negated, denoting that the condition only 
matchas objects that do not match the pattern. 

There is only one kind of action in Xaps3 - modify working 

memory. As in Xaps2, the interlace to the outside world is 
thr.:lugh working memory. rather than through production 
actions. Actions can create new objects in working memory and. 
under certain circumstances. modil'l existing objects. A new 
object is created when the action has an identifier of 
(New-Object>. by replacing the identifier with a newly 
generated symbol. instantiating the variables with their values 
computed during the match. and replacing calls to Lisp 
functions with their values (via another €:-5cape mechanism). An 
existing object can be modified by passing its identifier as a 
parameter from a condition. As Discussed in Section 4, only 
objects local to the current goal can be modified. 

There are no production actions that lead to the deletion of 
values or objects from working memory. A value can be 
removed only by superceding it by another value. As discussed 
in Section 4, objects go away when they are no longer part of the 
current contexts. No explicit mechanism lor deletion has proved 
necessary. so none has been included. 

6.3 The Cycle of Execution 

Xaps3 lollows the traditional. recognize-act cycle of 
production-system architectures. with a few twists thrown in by 
the need to process goals. The recognition phase begins with 
the matcn, and finishes up with conflict resolution. The cycle 
number - the simulated time - is incremented after the 
recognition phase. whether any productions are executed or not. 
During the act phase. productions are executed. 

8This mechanism bears a relationship 10 the dampening mechanisln in the 
Ar.tafchilectllre (Anderson. 1976). 
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6.3.1 	Recognition 

Tile match phase is quite simple. All 01 the productions in the 
system are matched against working memor, in parallel 
(conceptually), to yield a set of legal instantiations - at most one 
per production. Each instantiation consists of a production 
name and a set of variable bindings for that production that yield 
a successful match. This set of instantiations is then passed in 
its entirety to the conflict resolution phase9

, where they are 
winnowed down to the set to be executed on the current cycle. 
This winnowing is accomplished via a pair of conllict·resolution 
rules. 

The first rule is goa/·context refraction. It states that a 
production instantiation can fire only once within any particular 
goal context, It is a form of tI~e standard Ops refractory 
inhibition rule [Forgy, 1979]. differing only in how the inhibition 
on firing is released. With the standard rule, the inhibition is 
released whenever one of the working· memory objects on which 
the instantiation is predicat0d, has b'3en modified, With goal· 
context refraction, inhibition is released whenever the s,(stem 
leaves the context in which the instantiation fired. If the 
illstantiation could not legally fire before the context was 
established. and it could fire both during and after the context 
was established, then the instantiation must be based. at least in 
part, on a result generated during the context and returned when 
the context was left. Therefore, the instantiation should be free 
to fire again to reestablish the still relevant information. 

The second rule the parameter·passing boll/eneck - states 
that only one parameter· passing instantiation can execute on a 
cycle (conceptually selected arbitrarily). This rule first appeared 
in a slightly different form as an assumption in the Hpsa77 
architecture [Newell, 1980a]. It will be justified in Section 6.5. 

6.3.2 Action 

All of the instantiations that make it through the conllict 
resolution phase are fired (conceptuaily) in parallel. Firing a 
production instantiation consists of: (1) overwriting the 
examined·bv tugs of the working-memory objects matched by 
the i:1stantiation. with the identifier of the active goal; (2) 
replacing all variables in the actions by the values determined 
during the match phase; (3) evaluating any Lisp forms; and (4) 
performing the actions. This can result in the addition of new 
objects to working memory, and the mpdification of existing local 
objects. If conflicting values are simultaneously asserted. the 
winner is selected arbitrarily. This does not violate the crypto­
information constraint because the architecture is using no 
information in making the deciSion. If the performance system 
works correctly, even when it can't depend on the outcome or 
the decision, then the learned information will not lead to 
incorrect performance. 

6.4 Goal ProceSSing 

In Section '4 we described the processing of goals at an 
abstract level. In this section, we make that processing 
concrete. by describing how it is implemented within the Xaps3 
architecture. The goals themselves, unlike chunks, are just data 
structures in working memory. A typical Xaps3 goal goes 
through four phases in its life. The current phase of a goal is 
represented explicitly at all times by the value associated with 

9ro.. purpMeS of efliciency. these two phases are actually intermingled, 
However. this does not change the behavior 01 the system al the level at which 
we are interested, 

the STATUS attribute of the working· memory object representing 
the goa\. 

In the first stage of its life. the goal is desired - at some pOint. 
but not necessarily right Ihen, the goal should be nrocessed. 
Productions crl'ate goal desires by generating a new object of 
type Goal. Each new goal object must have a NAME attribute, a 
STATUS attribute with a value of Want. and a RESULT· TYPE 

attribute. In addition, it may have any number of other attributes. 
specifying explicit parameters to the goal. The value of the 
RESULT· TYPE attribute specifies the type of the results that are to 
be returned on successful completion of the goal. All local 
objects of that type are considered to be results of the goal. 
Results are marked explicitly so that they won't be flushed when 
the context is left. and so that the chunking mechanism will know 
to include them in the chunks for the goal. 

Leaving the expression of goal desires under the control of 
productions allows goals to be processed by the architecture. 
while still leaving the structure of the hierarchy under program 
(lhat is, production) control. The architecture controls the 
transition to the second. active phase of the goal's lile. At most 
one goal is active at any point in time: The architecture attempts 
to aelivate a new goal whenever the system is at a loss as to how 
to continue with the current goal. This occurs when there is an 
empty conflict set; that is, there is no production instantiation 
that can legally fire on the current cycle, When this happens. the 
system looks in working memory to determine if there are any 
subgoals of the current goal - those goals created while the 
current goal was active - that are desired. If such a subgoal is 
found. it is made the active goal. and the parent goal is 
suspended by replacing its STATUS with the identifier of the newly 
activated subgoal. If more than one desired subgoal is lound. 
one is arbitrarily selected (actually. the last one found is used). 

Suspension is the third phase in the lile of a goal (it occurs 
only lor non·terminal goals). Replacing the STATUS of tho parent 
goal With the subgoal's identifier accomplishes two things: it 
halts work on the goal, because the productions that process 
goals all check lor a STATUS of Active: and it maintains the 
control stack for the goal hierarchy. A suspended goal remains 
suspended until its active subgoal terminates. at which time it 
returns to being active. II a goal has more than one subgoal. it 
oscillates between the active and suspended states. 

II no progress can be made on the active goal. and there are 
no desired subgoals. then the system has no idea how to 
continue making progress, so it terminates the active goal with a 
STATUS of Failed. Foliowin\J termination, the goal is in its fourth 
and linal phase of life, In addition to a failure termination. goals 
can be terminated with a STATUS 01 Succeeded. There are no 
uniform criteria for determining when an arbitrary goal has 
completed successfully, so it has been left to productions to 
assert that this has happened. This is done via the creation of an 
object of type Succeeded. When the architecture detects the 
presence of such an object in working memory. it terminates the 
current yoal. and reactivates its parent. 

At goal termination time. a number of activities occur, in 
addition to the obvious one of changing the active goal. The lirst 
two activities occur only on the successful termination 01 a goal. 
As discussed in the following section. the first step is the 
possible creation of a chunk, The second step is to return the 
results of the terminating goal to its parent goal. This is 
accomplished by altering the created·by tags of tho results so 
thai it looks as if they were created by the parent goal. The third 
step is to delete all of the objects from working memory created 
during the goal to be terminated. The fourth, and final. step is to 
enable result decoding if it is appropriate. 
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6.5 Chunking 

As we saw in Section 5, chunking improves performance by 
enabling the system to use its experience with previous 
instanc9s of a goal to avoid expanding the goal tree below it. In 
this section we detail how this has been implemented within the 
Xaps3 architecture - yielding a working, task· independent. 
production·system practice mechanism. We begin by describing 
how chunks are used, and conclude with how they are acquired. 

6.5.1 The use of chunks 

The key to the behavior of a chunk, lies in its connection 
component. When a goal is proposed in a situation in which a 
chunk has already been created for it, the connection 
component of that chunk substitutes for the normal processing 
of the goal. This is accomplished in Xaps3, by hooking the 
connection to the desired state of the goal. The connection is a 
production containing a condition testing for the existence of a 
desired goal and a condition testing for the encoding of the 
goal's parameters 10. It has two actions; one marks the goal as 

having succeeded. and the other asserts the goal's encoded 
result. If there is a desired goal in working memory in a situation 
for which a connection production exists, the connection will be 
eligible to fire. Whether (and when) it does fire, depends on 
conflict resolution. Connection productions are subject to the 
parameter.passing bottleneck conllict·resolution rule, because 
they pass the identifier of the desired goal as a parameter to the 
action that marks the goal as having succeeded Therefore. only 
one goal can be connected at a time - part of the bottleneck 

constfaint [Rosenbloom & Newell, In press] - and only one 
connection cap. execute for any particular goal instance 
(removing a source of possible error). 

If thp. connection does fire, it removes the need to activate and 
expand tllA goa!. because t~e goal's results will be generated 
directly by the connection (and docoding), and the goal will be 
marked as having succeeded. If instead, no connection 
production is available for the current situation of a desired goal. 
then eventually the production systf:m wi!1 reach an impasse ­
no productions eligible to fire -. and thp. goal will be activated 
and expanded. Therefore. we have just the behavior required of 
chunks - they replace goal activation and expansion, if they 
exiSt. 

This behavior is, of course. predicated on the workings of the 
encoding and decoding components of the chunk 11. The 
encoding componer.t of a chunk must execute before the 
associated connection can. In fact, it should execute even 
before the pnrent goal is activated, because the subgoal's 
encoded symbol fl1llSt be part of the parent goal's initial state. 
Recall. that enco(lings are built up hierarchically. If the parent 
goal shares all of the parameters of one of its subgoals. then the 
encoding of the parent goal's parameters is partly based on the 
encoding generated for the subgoal. This behavior occurs in 
XOf)s3 because the encoding components are implemented as 
goul·free productions that do not pass parameters. They fire 
(concurlently with whatever else is happening :n the system) 
whOnever their parameters are in working memory (subject to 
conflict resolution). If the parameters exist before the parent 

10Motters are somewhat more complicated lor negated « No t - Ex 1$ U » 
conditions [Rosenbloom. 1983]. 

l1Fcr efficiency. the encoding and decoding compollf'Jl\s are not created H 
!he..e ~~ only ol1e raramolcr or result (respectively). 

goal becomes active, as they must if they are parameters to it, 
then the encoded symbol becomes part of the parent goal's 
initial slate. 

As stated in Section 4, the decoding component must decode 
an encoded result when it will be needed. Each decoding 
componenl is a production that keys 011 of the flon·primitive 
result pattern generated by the connection production, and off of 
an object of type Decode. When the architecture determines 
that decoding should occur, it places a Decode object in 
working memory, with the type of the object to be decoded 
specified by the TYPE attribute l2

• The actions of the decoding 
production generate the component results out of which the 
non· primitive pattern was composed. 

6.5.2 The acquisition of chunks 

A complete specification of Ihe chunk acquisition process 
must include the details of when chunks can be acquired, and 
from what information they are built. A chunk can be acquired 
wilen three conditions are met. The first condition is tha! some 
goal must have just completed. The system can't create a chunk 
for a goal that terminated at some point in the distant past, 
because the information on which the chunk must be based, is 
no longer available. Chunks also are not created prior to 
completion (on partial results). Chunks are simple to craate in 
part because they summarize all of the effects of a goal. If 
chunks were created part way through the processing of a goal 

for partial results of the goal - then a sophist:cated analysis 
might be required in order to determine which parameters affect 
which results, and how. This is not really a limitation on what 
can be chunked, because any isolatable portion of the 
performance can be made into a goal. 

The second condition is that the goal must have completed 
successfully. Part of the essence of goal failure, is that the 
system does not know why the goal failed. This means that the 
system does not know which parameter values have lead to the 
failure; thus, it can't create a chunk that correctly summarizes 
the situation. Chunking is success· driven learning, as opposed 
to failure·driven learning (see for example, Winston [1975]). 

The third, and final, condition for chunk creation. Is that all or 
the working·memory modifications occurring since the goal was 
first activated, must be attributable to that goal, rather than to 
one of its subgoals. This condition is implemented by assuring 
that no productions were fired while any of the goal's subgoals 
were active. All of the subgoals must elther be processed by a 
chunk, or fail immediately after activation - failure of a subgoal. 
particularly of predicates, does not necessarily imply failure of 
the parent goal. 

To summarize, a chunk is created alter the system has 
decided to syccessfully terminate a goal, but before anything is 
done about i~ (such as marking the goal as succeeded, returning 
the results, a~d flushing the local objects from working memory). 
At that point ~he goal is still active, and all of its information is still 
available. '1 

Most of thEt information on which the chunk is based, can be 
found in wor~ing memory (except. see belOW). The first piece of 
information needed for the creation of a chunk. is the name (and 
identifier) of "e goal that is being chunked. This information is 
found by retrkving the object representing the active goal. The 
goal's explicit parameters are also available as attribute· value 

12M"tters Ore actually somewhat more complicated [Rosenbloom, 1983J. 
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pairs on the goul obiect. Given the goal's identifier, its implicit 
parameters are found by retrieving all of the objects in working 
memory that were part of the goal's initial state '- that is, their 
crea/fJJ-by tug contains an identifier different from that of the 
active goal - and were examined by a production during the 
processing of the active goal. This last type of information is 
contained in the Objects' examined·by tags. The goal's results 
are equally easy to find. The system simply retrieves all of the 
goal's local objects that have a type equal to the goal's 
RESULT ·TYPE _ Because the parameter and result information is 
determined Irom the constant objects in working memory, 
chunks themselves are not parameterized. Each chunk 
represents a specific situation for a specific goal. 

The one complication to the clean picture of chunk acquisition 
so far presented, concerns the use of negated conditions during 
the processing of a goal. When a negated condition successfully 
matches working memory, there is no working· memory object 
that can be marked as having been examined. Therefore, some 
of the information required for chunk creation cannot be 
represented in working· memory. The current solution for this 
problem is not elegant, but it wor,!-s. A temporary auxiliary 
memory is maintained. into which is placed each non·local 
negated condition occurring on productions that fire during the 
processing of the goal (local negated conditions can be ignored, 
because they do not test the initial state). This memory is 
reinitialized whenever the goal that is eligible to be chunked 
changes. Before the conditions are placed in this memory, they 
are fully instantiated with the values bound to their variables by 
the other conditions in their production. 

7. Results 
In this section we present some results from appiying this 

architecture to the Seibel and compatibility tasks. A more 
complete presentation of these results can be found in 
Rosenbloom [1983]. For the Seibel task. two different 
sequences of trials were simulated. Tile first sequence is the 
same as the one used in Rosenbloom and Newell [In press). The 
simulation completed 268 trials before it was terminated l3. A 
total of 682 productions were learned. On the second sequence 
of trials - from a newly generated random permutation of the 
1023 pos::;ibilities - 259 trials were completed before 
termination. For this sequence, 652 productions were learned. 

Figure 7·1 shows the first sequence as fit by a general power 
law. Each point in the figure represents the mean value over five 
data poin'ts (except for the last one. which only includes three) 14. 

For this curve, the asymplote parameter (A) has no effect. Only 
E, the correction for previous practice. is required to straighten 
out the curve. At first glance, it is nonsensical to talk about 
previous practice for such a simulation. but a plausible 
interpretation is possible. In fact. there are two independent 
explanations - either or both may be responsible. 

The first possibillty i<; that the level at which the terminal goals 
are defined is too high (complex). If the "true" terminals are 

13AI this poinl lhe FlanzLlllp system - which appeared to not be 9l'Irbage 
collecting in the first place refused to allocate any more memory for the 
simulation. 

14Thls datil appear noisier than that in Figure 2·2 showing the human data 
from Seibel (10031. This is accounted for by each point in Figure 2·2 being the 
mean of 1023 data points, rather than the 5 data points of this figure. 
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Figu re 7·1: General power law fit to 268 simulated trials of 
the Seibel [1963) task. 

more primitive. then chunking starts at a lower level in the 
hierarchy. One view of what chunks are doing is turning their 
associated (possibly non·terminal) goals into terminal goals for 
particular parameter situations. During preliminary bottom·up 
d~unking. the system would eventually reach the lowest level in 
the current hierarchy. All of the practice prior to that point is 
t:ffectively previous practice for the current simulation. 

The other source of previous practico, is the goal hierarchy 
itself. At the beginning of the simulation, this structure is already 
known perfectly. However, there must be a process of me/hod 
acquisition by which the subject goes from the written (or oral) 
instructions to an internal goal hierarchy, Though method 
acquisition does not fall within the domain of what we have here 
defined as "practice", we will propose in Section 9 a scheme 
whereby chunking may lead to a mechanism for method 
acquisition. 

One problem that cropped up in the simulations of the earlier 
model of chunkino [Rosenbloom & Newell, In press], was that 
learning was demonstrably too fast. In order to achieve 
reasonable curves, learning was artificially slowed through the 
addition of a rate parameter. So far, such a parameter has not 
been required in the current model, because thore is much more 
to be learned. Chunks are still learned for light·bullon 
combinations, as in the earlier model, but these chunks are for 
only 1 of the 12 goals in the hierarchy in Figure 4·1 (not counting 
the recursive goals at 13 and 14). Additional chunks are 
required for the 11 other goals in the structure. 

It is encouraging that the current model overcomes some of 
the minor flaws of the earlier system, but the major focus of this 
work is on the generality of the model. In addition to the Seibel 
task, the system so far has been applied to fourteen tasks from 
three different compatibility experiments [Fitts & Seeger, 1953; 
Morin & Forrin, 1962; Duncan, 1977]. As a sample of these 
results, Figure 7·2 shows a pair of simulated practice curves for 
two tasks from Fitts and Seeger [1953]. These curves contain 
filty trials each, aggregated by five trials per data point. 

This article is not the appropriate place to discuss the issues 
surrounding whether the simulated practice curves are truly 
power laws or something slightly different (such as an 
exponential). Suffice it to say that we obtain a mixture of 
exponential. power law, and ambiguous curves. These results 
roughly follow the predictions of the approximate mathematical 
analysis of the chunking theory appearing in Rosenbloom 
[1983]. They also fit with the observation that the human curves 
tend to be most exponential for the simplest tasks - the 
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Figure 7·2: Simulated practice curves for conditions SA-RA 
and S6·RA from Fitts and Seeger [1953]. The latter curve is the 
average over two hierarchy variations. 

compatibility tasks are among the simplest tasks for which we 
have human practice data. For more on this issue, see Newell 
and Rosenbloom [1961] and Rosenbloom [1983]. 

8. Relationship to Previous Work 
In addition to the already mentioned relationship to caching, 

the current formulation of the chunking theory of learning 
provides an interesting point of contact between three previously 
disparate concepts: (1) classical chunking. (2) memo 
functions [Michie, 1968], and (3) production composition [Lewis. 
1978; Neves & Anderson. 1981; Anderson. 1982b]. Classical 
chunking has already been described in Section 3. A memo 
function 15 is a function with an auxiliary table added. Whenever 
the lunclion is evaluated, the table is first checked to see if there 
is a ffJ5Ull stored with the current set of parameter values. II so. it 
is retrieved as the value of the function. Otherwise, the function 
is computed and the arguments and result are stored in the 
tabte. 

Production composition is a learning scheme whereby new 
productions are created through the combination of old ones. 
Given a pair of productions that execute successively, their 
composition is created from their conditions and actions. The 
condition side 01 the new production consists of all of the 
conditions of the first production, plus those conditions from the 
second production that do not match actions of the first 
production. The action side consists of all 01 the actions from 
both 01 the productions. The resulting compOSition is a Single 
production that accomplishes the combined effects of the older 
pair of productions. 

Though these mechanisms were proposed in quite different 
contexts. and bear little obvious relationship to each other. the 
current formulation of the chunking theory of learning has strong 
ties to all three. It (') explains how classical chunks can be 
created and used; (2) caches the results of computations, as do 
memo functions; and (3) results in productions similar to those 
generated by goal-directed production compo::;ition [Sauers & 
Farrell. 1982; Anderson. 1983), The chunking theory dilfcrs from 
th~::;6 three mechanisms in a number of ways [Rosenbloom, 
1983). but at the same time it occupies a common ground 

15Memo functions themselves are derived 'rom the earlier wor~ by Samuel 
11959) on creating a rote memory for the values of board positions in II1e game of 
checkers. 

between them. This leads us to propose that all four 
mechanisms are dillerent manifestations of a single underlying 
store-versus-compute idea. We feel that the chunking theory 
has a lot going for it. but it is probably too early to know what 
formulation will work out to be the correct one in the long run for 
a general practice mechanism. 

9. Expanding the Scope of Chunking 
In this work we have shown how chunking can provide a 

model of practice lor tasks that can already be accomplished. 
Performance is sped UP. but not ql!alitatively changed. It is 
interesting to ~kwhether chunking can be used to. implement 
any 01 the other more complex forms of learning - such as 
method acquisition. concept formation. generalization. learning 
by being told. and expectation-driven learning. Chunking does 
not directly accomplish any of these forms 01 learning. and on 
first glance, the table look-up nature of chunking would seem to 
preclude its use in such sophisticated ways. However, we would 
like to at least raise the possibility that the scope of chunking 
may extend much further. 

Methoo acquisition is the prototypical case of "hard" learning. 
Given an arbitrary task, how does the system first construct a 
method (goal structure) for it? The answer may lie in the 
integration of chunking with problem·space search. The 
problem space hypothesis [Newell. 198Ob; Laird & Newell. 1963) 
states that intelligent agents are always performing in a problem 
space. At any instant. the agent will have a goal that it is 
attempting to lullill. Associated with that goal is a problem space 
in which the goal can be pursued. The problem space consists 
of a set 01 states, a problem (initial and desired states). a set of 
operators that move the agent between states. and search 

control information which assists in guiding the agent efficiently 
from the initial to the desired state. 

One way to look at the goal structures used in the current 
model.s as degenerate problem spaces. The goals are certainly 
there as needed. The current state can be identified with the 
contents of working memory, with the set of possible states 
being defined as all possible working memories. The initial state 
for a goal is its initial state in the production system. The desired 
state is defined by the production that tests for goal success. 
The operators are the subgoals - an operator is simply a goal 
that the system knows how to accomplish. The search control 
consists of those productions that specify which subgoals to do 
when. The one thing missing is the ability to search - the 
essence of working in a problem space. 

Adding a search capability to the current system could be the 
first step towards method acquisition. It would allow the system 
to perform tasks that it does not already "know" how to do. The 
second step must be to show how chunking could lead Irom an 
inefficient search. to the development of an efficient goal­
structured metho1. 

This may go as lollows. Suppose the system is at some state 
for which it does not know how to make further progress towards 
the desired state. What should it do? It should create a subgoal 
in which it can figure out which operator to do next. This 
subgoal could be pursued in any number 01 ways. One 01 the 
simplest is to ask someone else what to do next (leading to 
learning by being told). Another possibility is that a look-ahead 
search can be performed. If a path is found to the desired goal, 
the first operator on that path is returned as the result 01 the 
search. lhis is of course the paradigm case for a game-tree 
search. in which the goal is to win the game. but choosing the 
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next move (operator) may be problematic. Game playing 
programs t:llfecti.vely go into a choose· operator subgoal in which 
they simulate future paths in the game tree. They evaluate the 
alternatives. and relurn information allowing the selection of an 
operator in the lop· level problem space. 

Given such an augmentation 10 the current syslem. it would 
require only a small conceptual leap to imagine how chunking 
could be applied to these choose· operator subgoals. The 
resulting chunk would test those aspects of the situation that 
were examined during the evaluation of the operators. and yield 
the next operator (subgoal) to pursue. This is a search control 
chunk for the problem space part of the backbone of the goal 
hierarchy. 

One limitation of the current chunking mechanism that such a 
method· acquisition scheme could alleviate, is the inability of 
chunks to implement parameterized operators. Chunking always 
creates a totally specified piece of knowledge. As currently 
formulated, it cannot create the kinds of parameterized 
operators used as terminal nodes in the goal hierarchies (though 
it can achieve a form of separation of parameters16). On the 
other hand, problem spaces are inherently parameterized by 
their iniliaJ and desired states. Therefore, it may ba that it is not 
nt)cessary for chunks to create parameterized operators. These 
operators can come from another source (problem spaces). 
Chunks would only be responsible for making these operators 
more effident. 

In summary, doing method acquisition via chunking in 
problem spaces looks feasible, at least at the ralher cursory level 
of detail at which it ha'> been described here. If it does pan out. 
we hope to be able to formulate a number of the other difficult 
Idarning problems within this paradigm. The complications 
would appear as problem·solving in problem spaces, while the 
chunking mechanism would remain simple, merely recording the 
results generated by the problem·solving system. 

10. Conclusion 
At the beginning of this investigation we set out to develop a 

generalized. task· independent model of practice, capable of 
producing power·law practice curves. The model was to be 
based on the concept of chunking, and to be used as the basis 
(and a source of constraint) for a production·system practice 
mechanism. All of this has been acc.omplished. The generalized 
model that we have d~veloped is based on a goal. structured 
representation of reaction·time tasks. Each task has its own goal 
hierarchy, representing an mitial performance algorithm. 

When a goal is successfully completed, a three· part chunk 
can be created for it. The chunk is based on the parameters and 
results of the goal. The encoding component 01 the chunk 
encodes the parameters of the goal, yielding a new symbol 
reprosentin~ their combination. The connection component of 
the chunk ties the encoded parameter symbol to an encoded 
symbol for the rewlts of the goal. The decoding component of 
the chunk. decodeS the new result symbol to the results out of 
which it is composed. 

One lorm of parameter independence achievable wilh Ihe current system is 
Ihe locatio/l·ind"pendcnt recognilion of patterns. This cnn be accomplish~>d by 
hr:ving coo 9ual (or a sel of goals) to recognize afld relale the componen'~ 01 the 
pattern via their fe/ative locations. and a second goal to detErmine 'lie absolute 
location of the entire pattern. Each chunk for the first goal would be a location. 
independent pallern recognizer. 

The chunk improves the performance of the system by 
removing the need to fully process the goal; the chunk takes 
care of it. The process of chunking proceeds bottom up in the 
goal hierarchy. Once chunks are created for all of a goal's 
subgoals in a specific situation, it is pOSsible to creale a chunk 
for the goal. This process proceeds up in the hierarchy until 
there is a chunk for the top· level goal for every situation that it 
could face. 

Mechanisms for goa! processing and chunking have been 
built into a new production· system architecture that fits within a 
set of constraints developed for the architecture of cognition. 
This architecture has been applied to a number of different 
reaction·time tasks (though not all of these results are presented 
here). It is capable of producing power· law practice curves. 

As currently formulated. the chunking theory stakes out a 
position that is intermediary between three previously disparate 
mechanisms: classical chunking, memo functions, and 
production composition. These four ideas are different 
manifestations of a single underlying store·versus·compute idea. 

And finally, we have outlined a research path by which the 
chunking theory, when integrated with a problem·solving system, 
can potentially be expanded to cover aspects of learning - such 
as method acquisition - outside of the domain of pure practice. 
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Abstract 
We describe a theoretical framework being developed in an 

attempt to ac'Count for human learning of physical domains. We are 
using Qualitative Process Theory to model people's physical 
knowledge and the Structure-Mapping Theory to characterize the 
computations that move a learner from one representation to another. 
Here we outline the component theorics and propose a learning 
sequence for physical domains. 

1. Introduction 

People use and extend their knowledge of the physical 
world constantly. Understanding how this fluency is achieved would 
be an important milestone in understanding human learning and 
intelligence. Our primary purpose is to construct a computational 
account of human learning. 

Below we describe the theoretical framework we are 
developing in an attempt to account for human learning of physical 
domains. Any such framework must describe the form of the domain 
models and the kinds of computations that move the learner from 
one representation to another. Thus we first briefly summarize 
Qualitative Process 'Theory [Forbus. 1981. 1982J and the Structure 
Mapping Theory [Gentner. 1980. 19831. the component theories that 
underlie our framework. We then describe a learning sequence. 
composed of four stages of physical models, and our conjectures 
about how a learner constructs one type oftheory from another. 

2. Qualitative Process Thco., 

Our first requirement is a language in which to describe 
people's commonsense knowledge about physical situations. People 
know about a great many kinds of physical changes: things move, 
collide. bend. break. heat up, cool down, flow and boil. Intuitively 
we think of these as processes. Qualitative Process theory attempts to 
formalize this notion. An imponant property for our purposes is that 
both correct and incorrect physical models can be expressed. 

We view a phySical situation as composed of objects and 
relationships among them. The continuous parameters of an object, 
such as temperature and pressure. are represented by quantities. In 
QP theory the value of a number is defined in terms of its Quantity 
Space - a collection of inequalities which hold between it and other 
quantities. The Quantity Space is a useful qualitative representation 
because processes typically start and stop when inequalities between 
parameters change. 

Processes cause changes by influencing quantities. 'There 
are two kinds of influence which can occur. A quantity can be 
directly influetlced by a process or processes, or indirectly influenced 
because it is a function of some other quantity that is influenced. We 
will specify functional dependencies between quantities by 
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(read "Ql is qualitatively proporlionaJ to Q2"), meaning there exists a 

function which determines Ql and is increasing monotonic in its 
dependence on Q2. <XQ expresses partial information. since the 
implicitly specified function mayor may not depend upon other 
quantities. Figuring out the sign of a quantity's derivative from its 
influences is called resolving its influences. 

A process is a thing that acts through time to cause changes. 
Processes arc specified by five parts: 
Individuals; Descriptions of the objects which participate in the 
process. 
Quantity Conditions: Inequality statements and status assignments to 
other conditionalized descriptions which must be true for the process 
to be active. 
Precondilions: Statements other than Quantity Conditions that must 
be true for the process to be active. 
Relations: The relationships between the individuals which hold 
when the process is active. 
Influences: Descriptions of what quantities are directly influenced by 
the process. 

A process acts between any collection of objects which 
match the individual specifications. whenever both the Preconditions 
and Quantity Conditions are true. Preconditions, as distinct from 
Quantity Conditions, express changes that cannot be predicted solely 
within QP theory· physics alone will not tell us that someone will 
walk by and turn on a stove, for instance, although it can predict that 
a result of this action will be that the water sitting in the kettle on top 
of it will soon boil. The Relations specify the functional 
dependencies induced by the process as well as any new entities 
which it introduces by virtue of being active. such as a gas generated 
by boiling. 

The collection of processes acting at any time characterizes 
"what is happening" then in that situation. A reasoner's theory of 
dynamics for a domain is characterized in terms of a Process 
Vocabulary that describes the kinds of processes the reasoner believes 
can occur. The actual changes that occur as a result of processes 
acting are represented as a history [Hayes, 1979J. 

QP theory sanctions several basic deductions. These include 
determining what processes might occur, what processes are 
occurring. and determining how the set of active processes can 
change over time. These basic deductions can be combined to 
perform more complex reasoning tasks. Two examples of more 
complex deductions arc qualitative simulation [Forbus, 1982J and 
measurement interpretation [Forbus,1983]. 

3. Comparisons and Structure Mapping 

So far we have considered how a Naive PhysiCS might be 
represented. We now turn to the question of how such domain 
models might be learned. A major process in experiential learning is 
comparing the current situation with stored descriptions. Consider a 
person who has just moved to a cold climate learning to operate his 
furnace. By the end of the winter he may learn that he cannot cause 
the house to get warm any sooner by setting the thermostat higher 
than the desired temperature. There arc at least three different ways 
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he could reach this conclusion. First. he may compare the current 
situation with past furnace experiences and notice a regularity. 
Second, he may match the current situation with a known abstraction: 
such as a position-action controller (as ppposed to a 
proportional-action controller), to deduce the answer. lbird, he may 
usc an analogy, comparing the current situation with a description 
from another domain, such as fluid flow. to suggest governing 
principles. Each of these ways of learning relies on some fonn of 
comparison. eimer with a stored record of literally similar events. 
with a stored abstraction, or with a stored description that can 
function as an analogy. 

The Structure Mapping Theory concerns such comparisons 
(Gentner, 1980, 1981, 1983: Gentner & Gentner, 1983). The theory 
describes the rules mat arc used to import a descriptive structure 
from one domain (the base domain) to another (the target domain). 
Literal Similarity. Analogy. and Abstraction Mappings (applications 
of general laws) arc viewed as different kinds of mappings between 
descriptions. The types ofcomparisons arc defined synt.lctically. and 
depend only on the fonn of the knowledge representation. not ilS 
content. In particular: 
(1)A Iiferal similarity statement is a comparison in which a large 
number of predicates is mapped from base to target. lbere are many 
more shared predicates than nonshared predicates. The mapped 
predicates include 2rub. object-attributes and relational predicates.l 

(2)An analogy is a comparison in which relational predicates, but few 
or no object attributes, can be mapped from base to target. The 
particular relations mapped arc derermined by svstematicitv. as 
defined by the existence of higher-order constraining relations.2 

(3)An abstraction mapping is a comparison in which the base domain 
is an abstract relational structure. Predicates from the abstract base 
domain arc mapped intO the target domain. Since there are no object 
attributes in the base, there are no one-place predicates to be left 
behind. Applying a rule to a situation is an example of the 
abstraction mapping. Sometimes we will also refer to the relational 
structure so mapped as an abstraction. 

The Analogical Shift Hypolhesis concerns how these 
comparisons are used in learning and reasoning about a domain. In 
the earliest stages most of the comparisons are literal similarity 
matches. As the domain becomes familiar, analogies begin to occur. 
Suecessful analogies may yield abstractions. Analogy serves as a 
means of changing mental models, and therefore plays an important 
role in the middle stages of learning. In the.later stages ofleamins. 
abstraction mappings and literal similarities predominate. 

1bc role of a comparison in learning depends on at least two 
things: (1) accessibility. the likelihood that the match will be noticed; 
and (2) usefUlness, what can be deduced from the match. if it is 

1. Object attributes arc predicates which take one object as an 
argument. such as RE[){x). Relations arc predicates which take two 
or more arguments, such as COLLIDE(x. y). 
2. We define the order of a proposition as follows: Constants have 
order zero, as do functions on them. The order of a proposition is 
one plus the maximum of the orders of its arguments, Thus 
COLLlDE(x. y) would be first order if x and yare domain objects. 
and CAUSE(COLLII)E~x,y). DREAK(x» would be order two. 
Examples ofhigher-order relations are CAUSE and IMPLIES. 

acccs.c;cd. Accessibility. in tum, depends at least on 0) the familiarity 
of the base descripLion and (ii) the overall similarity between the base 
description and the current target lbe comparisons discussed above 
behave very differently wiLh respect to these two criteria. 

Literal similarity matches arc quite accessible, but oflimited 
usefulness. Psychological evidence indicates that people 
automatically perform such comparisons to combine perceptually 
similar experiences into composite prototypes. However, !luch 
composites are of limited use in revealing the principles that govern 
the phenomenon. In general. literal similarity matches are highly 
accessible, since they can be indexed by object descriptions. by 
relational structures, or by both. But they are not very useful in 
deriving causal principles. precisely because there is too much 
overlap to know what is crucial. Abstractions arc extremely useful, 
but not necessarily accessible: novice learners may not know the 
appropriate abstraction. or it may be so unfamiliar that ilS 
accessibility will be low. Thus abstraction mappings, while ultimately 
important. are unlikely to play a major role in the early stages of 
learning. 

Analogies lie between the highly accessible literal similarity . 
matches and the highly useful abstraction matches. Potential 
analogies arc less accessible than literal similarity matches, since they 
require accessing the leamer's data base via relational matches; object 
matches are of no use. However, once found, an analogy should be 
more useful than a literal similarity match in deriving the key 
principles, since the shared data structure is sparse enough to pennit 
analysis. Moreover, if we assume the systematicity principle. then the 
set of overlapping predicates is likely to include higher-order 
relations. such as causality. Thus analogy can function to reveal 
principles in a domain that previously lacked the appropriate 
abstractions (Gick & Holyoak, 1981). Winston's (1981) program, 
which derives if-then rules by abstracting the predicates common to 
two analogs, is a case in point 

4. Stages or UnderstandiD& 

We suspect there are four kinds of mental models that wiD 
be generated in the process of understanding. The sequence of 
models we propose is developmental in that the theories of each stage 
are generated both by the phenomena being understood and !he 
theories of the stage before it. We do not think every person goes 
through each stage for every domain. nor that a person is at the same 
sla8e in every domain at the same time. 

4.1 Stage 1 • Proto Histories 

Suppose we are observing some new physical phenomena. 
All we can do is observe and remember what is happening. We 
conjecture that the simplest physical models of a domain are 
protohis/ories -- prototype histories which serve as summaries of 
experience.l Like object prototypes. protohistories arc the "most 
typical instances" of phenomena (see Rosch, 1973, 1975, 1976; Smith 
& Medin. 1981). The tenns in these descriptions are observables, and 
their deductive import can be roughly expressed as "If 1 see X, tben Y 

1. Some of diScssa's Phenomenological Primilives appear to be 
representable as protohistories [diSessa, 1981~ 
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will(has) happen(ed)." 
Consider a balance beam or sec-saw. If we place a weight 

on each side of the fulcrum. it will either tilt counter-clockwise, 
clockwise, or not at all. Most people have had enough experiences 
with sec-saws to have formed protohistories concerning their 
hehavior. By our conjecture, a protohistory is automatically available 
whenever we encounter a sec-saw. From it, we can often predict 
which way the particular sec-saw will move. For example, we may 
have a protohistory that describes what happens if a small person gets 
on opposite a large person. 

However, the predictive power of protohistories is quite 
limited. There is no guarantee that the features matched actually 
correspond to relevant factors. For example, we will be fooled when 
a large person sits close to the fulcurm if we have formed our see-saw 
protohistory from watching people sitting at equal distances. Massive 
overlap in features is needed for reliable use, which means 
protohistories will yield conclusions in fewer situations than a true 
theory would. Furthermore, there is no certain way to decide 
between conflicting results 'if more than one protohistory matches a 
situation.1 

4.1.1 Learning Protohistories 

The process of constructing protohistories requires dividin, 
up experience into classes according to literal similarity and 
abstracting a summary for each class. There has been little direct 
research on this process. However, investigations into the process of 
constructing object prototypes provides some hints. First, people 
seem to be able implicitly to compute a kind of component match. 
Second, this intersection is not merely a simple feature intersection; 
rather, it appears that configurations among features are important in 
the prototype. Third, once this prototype is computed, it has 
powerful effects on subsequent processing of experience. Once 
people abstract a prototype from a set of patterns, they may be more 
confident of having seen the prototype (which was never presented) 
than they are of having seen the actually presented patterns (Posner 
& Mitchell, 1967). Finally, people may not be aware of forming 
prototypes, except as a .general sense of increased familiarity with a 
category. 

To summarize, if protohistories behave like object 
prototypes, then we should find that they are computed implicitly; 
that they are sensitive to configuratiOI)S among events; that, once 
computed, they show the recognition strength and other 
psychological privileges of prototypes. 

4.2 Stage 2 . The Causal Corpus 

While protohistories summarize the phenomena, they are 
not a theory of it. Jumping directly to a detailed theory can be quite 
difficult. For example, the space of possible equations connecting all 
observable parameters in a typical situation can be quite large. 
Instead, we conjecture that weaker theories are formed first, theories 
that characterize which parts of the situation are relevant to desired 

1. There are of course heuristic criteria, such as taking the one that 
matches "best" or the one which has worked most often. The 
problem with such heuristics is that little is learned from mistakes. 

conclusions. In particular, we conjecture that a collection of CAUSE 
statements, the Causal Corpus, is computed frum prototype objects 
and protohistorics. 

We view CAUSE as an approximation concept, in particular 
a weak form ofontological committment. Saying 

CAUSE(A, 8) 

means that there is a mechanism, specified by some theory T, such 
that 

A!\T_a 

Processes provide the notion of mechanism fur physical domains. 
The statement 

CAUSE(Tr1ano'e(F), Has-Three-Sides(F» 

is not a legitimate use ofCA USE by this definition. since the required 
axioms ofgeometry do not speal'y a mechanism. 

The further distillation of experience from protohistories to 
the Causal Corpus serves two purposes (aside from its potential as a 
means of data reduction). Fina. it provides a collection of heuristics 
that can be used directly to draw inferences. While the learner 
doesn't have firm grounds 10 consider the CAUSE statements 
complete or correct, often they may suffice for the desired class of 
inferences. Second, the collection ofCAUSE relations can be used to 
guide the search for a deeper theory of the domain. The CAUSE 
statements suggest connections between various aspects of the 
domain which a deeper theory must either explain or explain away. 

Returning to our see-saw example, we might attempt to 
apply our Causal Corpus to a balance beam built out of blocks. 
Suppose we call the two blocks on it A and B. Our Causal Corpus 
might be: 

Cause(8igger(A, 8), Tilt-Towarda(A» 
Cause(Farther(A, 8), Tilt-Towards(A» 

These statements ean be interpreted as rules in several ways: if we see 
that block A is bigger than block B we can predict tilt, and if we see 
tilt we may hypothesize that one block is farther out than another. 
These statements are more broadly applicable than protohistories 
since they refer to fewer propenies. Unlike protohistories, the Causal 
Corpus can be debugged to some degree. 

However, the approximate nature of the CA USE relation 
limits the ability to discriminate betweencontlicting predictions. 
With the Causal Corpus above. for instance, if block A is bigger and 
block B is farther out we will have two predictions. As we shall 
discuss, in order to make more precise inferences the learner must 
eventually uncover the mechanisms whose behavior the Causal 
Corpus describes. 

4.2.1 Learning the Causal Corpus 

We suspect there are three techniques for computing and 
debugging a Causal Corpus. 1be first technique is to hypothesize 
causality from co-occurance: 

If you always see A before 8, 

then hypothesize CAUSE(A, 8) 


and 

If A 1s true whenever 8 Is true, 
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then h1Pothes1ze CAUSE(A. B) 

These roil'S make certain assumptions on the fonn of memory, 
namely that some number of circumstances can be remembered, and 
in sufficient detail so that II. is either explicitly stored or computable 
from what is stored. ProtohislOries should serve as a means of data 
reduction, reducing the complexity of constructing a Causal Corpus 
with these rules. 

We also conjecture a class of rules which arc used to debug 
a Causal Corpus in the face of new infonnation (d. [Sussman, 1976D. 
Each rule corresponds to a hypothesis about a bug in the structure of 
the Causal Corpus.. such as a missing precondition. We have not 
addressed the issue of judging a Causal Corpus for consistency and 
completeness; such criteria will play a major role in controlling the 
debugging rules and in the mixture of generation and debugging that 
occurs. 

Analogy provides the third technique for extending a 
Causal Corpus. The CAUSE relations from one domain can be 
-mapped into another. since CAUSE qualifies as a highe....order 
constraining relation (see [Winston. 1981D. 

4.3 Stage 3 • Naive Physics 

The Naive Physics models replace CAUSE statements with 
theories about the specific mechanisms of change. The ontology is 
extended by adding processes to explain observed changes.. The 
ontology also includes properties and objects that are not directly 
observable (for example. heat and heat flow) and the new 
relationships (such as fluid path and heat path) required to reason 
about them. 

An important advantage of these models is the ability to 
reason by exclusion. Unlike the previous stages.. predictions that fail 
still yield information about the situation. For instance. if fluid is 
seen flowing into a container and the level is not rising. then it is 
reasonable to assume that fluid is flowing out of it through some 
unknown path. 

Returning to our balance beam. we might use a process 
SWING to describe rotation around a contact point. The 
Precondition would be that the object is free to rotate. and the 
Quantity Condition would be a non-zero angular velocity. SWING 
directly influences the angular position of the beam. Further, its 
influence is qualitatively proportional to the angular velocity. Thus a 
prediction concerning tilt becomes a prediction about which instance, 
if any. of the SWING process wiD occur. Net force becomes the 
crucial parameter; to deduce which way something swings requires 
comparing the forces exerted on each side of the beam. lbe factors 
illuminated in the Causal Corpus of "Bigger" and "Farther" become 
the quantities "Mass" and "Distance". Examining the description of 
SWING and the CAUSE statements suggests we write force as a 
function ofthe two parameters. and in particular: 

Foree(A) CCo Distanc.(A. pivot) 

Foree(A) ceo Mau(I\, phot) 


which brings us one step closer to a model that can always detennine 
which way something will tl1t. 

4.3.1 Learning Naive l'hfsies 

The major problem in learning a naive physics is 
constructing a vocabulary of processes which consistently describes 
experience. '1be learner must strip away the irrelevant predicates that 
are part of his protohiSlories and Causal Corpus; and often, he must 
construct new objects and properties that arc not observable. 

')be Causal Corpus provides a search space for potential 
Process Vocabularies. F.ach statement in the CC must be elaborated 
into a consequence of a Process Vocabulary. There appear to be only 
a small number of distinct ways to perform the elaboration 
depending on the particular form of the arguments. For example, the 
statement 

The decrease in amount of Q 

causes the level to f.,1. 


indicates that some active process (or Individual View) in the 
situation contains the statement 

level(Q) CCo AIIIount-of(O) 

in its Relations. 
While hypothesizing a Process Vocabulary on the basis of 

the Causal Corpus should be much simpler than working directly 
from protohiSlOries or direct observation. it still appears diffICult. We 
conjecture several constraints that make the problem more tractable. 
First, we think people are conservative in the introduction of 
unobserved properties. For example. we have interviewed subjects 
whose model of a domain appears to be organized around one 
parameter - a "generalized strength" attribute - which Is used in all 
Quantity Conditions and comparisons. In reasoning about fluids. for 
instance. pressure. flow rate. and velocity appear to be used as 
different names for the same Ibing. In electricity. voltage. current. 
power. potential. and velocity of electrons are used interchangeably 
by some people. The advantage of this generation stratagy is of 
course that simpler modelS will be explored first, with further 
distinctions made only when necessary. Second. some physical1aws 
can be viewed as constraints on what Process Vocabularies are 
possible. Conservation of Energy. for example. demands that if a 
process directly influentes a quantity that represents some kind of 
energy it must also directly influence some other quantity which 
represents energy in the opposite direction. 

Once again. Analogy can provide a constructive mechanism. 
It can be used to import candidate processes from previously 
understood domains, such as understanding heat flow in tenns of 
fluid flow. 

4.4 Stage 4 • Expert Models 

The models generated so far stiJl contain fundamental 
ambiguities.l The final stage of learning consists of discovering ways 
to resolve those ambiguities.. We suspect several kinds of knowledge 
are involved. (Obviously. the potential complexity of the models Is 
open-ended.) These kinds of knowledge include equations to 
describe relationships between parameters and "rules of thumb" 

1. [de Klcer, 1979) discusses the nature of ambiguity in qualitative 
descriptions.. 
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which specify useful "default resolutions for the ambiguities inherent 
in qualitative descriptions. Examples of these ambiguities include 
knowing circumstances in which certain processes can be ignored 
(such as evaporation when pouring water from one glass to another) 
and what their net effect is (such as Black's law for the temperature of 
mixtures). 

Returning to the balance beam example, we know that the 
force of a block on the beam is qualitatively proportional to the mass 
of the block and to the distance from the fulcrum. If we also know 
that the force is the product of distance and weighI, then providing 
numerical values for these quantities will allow an unambiguous 
prediction about tilt. 

4.4.1 Learning Expert Models 

One part of refining our commonsense models is to 
elaborate <XQ statements into constraint equations, [Langley, 1979) 
describes tcchniques that should be useful. 

Devcloping rules of thumb requires discovering which 
outcomes raised by qualitative reasoning are unlikely and which 
potential interactions can be ignored. We suspeet the possible 
behaviors raised by Naive Physics are compared against known 
protohistories. Hypothesized outcomes that have no corresponding 
protohistory are considered unlikely, while those corresponding to a 
very familiar protohistory are considered very likely. 

5. Summlll')' 

We have described our progress in weaving together the 
Structure Mapping theory and Qualitative Process theory into a 
framework that aims to account for learning in physical domains. We 
are still at !he stage of refining the questions, rather !han providinl 
answers. 
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Abstract 

"111C ACT learning m\.'Chanisms of \:nowl~dg,! compilation ,m: 
di><:tlssed. Knowledge compilation (;tll1sists of the mechanisms of 
composition and pruccdumli111tion. Compil~ition ()pcrat~s by 
col1apsing multiple pmductions into a single production that has thc 
effect of the SCI. Procedumlization opcr:::tes by building inlo 
proJuC!ion:i in formation that previously had to h(' r~trieved from long­
term llIemory. IL i, ~howll how these two mcchanbms can simulate Ihe 
initial stoges or skill acquisition ill the domain of learning how to 
progmm in LISP. It is also ,hO\'/1I lilaI Ihese mechanisms can 
rCprl)dllCe the effccts of the gcnerdi?;'!iun and discrimination learninf( 
mc~h.misl1ls. Oen.::rali7.ations and dlscrilninlltions emerge as the 
consequence of compiling the prOCL'S.~es of analogy fonnation and 
error correction. 

K£y !eITCI:i: learning. knowledge compilation. COmpOSItiOn, 
proccdtlf<ilization. skill acquisition, simulation of LISP programming. 
3nalogy, generalization, discriminallon. cognitive modelling. 

Introduction 

For a number of years(Anderson,1982,l983a; Anderson.Sauers. 
& Farrell, 1982; Neves & Ander;on. 1981) we have been working on a 
general set of learning principles that come under the rubric of 
knowledge compilation. These principles are concerned with how a 
new sl:.ill is acquired such a generating a proof in geollletry(Anderson. 
I98:1b). The general framework'is one in which a learner is viewed as 
beginning with declarative infonnation relevant to the execution of a 
skill. For instance. in the case of geometry, the student might learn 
about lhe propenies of two column proofs and various theorems and 
postulates. This infonnation is stored in declarative fonn--i.e. as facts 
about the domain. For this knowledge to be us(;d, general interpretive 
procedures must apply to use these facts. Two common types of 
interpretive procedures are general problem-solving procedures and 
general analogy procedures. Knowledge compilation operates 011 the 
traces of such procedures. It will create new procedures ~hich are 
speci fie to that domain and which are il1ure cfficient. 

This paper will discuss knowledge compilation and give an 
example of its use to simulate learning of initial programming skills. 
'fhe rest of the paper will be devoted to discussing a recent discovery 
we have made about the knowledge compilation mechanism--that it 
can be u~ed to produce learning effects that had been UlOught to he the 
result of independent learning mechanisms of discrimination and 
genemlization (,'\nderson.Kline. and Beasky,l979; Hayes-Roth and 
McDcnnott, 1916; Langley,. 1983; MichalSki and Stepp, 1983; Mitcbell. 

Introduction to Knowledge Compilation 

The knowledge compilation lllt?ch:lIlisms arc ddined with 
respcct to a production system like ACnAnddsllll, 1983a) which llas a 
sl~paratc long-tcnn dcclarati,e memory to represent facts ana a 
prtJ(luctivll memory to n;;present procedures. '1l1e knowledge 
compilation mechanisms operate on the traces of pmduc:h'l1 
application to create new productions. Hefoie gelling into the aCiniis 
of a flill example or the details of the implementation. it woula he 
worthwhile to have a brief overview. 

111e knowledge cumpilation proce~ses in ACT can be divided 
into two subprocesses. One, calkd compositio!l. takes a sequence of 
produr:tion,; that follow each mher in wiving a particul.1r problem and 
collilpses them into a single productiou that has the effect of L'le 
seqU'!llee. '111e idea or composition was first deyeloped by 
/.el/i:;,(1978). Composition 51'eeds up the 'process considerably by 
cre<lting new productions thal embody the sequence of steps used in a 
particular problem domain. '1l1e second prOcC8S, proceduralizalion. 
builds versions of the productions that no longer require the domain­
specific declarative infonnalioll to be retrieved into working memory 
so the infonnation can be matched by the general interpretive 
productions. Rather, the essential products of these retrieval 
operatiolls are built into the new productions. 

The basic processes of compilation can be ifIustralcd with respect 
to dialing telephone numbers. It has been noted(Anderson. 1976) fhat 
with a frequently dialed telephone number, one develops a special 
procedure for dialing it; sometimes declarative access to the number is 
lost. and Ihe only access one has to the number is through a procedure 
for dialing it. 

Consider the following two productions tilat might serve to dial a 
telephone number: 

PI 
IF the goal is to dial = telephone-number 

and =digit is the nest digit of =telephone-number 
THEN dial =digit. 

P2 
IF the goal is to dial =telcphone-number 

and =digiti has just been dialed 
and =digiQ is after = digitI in = telephone-number 

THEN dial = digit2. . 
1978: Verc. 1915). Furthe~ I will arglle that there is evidence inthe 

CmOpt'siliOIl creat..:, "lllilcroproductiollS" that do the operation or a hmnan cas;; that knowledge compilation is the process that underlies 
pair of produCJullS that occurred in s<'qucnc('. Applied to the"generalization and discrimination. 
S('1l1cnce ofPI lillh;wed by P2, cotl1po~ilioll would create: 

http:particul.1r
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II" til<: goal is tc dial =: telephone-number 
'-lIld =, digit I is the lirst digit of =tcleplhmc'llll:n1Jer 
and:;;; digitl is ;lller :::::digi[l in == telcl>holle-nuJIlber 

n IFN dial '-"digiti iln<llllen =digit2. 

Compositions like' this will re-duec the number of pmum:tiun 
;Ijlplkations to pcrllmll thc ,ask. 

A composed production like 1'1&1'2 still rcquires th::t the 
in ionnation(in lhis case, t!lC tdephoHc number) be retrieved from 
long-Iel'ln memory, held in worldng memory, and matched to the 
5('.:ond and third clauses in 1'1&1>2. Proceduraliz.ation eliminates 
clauses in thc condition of a production that require information to be 
r';lric'led from long·ternl memory and held in working memory_ In 
1'1&1'2, the second and third condition clauses would be eliminatcd. 
'I hi: variables IlHlt would have been bound ill matching iliese clauses 
ilre mplaced by ilic values that they arc bound to in the special case. If 
111is pmduction is applied in dialing Mary's telephone number, which 
is t!_E·2815, the variables in PI&P2 would be bound as. follows: 

== tdephone·number :: Mary's number 

",digitI = 4 

=digit2:: 3 


Snb~lituting these values for the variables and eliminating the second 
and third condition clauses transforms the production into: 

Pl&P2* 
IF dle goal is to dial Mary's number 

THEN dial 4 and then 3. 

By further composition and proceduralization, a production can be 
built that dials the full number: 

P* 

IF the goal is to dial Mary's number 
THEN dial 4-.1,2,2-8+5. 

ft should be emphasized that forming this production docs not 
necessarily imply the loss of the declarative repfCSCntation nor of the 
ability to usc it interpretively. In thc few reported cases of loss of 
declarative access to a telephone number, the declarative knowledge 
llns_cased to l)e used and hos :;impl,' been forgotten. 

Elscwhcrc(Andersoll, 1982, 1983a; Neves & Anden-,oll, 1981) we 
lin'.'''! di>cus';ed the evidence for knowledge compilation frem the 
!iu:r;~[lIre of experiment:11 psychology. The major isslie to be 
.:ol~,;i(kred here is how the!;e mechanisms arc implemented 1'nd lI~d 
ill rebtively complex problem-solving domains. Our work 01\ thi~ 
topic has been done in the context of the GRAPES simulation of the 
ACr theory(Sauers and Farrell, 1982). GRAPfS is a system devoted 
to simulating ACr in the contcxt of novice USP progrl1l1l1ning. It 
simulates the probkm solving and programming of novices in writing 
LISP timetions and how novices leam from their plOblcm-solving 
cpj~odc~, (will describe herc first a typical 'GR,\PES sirr:ulation of a 
subi~.~t ane !hen focus on the mechanisms (If knowledge compilation 
l.nd.:rlying :.11at simulation. 

A Simulation of LISP Pmgramming 

One of our consistent observations ab,lut novices is that [hey arc 
not uble to read instructiuns, of even modest complexity, and then 
gcnerate, without'crror, the behavior instructed. This is nut surprising 
gi\ en the ACT theory. According to tlwt theory, in~trtletions arc 
stored initially in a declarative fonn while behavior requires 
pmcedurcs which arc represented as. productions. Instructions cannot 
directly set up procedures to perform dlC skill. To get behavior. 
general intcrpretive productions must convert this knowledge into 
behavior. Many of the problems arise because of the indirc.;tion 
through Illesc interpretive productions. 

I will discuss one of the early learnihg episodes that we have 
simulated_ If the reader is interested in the simulation of more 
complell programming behavior he is referred to Anderson, FarrelI. 
and Sauers(1982). The problem-solving episode to be discussed, from 
one of our subjects fiR, is typical of the diftkulties people have in 
making Ille transition from instruction to experience. She had read the 
instruclion on pages 33-37 of Winston and Horn(198l) on function 
definition and had turned to tjle first problem on page 37 to define Ule 
function FIRS r. This fUllction was to return the first clement of a list. 
This was her first attempt at defining a fimction. 

She extracted virtually nothing from the text instrnction. What 
she did extract was a template for how to write a function definition: 

(DEFUN <function name> 
«parameter 1> <parameter 2>.._<parameter n» 
<process description» 

Winston and Horn assert "angle brackets delineate descriptionS uf 
things". She also studied three examples of function definitions to 
whkh she reti:rr~d. The first convert(;d filrenhcit to c~i1tigfi'ldc: 

(DEI-UN F-'m-C (TEM F) 

(QUOTIENT (DlFFERENCETEMP 32) I.ll)) 

'n~e $\.'Cond exchanged the tirst two members of a list: 

(DEFUN EXCHANGE (PAIR) 
(LIST (CADR PAIR) (CAR PAIR») 

Th" lhird returned the percentage by which the second argument is 
larger than the first: 

(DEf"UN INCR~ASE (X Y) 

(QUOTIENT (TIMES 100.0 
(DIFFERENCE Y X» 

X» 

The one other relevant, thing BR knew was the function CAR 
ann how to usc it when interacting with the. monitor in LISP. CAR 
returns the first element of the list which is it~ argument. She knew, 
for instance, iliat if she types (CAR '(A B C». Ille monitor would 
return the answer A. Thus. this problem is really an exereise in using 
the syntax of function definition rather than defining a novel function. 

BR's method of solving this problem relied heavily on trying to 
use the strocture of the template and the examples to guide her 
function writing. We refer to this process as structural analogy. We 
created a production system in GRAPES that would simulate this 
protocol. The only productions we required for this simulation were 
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OllCS to do stmctural, analogy and oncs that could use the LISP 
fUllctions CAR and CDR at the top level. 111c /irst ty~e of 
productions represent a general prior skill evoked in many contexts 
(r,:r instance. in filling out income tax forms), The second ly!'e wa.~ 
acqllir.::d from work with earlicrchaptcrs in Winston and Horn, 
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Figure 1. 

Figure 1 illustrates the gc)al tree generated in simulating this 
ex,cmple, Each box in Figure l represents a goal and each arrow 
em~l1ating from the box represents a GRAPES production trying to 
achieve the goal. If th.: production has subgoals, it is connected to goal 
boxc<; below. The simulation starts with the goal of writing the 
fUllCtion and choo$c~ as its method to use the template for function 
definition as model. We refer to this as mapping the template, The 
first suhgoals that GRAPES pnll:esscd in Figure 1 were concerned 
with mapping DEFUN and (function name> in the template, 
Productions resp(>uding LO these goals wrote out "(DP-FUN HltST" 
without diflku[lY. 
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l.ike Ol'r subject, G RAPES was not able to dir;:ctly writ(' Ollt the 
namrn':l('r part of Ole function template because G RAPES did not 
kr.tJ\! ';,,'hat :t "p~lrarnctcrti W;j~. In cn:~(s ~ih.: this. (ji~/\rF.;/ (Inalogy 

prcdw:t!"Hb \viiI resort to a cnncn.:{t.~ C\il l 71!1!,\ 'I he c{a:(\'c'l~ C\;(!}tJ)1c 

r~t! kll.'J by (j l{APES is the dclinilion of F-TD C gi':cl1 c;" ]:,:r. "he 
subject r.;l'iI.'IH'd two cxampks ill \'Iin:;h'l~ ::l1d lIolll--F-TO"C and 
F,XCll.'1NGE. In buth ':;I$C'; she nut('(: ~hc sinje argulilent v,h:ch Wi1~ 
the par:unetcr. GRAPES solver! the ;'(n.I~(l~Y: X is to F-TO-C as the 
P<lr:ull(!(er list (Le.• «I':I!'mil<.:l~i' 1>(par:uHetcr 2)...<I'aramctcr n»)) i~ 
to the ~bstl'i\ct template. :lad retrievcd (Tf'1'.IP) <I~ lh.: v;',l",: rur 
X. 'J loll';. it decided (TEMP) w:!~ serving the p,lrillll';I.Cf role ill F:I O-e. 
Tl1e11 it solved the analogy X is to FIRS r a~ rn:!',iP) is w F-TO-C and 
CJI11i: lip with the ,lllswcr (I,IST!) which it put into the functioll 
definition. That is. GRAPES decided (LiST!) served the compamhlc 
role in the function it was delining tiS (TEMP) was serving ill "'-TO-C. 

'nlen GRAPES turned to the process descriptin!l. Being ullable 
to directly interpret what is fll('ant by <process description>. it looked 
to its concrete example F-1'O-C and saw thilt \.ISP code filled this slot 
which performed the function openltions. In analogy. GRAPES set its 
goal to write code that would pertolm the operations required by 
FIRST. The subject at this point looked to a different example, 
INCREASI.~ for the same purpose of analogy. A production for using 
CAR at the top level applied next in GRAPES, but there is no 
production to specify how to write the Jtgument to the function to 
CAR in this context. GRAPES and the ';ubject know that CAR will 
operate on L1STl, but they do not know the syntax for ~pecifying it. 
GRAPES again turns to its concrete example, F-TO-C, and solves the 
analogy (CAR ARG) is to (QUOTIENT X) and retrieves 
(DIFFERENCE TEMP 32) which i" the fust argument to 
QUOTIENT. It then solves Ole analogy problem of what it must do to 
I.lSTl to make it like (DIFFERENCE TEMP J2) and decides it 
should embed Llsn in parentheses. Similar to GRAPES. the subject 
looks at a function EXCHANGE whic" has dle same argument 
structure as F-TO-C. We assume she makes the same erroneous 
analogy because she writes (USTl). The first argument to 
QUOnENT in F-TO-C is embedded in parentheses (as is the first 
argument to LIST in EXCHANG E) because a function, 
DIFFERENCE. mllst be called to calculate the argument for 
QUOTiENT whereas no function call is required for the argument to 
CAR in the FIRST example, '[1le function detinition at this point by 
both subject and GRAPES is: 

(DEFUN FIRST (L1STl) 

(CAR (LlSTl») 

There are two things to note at this point. First. the subj\.'Ct has 
reild, in the text, information Ola! would have enabled her to know not 
to embed Llsn in parentheses. but this has no impact on her 
behavior. Second. on previous occasions she had correctly specified 
variable arguments when evaluating functions at the top-level. 
Eventually. the tlltor ll;;cd thi~ second rart. Ihat the subject could 0" it 
corrc1.'tly at the top level. to guide bet' to it Cul'l'ect ~;dlltion. Both of 
[hese observations illustrate Ole relative isolation Ill' knowlctige. That 
is, knowledge studied or used in one context is not availahle in another 
context. 

When the subject tries her function definition. an error message 
is g'~lIcrlllcd--"L1STl: undefined function object". GRAPES received 
the same error message when it tried Ollt the same function definitloll. 
The error occured because LISP treats dl'.l til'\t thing inside a 
pufCll!hcsi7.ed expression to be cViihmtcd as a function and th<::rc is no 

http:pufCll!hcsi7.ed
http:p,lrillll';I.Cf
http:Tf'1'.IP
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n,:"~'.ii)ll ('O!T;;:,p',lIdilig to LIST!. GR:\I'ES ,l>sociatt:J this ;;;rror wiih 
ii,~ Eli!!.'f;;; to C(l:ICCtly sp';'dty the argumclit lO C:\!{. On previOliS 
O(X:ISiOIl'l BR hac encountered the same error at the top Ic\c1 typing in 
umllll~Hlds like (eAR (A» \·..I1.::rc the ar&ul11ent to CAR is kJ be taken 
literally futher thail evaluated. Always in the past she had repaired 
I[H~\I: crrors by quotillg thc argument. Tbi~ is done hy pfC(;('ding the 
argument with a $ing\c quote, Le. (CAR '(1\». Wc nssurnc that both 
tlh~ ~ubject itll.! GRAPES have CGmpiled from prcvious cxpcrience a 
rule that the WHY to fepress this error is by using quote, whkh $tops 
usp rrolll evaluating. After applying this rule thc function becomes: 

(l)[cHJN FIRST (LlSTI) 
(CAR '(LlSTl») 

When this new function is tried on an example. USP retul11S the 
CAR of '(LlSTI) which is LlSn'-rather than the nrst clement of the 
valli':: of IJST1. It is at this point that the tutor intervenes and reminds 
Ihe suhject of how she would solve the problem at the top level. In this 
context the subject would have used (CAR LIST!) rather than (CAR 
(LlSTl» or (CAR '(LlSTl». We simulated this intervention in 
GRAPES by refhCllsing it on the code-argument goal in Figure 1, and 
putting (CAR USTl) as a top-level example in working mem~ry. 
Then GRAPES. as the subject, maps this code to its current function 
definition and comes up with the correct code: 

(DEFUN FIRST (LIST!) 

(CAR USTl» 

Knowledge Compilation 

After finally solving this problem. The knowledge compilation 
mechanisms fonned two productions which aided its solution of the 
second problem, These productions summarized much of the problem 
solving that took place. 

Cl 
IF the goal is to write a function of one variable 


THEN write (DEFUN !lmetion (variable) 


and set as a sllbgoal to code (he relation calcnlnted hi' 


Illis fUllction 

and then write ). 


C2 
lF the goal is to code an argument 

and that argument corresponds to a variable of the fUllction 

THEN write the variable name. 

We have encireled in Figure L the flortions of 1l1e goal tree that are 
slImm'lrhed by each of these productions. The lirst production 
captures the top. level syntax of a functioll while the second 
Sltnnnarized the search involved in finding uut how to specify all 
argument to a function. With these productions, GRAPES was able to 
write a second function much easier. as was 1l1e subject This fUllction, 
called SECOND, was to return the second clement ofa list 

Conclusions 

'n1ere are a number of conclusions that we draw from this 
example. '111e first is the importance of structural analogy to bridging 
the gup between current knowledgc and the needed hchavior. We see 
two SO:.lrees fur the structure fr.)m which Ill\: analogy is being made. 

One is templates pro'iided in the text illld worked-out pn;blems. The 
other is structures that the subject can gt'llcratc" tor illsl~ncc, the 
subject gencr,ltcd (CAR LlSn) as top-level solution ;mcl thclI used 
this in her fl:ndioll dennition. 

A second conclusion concerns the hierarchical structure l,f the 
problclil'~olving episode as Illustrated in Figure 1. Note also that the 
goals in this tree arc expanded depth-first and Jeft-to-right. Jeffries, 
Turner, Atwood and POI:;()11 (1981) also not~ Ih:s hicracchkal structure 
in the programming behavior of cxperts--although their subjects use 
breadth-first expansion in correspondencc with the edicts of structured 
programming. 

The third conclusion is the importance of I:!lowledge 
compibtion in extracting new production rules from an cxatnflle 
problem. '1l1cSC ruk'S ~trcamlil1e the solution of later problems. As [he 
protocol ~hows, the learning call be on the basis ofa single example. It 
needs to be stressed that the lessons of this example "stuck" which is to 
r,ay, BR did not have, on later day~ the same difficulty with the basic 
syntax or fUllction definition nor argument spedficatioll. It should 
also be stressed that compilatioll depends critically on the structure of 
goal trees. That is, the strllcture of the gonl tree identit1cs what p3rts of 
the problem-solving episode belong together and can be collapsed into 
J ~illglc rule. 

In these three !caturcs--slrucrun,1 analogy, ili.:ran.. iJi,·al goal 
tr~c" m!ll knowledge compilation--wc have onc complete s(,lution to 
file is';u<: of how the subject is able to make the tHlllsitit'n to a new 
cllgnitil'c behavior. 

Further Discussion of Compilation 

It would be useful to consider some further examples of 
prnc"c\'.:ralizatioll and composition, the two subprocess of compilaiion, 
for th~ domain of I .ISP programming. 

Procedu ralizaiion 

i'roceduralization can be iHustrated in its pure form by the 
following example: In GRAPES there is a production thnt will 
retrieve function dennitions from long-term memory' and apply them: 

IF the goal is to code a relation on an argument 


and there is a LISP functio n Ihat codes this relation 

THEN use this function with the argument 


and set as asubgoal to code the argument 


III this production, relation and jUllction are variables-which allow the 
production to match different data. The second line of the condition 
might match, fer instance, "CAR codes the first member ofa list." If 
this mle is proceduralized to eliminate the retrieval of the CAR 
definition, it becomes 

IF thc goal is to code the first member of a list 

THEN use CAR ofthe list 


and sct as a subgoal to code the list 


This is achieved by deleting the second c1au$C ill the first production 
that required memory retrieval. Rall1cr, the rest of the production is 
made: spccific to the relation first clement and the fi.mction CAR. Now 
:i production has been created which can directly recognize the 
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app!:catiOII of CAR. '111is will result in a reduction in tile amollnt of 
long·trrm memory information that needs to be maint.'lined in 
working memory. 

Composition 

As an example of pure composition. suppose one wanted to add 
the iirst mcmber of Listl to List2. Then the tbllowing two operators 
would apply in sequence: 

I F tile gmtl is to add 1II1 Ck'Mcllt to a li:>t 
I flE~: CONS (he clement to lhe lis[ 

awl s<!t ;IS subgoals to code the clement 
and to cod\! the list 

IF the goal is clxlc the first member of a list 

TfiEN lIS~ CAR of the list 


and set as a SUbgU'll to code the list 


'I'll!! first rule above would apply binding an clemelll to "the first 
memb~r of Listl" and (I lisl to "List2". The second production would 
apply hinding a list to "Listl". A simple ell,e of cemposition would 
imolvc combining thes(: two productions tog>?ther to produce 

C4 
IF the goal is to add the first member ofunn list to another list 

THEN CONS the CAR of the first list to the second list 
and set as subgoal'! to code the first list 
and to cede the second list 

Such compositions collapse repeated sequences of coding 
operations to create macm·operators. The result is a speed'up in 
coding. A major issue concerns what productions to compose together. 
'Ine abuve example is a fairly simple case of collapsing two levels of a 
goal tree into one. However, in some cases, such as when Figure 1 was 
collapsed into two prouuctions•. many productions can be collapsed. 
GRAPES determines what productions to collapse by inspecting the 
goal tree. lberc arc two types of goals for. purposes of composition. 
There arc illlzeretli goals and there are planning goals. Inherent goals 
are intrinsic parts of the problem domain. For current purposes 
inherent goals are all variants of writing code. The important feature 
of inherent goals is that in achieving them one achieves part of the 
original task. On the other hand. planning goals produce results that 
arc used to guide solution of the original problem but the results 
themselves arc not part of the original problem. In Figure 1 the 
inherent goats are "CODE mE FUNCI10N", "CODE TBE 
RELATIONSHIP", "CODE THE ARGUMENT", and "WRrrE 
THE VARIAB1.E"; all the rest are planning goals. 

Composition collapses productions in one of two ways. One 
possibilility is to eliminate the planning goals that are intermediate 
betwecn two inherent goals. 'n1is is what happened when Cl. given 
earlier. was formed for Figure 1. Composition formed a rule that went 
from the goal of "CODE THE FUNCI'ION" to the goal of "CODE 
THE RELATIONSHIP". In doing this it compiled out the planning 
process lUld simply left in the products of that planning. The same 
process underlies the formation ofC2 from the goal tree in Figure 1. . 

The ~eclJnd po~~ibili[y lilt c(Jmpn~ili()n is i1Il1~tratcd itl the case o~ 
C4 given earlier under the discllssion of pure composition. H~re it 
~tarts with the aoal or iKlding the IiTh[ clement of OIlC II!.! to :mothcr, 
skips over Lite intefilledialc goal of coding the liTht Clcment of Ih(! list, 
lIlIU sets the goals ofcoding the lwo lists. In so doing this it is bllsically 
creating macro opemtOl's somewhat similar «l STRIPS(Hkes ,1Ild 
Nil~~on, 1971). 

This learning scheme requires that the learner be able to identify 
what subeoals were esscnlial 10 the problem &olutiolls and which ltfe 
only illlemiediate to the final solution. 

It needs to he emphasized th~lt neither proccduralizalion nor 
cmnposition eliminate tile originnl pwductioTl niles from which they 
were built. Rilther the new compiled rules jllst serve as addiliollul 
supplemental ruks to produce better perlhrmance in certain 
circumstances. 

The effec[ of the knowledge compilation proces.~ is to create a set 
of productions that mirror the structure of LISP. They may explicitly 
involve LISP functions like CAR or COND or LISP programming 
techniques like t.1il-reeursion. These productions will preserve the 
inherent goals which arc specific to LISP and will delete the planning 
goals involved in :lomain·general processes like structural analogy. 
lous representative productions become (sec Anderson, Sauers amI 
Farrell, 1982); 

IF the goal is to code the second member of a list 

THEN use CADR to set a subgoa! 


to code the IiSl 


'F the goal is to obtain all the elements which have 

a relation to any member ofa list 


TI lEN use MAPCONC and set as subgoals 

To code a function that will return all the elements that 


have relation to the argumenl 

To code the IiSl 


Generalization 

Generali7.ation is another learning mechanism which can be 
delined on productions. As it L~ typically formulated(eg., 
Anderson,Kline, and Beasley. 1980). it takes a jlair of productions and 
generates what is called the maximal common generalization. 'Ibis is 
the most specific production that will apply in all the circumstances of 
either original production and have the same effect iIS the original 
productions. So, for a simple example, if we had the following pair of 
productions: 

SI 
IF Fred is rich 

and Fred is ugly 
and Fred is smart 
and Fred is of medium height 

THEN Fred is in club 1. 
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S2 

IF Gidi is deh 

itnd Gail i~ ugly 
ami Gail is stllpid 
and G"iI is of medium hci:,;ht 

Til EN Gail is in club 1. 

Then tlle following pmduction would be formed a.~ the generalization 
ofthe two: 

Gl 

IF =: pcrwn is rich 
and =-= person is ugly 
and -;c: person is ofmedium height 

THEN = person is in club 1. 

wht::re '" person is a variable. The first productions can be viewed as 
spccific observations and G1 is a generali7.ation formed from tllese 
observations. Note G1 is fOimed both by deleting condition c1allSCS 
and by replacing CI1llstants by variables. These are the two 
transformations that occur when one moves to generalizations. 

The interesting observation is that compilation results in clause 
de\ction and replacement of constants with variables. Compilation 
deletes clauses associated with ommitted goals and with planning. On 
\.he other hand variables can remain from the planning process in the 
compiled productions. Thus it appears we might be able to get the 
effect of gCllcralir.ation through compilation. 

:;pcdlically, it appears that generalii'.ations can be formed 
through the process of compiling analogies. The basic framework is as 
fo!lows: The system has instances committed to memory as declarative 
facts. When II new instance is encountered, the system compares it to a 
memorized instance and uses the structure of fhe memorized in~tance 
to guide response. Then compiling this compare-and-rCl>[lond 
behavior produces a production which is a generalization from the two 
in~tnnccs. This is basicaliy what happ('ncd in the case of fomling Cl 
and ('2 fmm Figure l. I would like to go thruugh a simpler example 
here that will make this process more transparent. Then. ( wm discuss 
the psychological evidence that indicates thi,s is the correct conception 
ofgenerali:t.ation in hllmans. 

Consider a very simple production set mat will cla~sify new 
in,tances according to their similarity to studied instmces: 

Pl 
I F the goal is to classify ::: object 

and =reference has been studied 
THEN set as subgoals to compare:;: object to :;: reference 

and to determine if =object is in the same category. 
as ::: reference. 

P2 

IF the goal is to compare =object to =reference 


THEN initialize the measure ofoverlap 

and set as subgoals to match all Ule features of = object 


to "" reference. 


P3 


IF the goal is to match feature to :;: reference 

and =reference has =fe.ature 


THEN increment me measure ofoverlap. 


P4 

IF the goal is to match:;:; feature to reference 

and::: reference docs not have::: feature 


THEN decrement the measure ofoverlap. 


PS 

TF the goal is to detennine if =object is in the same category 
as =re ference 

and the measure ofoverlap is above threshold 
and =reference is in =category 

THEN :::object is in =category. 

P6 
IF the goal is to determine if ::: object is in the same category 

as =reference 
and the measure ofoverlap is below uveshold 

THEN POP failure. 

This productioll set will kccp compnring the to'be-cli1~sificd object to 
c<lndidate rei"rcllces fwm mernory l1ntil a hiGh similarity reterellcc is 
rOlllld. Theil it will categorize the object as in Ihe s,1me category ,1$ the 
high similarity reference. 

MATCH 
MEDIUM 
HEIGHT 
'iJP3 

Figure 2. 

Suppose the f.ystcm has committed to memory that Fred is in 
calegnry 1 and he was rich, ugly, smart, aad of m"diuITI height. Then 
the system is asked to categorize Gail who is rich, ugly. stupid, and of 
mrdium height Figure 2 illustrates the goal tree gmcratcd by 
GRAPES in applying this production set to the c1assificalion problem. 
It found In'ltches on three features and mismatch 011 olle--which was 
sufficient to exceed threshold. The compilation process rCE<lrd\!d all 
the similarity comparison as planning goals and compiled all of-this 
out and tbnncd the following single production: 

I F the goalis to classifY :::: object 
and = object is rich ­
and =object i~ ugly 
and ::: object is of medium height 

THEN::: object is in club 1. 
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This prmluction is essentially identical to the generalization 01 given 
earlier. Thus, compiling the process of make an analogy will result in a 
gelleralization. 

What has been described is a procedure for getting the same 
effect ,L~ gencrali7.lltioll. What reason is there to believe that it is the 
process underlying generalization rather than the more direct 
generalization mechanism? First, it is more plausible within the ACT 
production system framework. To produce a generalization in ACT it 
is necessary to stm'[ out with very specific productions like SI and 82 
given carlier. This is because the generalization mechanism only work.s 
on productions. These highly specific productions are patently non­
intuitive and moreover the ACT theory would claim it is not possible 
to directly form such productions. So, an ACT theory that produces 
generalization through compilation is more plausible than one that 
uses the direct generalil.ation mechanism. 

Second, independent of the ACT framework, the evidence is 
against an automatic generalization mechanism that has no strategic 
component. Both Elio and Anderson(1983) and Kline(1983) have 
shown that the generalizations a subjects emerge with will depend on 
both their problem-solving set and the order of the examples. Thus, it 
docs not seem that humans extract always and only the maximal 
common generalizations. The generalizations they do extroct are 
detennined by what Uley are looking for. This is better modelled by a 

syst,m like the prcceding that leaves similal ity detection at the 
strategic level. 

Thifd. notice that the system can classify on the basis of a single 
f.tll(ii~d instance. A generalization scheme requires at least two 
inst:lI!ces to form a generalization hefore novel instances can be 
dassifrcd. Elio & Anderson (1981) showed that subjects can classify 
novel instances on the basis of similarity to a single studied instance 
when there is no possibility of generalization. This is consistent with 
tbe current conception. In addition, Elio and Anderson showed that 
subjects could better classify a· novel instance when there was a 
relevant generalization that could be formed from two studied 
instaoces--even when overall similarity of studied to novel instances 
was kept constant. This shows that generalizations also do oceur and 
all classification js not a matter of analogy--again consistent with the 
current scheme. 

Also, experiments have been done where subjects can classify 
novel instances after studying instances unaware of their classification 
structure(Brooks, 1978). For instance, subjects learn to associate 
animals and cities to stimuli in a simple paired-associate experiment. 
After doing the paired-associate task. they are told that all the stimuli 
a8.~iated to new-world animals and cities fonn one category and all 
stimuli associated to old-world responses fonn another category. 
Subjects were unaware of the old-world versus new-world dimension 
during study. They c:;an now reliably cll!SSify new instances as to 
whetoer they are old or new world stimuli. Since subjects were not 
awale of the classification structure at study there was no opportunity 
to fOl'm generalizations. The c1assi(lCation must be on the basis of 
comparing specific test stimuli to specific study stimuli. 

Carbonel1(1983) provides an elaborate discussion ofhow analogy 
migbt be used to guide problem-solving which goeS beyond the 
discussion here. He also speculated on how generalizations might 
emerge from the allalogy process. He proposed that the subject would 
store analogical solutions and generalize from these in just the way 

typical generalization from examples works. This discussion shows 
that generlllizations can emerge as a byproduct of the analogy process 
without a separate generalization phase. 

Disc rimination 

Less work has been done on discrimination in the knowledge 
acquisition literature and there is less consensus about how to do 
discrimination. However, the general situation for discrimination is 
one in which there is an overly general rule and there is a need to 
restrict its range. I personally doubt that there is a single way to form 
discriminations and this probably accounts for the lack of consemms in 
the ·litcr<1ttlfe. I certainly do not think tllere is a unifo!111 
discrimination process in the human. However, for purpos.os of 
disc'.ls~ion I will focus on II kind of discrimination ('ailed action 
discrimination in the ACr Uleory(Anderson, 1982. 1983). Again for 
clarity I will illustrate it with respect to simple cll\ssification~ hut 
Ancter;,on(19112) can be consulted for more complex applications. 

Suppose we have the following general production: 

G2 
IF = person is rich 

:::: person is of medium height 
THEN =person is in club 1. 

Suppose this rule is applied to David who is smart, good-looking, rich. 
and of medium heighL It would clasSify David as being in club 1. 
However, suppose it is subsequently learned that David is in club 2. 
Thus. an error has been made and the system sets out to form a 
discrimination that will correct this error. 

In forming a discrimination the system looks for some past 
instance where the rule correctly applied. Suppose, in this case, Fred is 
retril!ved as someone correctly classified by the rule who is smart, ugly, 
rich, and of medium heighL The discrimination mechanism loots for 
some feature which was true of the successful instance but was not true 
of the unsuccessful instance. In this case, the only difference is that 
David is good-looking while ·Fred .is ugly. Therefore, a new 
production is formed that has this ~ded feature: 

Dl 
IF ==person is rich 

and =person is of medium height 
and == person is good-looking 

THEN = person is in club 2. 

This is called an action discrimination because it has a different action 
than the production(02) from which it was formed. Dl does not 
replace 02 but because of the specificity ordering of productions 01 
will take precedence over 02 whenever both match. 02 will only 
apply when the person is not good-looking. Note in fonning a action 
production the system both adds to the condition ofa production and 
changes the action. 

The interesting thing to note is that compilation can have the 
effect of adding to the condition of a production and changing the 
action. When we compose two productions, PI followed by P2, we'can 
add to the conditions of Pl some of the conditions of P2 ~nd we can 
change the action of PI to the action of P2. 1bu5, it appears that we 
might be able to get the effect of discrimination through compilation. 

http:purpos.os
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The h..<.i,: s;.:helUe· [\)1' gelling discrimination through compilation 
is ~;) h~\'c thl~ :;ystelll cllllsciously and deliberately go through Ihe steps 
illl'llhccl in fonning a discrimination. This means doinc 
di~(;ritnination by the computation of productions rather Ihan having it 
be an <:utomatic process sitting above the production system. TltllS, a 
s"Iucnc;: of productions will compute a discrimination. Compiling 
tIut Sct:jlH!IlCe will result in a discriminated production. As we \%iI\ sec, 
doing this is not as technically straightrorward as Ihe g.~nemlil.atioll 
cas.~. This is because it would be necessary to inspect the (;t'ntellt~ of 
productions 10 perrectly mimie Ihc automatic discrimination pmcess 
whereas this is not necesS<lry to mimic generalization. In Ihe ACr 
Ih"ory one production cannot inspt'Ct the contents of Jnother. Still we 
can get Ilearly Ihe effect of automatic discrimination in a filirly 
plausible way. 

As noted earlier, Ihere lire multiple different ways of fonning 
discriminations. This section will focus on Ihe .action discrimination as 
just sketched out. However. Ilhink Ihis general scheme will extend to 
other Iypcsof generalization. This scheme involves having Ihe 
productions compute Ihe discrimination and Ihen compiling that 
computation. After illustrating compilation of an action 
discritnilldtion. I will consider Ihe evidence that this view of 
discrimination is psychologically correct. 

This example wi\l be developed within the framework of 
productions Pl'P6 given earlier for classifying object'! by analogy. The 
leaming situation I have in mind is one in which the subject milkes a 
classification of an object, reCeives feedback. and if Ihe classification is 
incorrect the subject goes about trying to find a discriminating feature. 
We will assume the subject has compiled the following too-general 
production: . 

G2­
[F Ihe goal is to classify =object 

and =objcct is rich 
and:::: object is of medium height 

TH EN :;:;; object is in club 1. 

11115 is just a variant of 02 given earlier but now set up for the t"Urrent 
fi'lmework. As earlier we will assllme it misapplies to classify David 
who is smart. good-looking. rich. and medium height as in club l. An 
error is detected and a goal L'I set to reclassify David. 

'The following Ihree productions arc relevant to the correction of 
II misclassific:ltion: 

P7 
IF rhe goal is to class; fy =object 

.md =objcct is in =categoryl 
but := object was classified as in :::: clltegory2 
and ;:.:: reference is in =category2 

THEN remove the classification of =object 
and set as subgoals to finq a difference between = object 

and =reference 
and then to reclassify = object 
and then to correct the classification of =object. 

P8 
IF Ihe goal is to find a difference betwecu -:: object 

and :::: reference 
and = object is in = category I 
and :::: object has = featurel on = dimension 
and = reference has :::: feature2 on = dimension 
and:::: feature I is different from = feature2 

TUEN conclude = object is in =category I because of :::: featlll'c I. 

P9 
IF Ihe goal is to correct Ihe classification of :::object 

and := object has been classified as in :;: category2 
but:;: object is in =category1 because of feature1 

THEN change Ihe classified category of = object to =category1. 

Production P7 will apply to correct the situation. It selects some 
instance Ihat was in Ihe incorrect category. Suppose again it selects 
Fred who is rich. ugly. smart. and of medium height This is an 
instance Ihe overgeneral production 02* would have corrcctly 
classified. lbere is no guarantee that Ihe instance selected by P7. will 
be one that fits Ihe overgeneral production. because P7 cannot inspect 
02*. However, Ihe spreading activation retrieval mechanisms in 
ACr(see Anderson. 1983) would tend to select an instance Ihat 
overlaps highly with the current instance and hence is matched by the 
rule that classified the current instance. P7 sets goals to find a 
difference between David and Fred and then to reclassify David. 

Production P8 will note that David is good-looking while Fred is 
ugly and so enter into memory the fact that "David is in club 2 because 
he is good-looking". Then Ihe system will return to the goal of 
claSSifying David once again. Again 02* would apply to misclassify 
David as in club I, but now production P9 can apply 10 correct the 
clas,ification of David. 1'7 followed by 1'8 followed hy 02* followed 
by 1'9 con,titute a goal tree Ihat can be composed togc[ilcr nnd 
pm::;;:duralizcd. 'lbe result will be the following production: 

nl~ 

IF the goal is to classify =object 
and :;: object is rich 
and =object is of medium height 
and =object is good-looking 

'mEN = object is in club 2. 

111is is essentially Dl formed earlier by the automatic discrimination 
mechanism. 

1l1ere are two essential features that distinguish this means to 
discrimination from the automatic discrimination of Ihe current Act' 
theory. first, it requires that the learner initially make a classification 
of the object and then correct that classification if in error. Second. it 
requires that the learner make a conscious hypothesis about what 
distinguishes the current instance from prior instances that were in the 
hypothesized category. Both of these features have been confirmed in 
two series of experiments by Lewis and Andecson(in preparation). 
One series of experiments involved rules for proving triangles 
congruent in 'geometry while Ihe other series involved rules for 
travelling through a maze. In both series subjects were given 
overgeneral rules to start with and had to discriminat.:: these rules. 

i 
i 
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Subj~lq who passively stullied instances failed 10 learn the 
discriminating features. Subjects only learned whcn they made active 
hypotheses about the correet rule which could then be discontirmed. 
Second, the only subjects to learn were those who had some conscious 
awareness of what the diSCriminating features were. Thus, we found 
ttwt subjects only discriminated wpen both conditions were satisfied 
for the current scheme of discriminating through compilation. 

General Conclusions 

There is ample evidence for something close 10 knowledge 
compilation as a basic process of human learning(Anderson, 
1982;Anderson, Farrell, and Sauers, 1983; Neves and Anderson, 1981). 
111e evidence had always beeD rather scarce for the ACT mechanisms 
of generalization and discrimination and more recently we have been 
gathering some rather negative evidence. However, it seemed clear 
that human learning required generalization and discrimination in 
some form even if not the ACT form. It now appears that the ACT 
knowledge compilation mechanisms can produce discriminatiQn and 
generalization in a more plausible fonn. 

It is something of an embarrassment that we worked so long with 
the ACr mechanisms before realizing how the knowledge compilation 
Ill,chanisms could be recruited to provide the effect of generalization 
and discrimination. This is because we thouglit of knowledge 
compilation as simply making more efficient existing paths of 
processing ralher than enabling novel paths of processing. To gel 
nowl behavior it seemed that we needed inductive mechanisnls of 
le,.rning such as gcneralization and discrimin:llion. What we f,li1ed to 
recugnizc was that if we compiled the results of acting on the basis of 
similarity detection and ·difference detection we could produce 
productions that enabled novel behnvior. 
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ABSTRACT 

Many theories of human concept learning and 
some modela "for Machine pattern recognition im­
ply that linearly separable categories should be 
easier to master than categories which are not 
linearly separable. When categories are linear­
ly separable, classification can be thought of 
as analogous to a summing of evidence against 
some criterion. An accumulating body of evidence 
suggests that such a summing of probabilistic 
evidence is not very natural for learners and 
that linear separability is ~ an important con­
straint on human classification performance. 
When learners perceive the various attributes or 
sources of evidence to be related to some super­
ordinate theory, however, summing of evidence be­
comes more natural and linearly separable cate­
gories are easier to master than nonlinearly sep­
arable categories. These results are consistent 
with the idea that concept naturalness cannot be 
described solely in terms of abstract structural 
properties (such as the presence or absence of 
linear separability) and that people's theories 
ab wt categories may determine which operations 
or descriptors are natural. 

!!Y terms: Ill-defined categories, classifica­
tion learning, linear descriminant functions, 
prototype models, machine pattern recognition, 
concept naturalness. 

I. INTRODUCTION 

1.1. Main focus 

Classification is a fundamental cognitive 
task. Our entire system of naming objects and 
events, talking about them and intemcting with them 
presupposes the ability to group experiences 
into appropriate categories. Since experiences 
might be partitioned in a limitless variety of 
ways, an important question is why we have the 
categories we have and not others. That is, what 
structural principles or constraints character­
ize natural concepts1 We will assume that nat­
ural concepts should be easy for people to learn 
although it would be incorrect to make the con­
verse assumption that easily learned concepts 
necessarily are ,natural. As will be seen, al ­
ternative theories imply differing constraints 
on category structure. 

1.2 Concept structure 

There is general agreement that natural cat­
egories such as bird, fruit, furniture, and tools 
are structured so that exemplars within a cate­
gory are more similar to one another than to ex­
emplars from alternative categories. There is 
considerable disagreement, however, concerning 
the rigidity of this structure. 

1.2.1 The classical view 

One view is that all natural concepts are 
characterized by simple sets of defining proper­
ties or attributes that are singly necessary and 
jointly sufficient to determine category member­
ship (e.g., Katz & Postal, 1964). A candidate 
exemplar either does or does not possess these 
defining properties and in this sense classical 
view concepts are well-defined. 

1.2.2 The probabilistic view 

For a variety of reasons the classical view 
of concepts has fallen into disfavor (see Smith 
&Medin, 1981, for a detailed review). The con­
sensus now has it that most natural concepts are 
not well-defined but rather are based on rela­
tionships that are typical or only on the average 
true. Members· of a categcry may vary in the num­
ber of characteristic properties they possess and 
correspondingly vary in the degree to which they 
are judged to be good examples (typical) of the 
concept (Rosch, 1973; Smith, Shoben & Rips, 1974. 
Mervis & Rosch, 1981). For example, robins have 
the characteristic properties of flying, build­
ing nests in trees, and singing and are rated to 
be better examples of the category bird than are . 
ostriches who manifest none of these properties 
(McCloskey &Glucksberg, 1978). Not only is it 
the case that category membership judgments ap­
pear to be based on characteristic properties, 
in many cases laypeople and experts alike can­
not specify the defining properties of concepts 
(e.g., furniture) that are required by the class­
ical view. The idea that many natural concepts 
are ill-defined will be referred to as the prob­
abilistic view. 

1.3 Learning models for ill-defined categories 

1.3.1 Models and constraints 

If many natural categories do not have de­
fining properties, how do people acquire and use 
them? Candidate models and theories exist in 
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both cognitive psychology and machine learning. 
There are certain formal similarities in models 
across these domains that suggest some consttaints 
on concept naturalness. 

1.3.2 	 Independent attribute models 

Posner and Keele (1968) proposed that people 
form an impression of the central tendency of a 
category as a result of experience with exemplars 
and that categorical judgments come to be based 
on this central tendency or prototype. An os­
trich, for example, would be judged to be a bird 
and not a mammal because it is more similar to 
the bird prototype than to the mammal prototype. 

T<hat does prototype theory imply about the 
structure of categories? The main constraint is 
that the process has to work in the sense that all 
category members willbe accepted and all nonmem­
bers rejected. If it happened that canaries 
were mammals and not birds, a prototype process 
would not work because canaries have many charac­
teristic properties of birds and few character­
istic properties of mammals. 

There are corresponding models in the liter­
ature on machine pattern recognition (e.g., Nil­
sson. 1965). Of the many elegant and powerful 
pattern recognition algorithms that have been pro­
posed (see. for example, Chen, 1973), particular 
interest attaches to a special case of discrimin­
ant analysis, namely, linear discriminant func­
tions. If A is a pattern-having n propert~ 
~(al' a2 .···a ) • then g(A) -~wlal + w2a 2 + 
•••wa + w +1 js a linear discriminant function 

n n 	 n
where WI - wn are property weights (and W+lis an 
additional constant included for computatjonal 
convenience) associated with the set of proper­
ties. 

If exemplars (each having n properties) from 
two different categories are to be classified, 
then one can attempt to find a set of weights on 
these properties such that the linear discrimin­
ant function yields higher values to all in­
stances of one class than to those of the other. 
If such a function can be found. then the cate­
gories can be partitioned on the basis of the 
discriminant function and the categories are said 
to be linearly separable. This constraint can 
also be described in geometric terms. TWo cate­
gories are linearly separable when a boundary 
exists between the two sets of instances, this 
boundary being a straight line if the instances 
are described in two-space, a plane if the in­
stances are described in three-space, and so on. 

There 'is a formal similarity between linear 
discriminant functions and prototype models. One 
way of thinking about classifying stimuli on the 
basis of similarity to prototype is that it in­
volves a summing of evidence against a criterion. 
If an instance has a sufficient number of bird 
properties then it will be classified as a bird. 
Whether one thinks of the process as a global 
similarity judgment or a summing of evidence, for 
a prototype process to work perfectly the cate­
gories must be linearly separable. Whichever 
formal language one adopts. models based directly 

or indirectly on a weighted function of proper­
ties, considered independently, imply that lin­
early separable categories should be easier to 
master than nonlinearly separable categories. 
Because this class of models assumes that prop­
erties are processed independently, they will be 
referred to as independent attribute models. 

1.3.3 	 Relational coding models 

There is a set of classification models that 
do not imply that linear separability is an im­
portant constraint on categories. These alter­
native models have in common the assumption that 
classification involves in one way or another 
combinations or interactions of properties or 
attributes (e.g., Anderson, Kline, & Beasley, 
1979; HayeS-Roth & Hayes-Roth, 1977; Medin & 
Schaffer, 1978; Michalski. 1980). We refer to 
this class of models as relational coding models. 

1.3.4 	 Contrasts between independent attri ­
bute and relational coding models 

Since it is difficult to specify the attri ­
butes compriSing natural concepts, researchers 
interested in developing classification theories 
have often turned to artificially constructed 
categories. The structure of these categories 
is designed to mirror some property of interest, 
allowing one to examine learning without the addi­
tional burden of having to deduce the underlying 
attributes. This is the strategy that we have 
adopted to evaluate the importance of linear 
separability in human categorization. Specifi ­
cally. two categorization tasks are set up to be 
similar in major respects, except in one case the 
categories are linearly separable and in the other 
case they are not. Independent attribute models 
imply that the task involving linearly separable 
categories should be easier to learn than the task 
not conforming to this constraint. 

II. EVIDENCE BEARING ON LINEAR SEPARABILITY 

2.1. General experimental design 

Categories that either are or are not linear­
ly separable are shown in Figure 1 (taken from 
Experiment 1 of Medin & Schwanenflugel, 1981). 
In this example, stimuli are comprised of values 
on four component dimensions, described in terms 
of a binary notation. The value 1 represents the 
typical or characteristic value for members of 
category A and the value 0 is typical for category 
B members. No defining features exist to parti ­
tion categories A and B, but the linearly separ­
able categories in the top half of Figure 1 can 
be separated on the basis of characteristic fea­
tures. One simple way to see this is to focus 
on the first three dimensions comprising category 
members. Every category A member and no category 
B member has two of the three characteristic val­
ues (value 1) for category A. Therefore, every 
exemplar could be unambiguously classified by 
checking to see if a majority of its values on the 
first three dimensions were consistent with cate­
gory A or with category B. 

The categories shown in the bottom of Figure 
1 have the same overall distribution of values 
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but are not linearly separable. The difficulty 
is that exemplar Al has more values characteris­
tic of category B than of A. Only its value on 
the first dimension is typical for category A. 
and it would not help to give the first dimension 
a large weight because then exemplar B2 would er­
roneously be categorized as an A. One can see 
that Al and A2 are both placed in category A. and 
81 and 82 are placed into category B. The cate­
gories are not linearly separable. Thus, if lin­
ear separability is as important in human classi ­
fication as independent attribute models imply, 
then it should be easier for people to learn to 
categorize the stimuli in the top of Figure 1 
than to master the task in the bottom of Figure 1. 

LItfAALY SEP.L\Rf\BlE CAlEGORIES 

cateoorv A 
Dll"Blsl00 

f.xemlar DI Dz D.3 D4 
1 a 1 1Al 
1 a 1 aAt. 
1 1 a 1~ 
0 	1 1 aAt. 

cattyK)rY B 
DlfTffisl00 

Exarolar I1.Dzn.,~ 
1 a a 1BI 
a a 1 aBz 
a 1 a a ~ 
0 a 0 1B4 

CATEC{)RIES OOT lH£A.~Y SEPAMBLE 

caterorv A cateoorv R 
Dir.B1s100 Dlrrensioo 

Exerplar 	 ExmplarDI Dz D.3 D4 11. Dz D.3 D4 

1 a a a 0 1 1 a~~ 
0 	 1 1 1 1 0 a 1.~ 	 Bz 
1 1 1 0 	 a a a a ~~ 
1 a 1 1 B4 0 0 a 1At.t 

Figure 1. Abstract representation of the al ­

ternative categorization tasks. (Each task in­

volves eight stimuli varying along four dimen­

sions.) 


2.2. Summary of results 

The results are easy to summarize: there is 
no evidence that linear separability provides an 
important constraint on human categorization. 
Medin and Schwanenflugel (1981) reported a series 
of four studies which varied the type of stimulus 
material (geometric shapes or photographs of 
faces), instruction (focus on abstraction versus 
memorize exemplars). and category size (from four 
exemplars per category to an unlimited number of 
exemplars per category). In no case were linearly 
separable categories easier to learn than nonlin­
early separable categories. In experiments where 
linear separability was pitted against number of 
cases of high between-category similarity ( a fac­
tor which relational coding models imply is 

important), the nonlinearly separable categories 
actually were easier to learn. 

There is also much earlier work bearing on 
linear separability. In their classic monograph 

, 	 examining the relation between identification 
learning (learning exemplars) and classification. 
Shepard, Hovland, and Jenkins (1961) employed 
procedures where in some cases the categories 
were linearly separable and in other cases they 
were not. Since this contrast was not the ob­
ject of their study. between-category similarity 
was not fully controlled and should have favored 
the linearly separable categories. Nonetheless, 
across variations in stimulus properties and in 
learning conditions Shepard et al. found no evi­
dence that linearly separable categories were 
easier than nonlinearly separable categories. 

More recently we have conducted additional 
studies using still further variations on stim­
uli, number of categories. and learning proce­
dures. In no case has linear separability mat­
tered. Overall. these findings are more compa­
tible with relational coding models than with 
independent attribute models. 

III. FURTHER CONSIDERATIONS 

3.1. Typical ~ and summing evidence 

The failure of linear separability to pro­
vide an important constraint on categorization 
might arise either because people have difficulty 
in learning the typical (or modal) values for a 
.category or because they do not find it natural 
to employ a summing of typical values as a de­
cision rule for categorization. Additional ob­
servations suggest that summing probabilistic 
evidence is the key factor. 

First of all, when people are asked to pro­
vide that characteristic or typical values at 
the end of training they are quite accurate. 
Furthermore. procedures that should facilitate 
the learning of modal values do not differen­
tially facilitate the learning of linearly sep­
arable versus nonlinearly separable categories. 
For example. Murphy (1983) gave participants two 
runs through the category exemplars prior to 
learning during which the exemplars were either 
blocked by category or randomly intermixed. 
Blocking facilitated learning but this facilita­
tion was as large for nonlinearly separable cate­
gories as for linearly separable categories. 
Finally, we often ask participants at the end of 
the experiment how they learned the task, and 
only rarely do they mention anything like a sum­
ming of characteristic values. Instead, their 
descriptions more commonly are in terms of rules 
plus exceptions or a disjunction of conjunctions, 
descriptions that are more consistent with re­
lational coding models. 

3.2. Summing evidence and naturalness 

The above observations suggest that partici ­
pants in our experiments do not find it natural 
to sum up evidence to make categorizations, even 
when a two out of three rule would work perfectly. 



216 

Strategy might be to assume that this is a fix@d 
constraint and that results that hold for one re­
alization of abstract category structure will hQLd 
for all realizations of that same abstract stru~­
ture. The apparent generality of our results sup­
ports this approach. An alternative strategy, 
which we have followed, is to consider the possi­
bility that what is natural may interact with the 
particular knowledge structures or theories that 
might be brought to bear on a problem. 

IV. THEORIES AND LINEAR SEPARABILITY 

4.1. Theories and summing evidence 

Our basic idea is that if learners perceive 
the various attributes or sources of evidence to 
be related to some superordinate theory, then 
the idea of summing evidence may become more nat­
ural. In terms of induction models based on 
descriptors such as Michalski's (1980) rule­
guided system, the theory might suggest that a 
new descriptor based on a summing of attribute 
values be constructed and evaluated. 

4.2. Additional linear separability experiments 

4.2.1. Linear separability 

The logic of our recent experiments is quite 
simple. Participants are tested on category 
structures that either are or are not linearly 
separable and by means of assignment of dimension­
al values to the abstract category structure or 
by instructions we either do or do not provide 
the basis for a theory about the categories to 
influence performance. 

4.2.2. Experiments 

In one recent experiment (conducted in col­
laboration with Tim Murphy) the stimulus proper­
ties were descriptions of behaviors of people. 
The people belonged to one of two categories 
which were given arbitrary names. The behaviors 
were relevant to the trait dimensions of talka­
tive, honest, cooperative, or' cautious. For the 
theory condition, the typical values for one 
category all corresponded to a single trait and 
the typical values for the other category corres­
ponded to its polar opposite. For example. if 
the superordinate trait were talkative then the 
typical behaviors for one category would be things 
like "told a lot of funny stories at a party" 
and "went out of his way to talk to a neighbor." 
and the corresponding behaviors in the other 
category would be things like "didn't interrupt 
others when they were talking at the party" and 
"remained silent when others were gossiping about 
their neighbor," In the control condition each 
of the four behaviors associated with the exem­
plars was related to a different one of the four 
traits. In both conditions the abstract descrip­
tion or notation would be analogous to that shown 
in Figure 1 but in the theory condition the dim­
ensions corresponded to locations in which the 
behaviors occurred (park, home, party, store) and 
in the control condition the dimensions corres­
ponded, to the four different traits. We expected 
that in the theory condition participants would 

peXce1Ve the behaviors as relevant to a unifying 
trait and would find it natural to use a summa­
tion of typical values as a decision rule. 

The res~lts fit with this expectation. 
There wa~" a'$lgnificant interaction between cate­
gory strU~ture and theory versus control condi­
tion. Participants in the theory condition learn­
ed the' linearly separable tasks more readily than 
the nonlinearly separable task (mean errors dur­
ing learning 27.4 versus 38.1) whereas the oppo­
site result obtained in the control condition 
(mean errors for linearly separable group & 

49.9, for nonlinearly separable group - 38.9). 

In a related followup experiment (conduct­
ed in collaboration with Gerald Dewey and Glenn 
Nakamura), the attributes were descriptions of 
objects. The description pairs were "made of 
metal" Versus "made of rubber," "medium weight" 
versus "light weight," "flat surface" Versus 
"irregular surface," and "easy to grasp" versus 
"difficult to grasp." The modal or typical val­
ues for one category were the first mentioned 
value of each pair and the modal properties for 
the other category were the opposite values. In 
the control condition standard instructions were 
used. In the theory condition an additional 
Sentence was added: "It may help you to know 
that the objects in one of the categories might 
serve as reasonable substitutes for a hammer." 

The results were straightforward. In the 
control condition the nonlinearly separable task 
was easier (mean errors 52.2 versus 57.6) but in 
the experimental cond.ition the linearly separable 
task was easier (mean errors of 31.2 versus 43.0). 

Finally, we have evidence that the theory 
and the attribute structure must be compatible 
if a summing of evidence is to be evoked. William 
Wattenmaker and I performed an experiment where 
the stimuli were properties of animals and parti­
cipants either were or were not informed that the 
categories would map onto the categories predator 
and~. We did not observe an interaction of 
category structure and instructions. We think 
the absen~e of an interaction derives from the 
fact that summing of evidence was not natural. 
For example, it's a good adaptation for prey to 
be armored Or to live in a tree, but it might 
not have been natural for participants to think 
that both being armored and living in a tree is a 
still better adaptation. 

V. SUMMARY AND IMPLICATIONS 

The overall pattern of results provides a 
relatively clear but mixed picture. A preponder­
ance of evidence suggests that linear separability 
is not a major constraint on human classification. 
This evidence is consistent with relational cod­
ding models and inconsistent with independent at­
tribute models.. When learners perceive the com­
ponent attributes or sources of evidence to be 
related to a compatible superordinate theory, 
however, then summing of evidence becomes more 
natural and linearly separable categories are 
easier to learn than nonlinearly separable cate­
gories. 
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The results imply that constraints provided 
by different types of category structure are not 
independent of the types of theories or knowledge 
structures brought to bear on them. So while the 
overall pattern of results favors relational cod­
ing>models, these models will need to provide an 
account of how these knowledge structures modify 
the types of operators or descriptors that are 
natural. 
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How Can aULD learn about Agreement? 

Explorations of CHILD's Syntactic Inadequacies 
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1.0 Introduction 

The aULD program has accounted for a large 
amount of oota on child language learning, and man­
ifests a developmental progression which is psycho­
logically accurate [4,5,6,7] However, its represen­
tation of language syntax is knOlom to be inadequate 
in a number of ways. 'Ibis is manifested in CHILD's 
inability to learn to understand and generate vari ­
ous syntactic constructions Which children do 
learn. This paper is an initial attempt to address 
these issues. It first reviews the aULD program, 
and then it describes those aspects of its syntac­
tic representation upon Which this performance 
rests. Third, it describes a subset of the problems 
Which this representation introduces, and finally 
outlines possible directions for further develop­
ment. 

2.0 The CHILD Program 

CHILD is a computer program Which IOOdels the 
development of a child's language comprehension and 
generation abilities written in Franz LISP and 
currently running on a DEC VAX 11/780. It begins 
with world knowledge and language experiences simi­
lar to those received by children, and learns a 
subset of the word meaning and syntax which chil ­
dren learn. After learning, CHILD can correctly 
understand utterances which it previously misunder­
stood, and can generate English describing events 
it "observes." 

CHILD's language canprehension process is a 
version of the CA program [1] Which incorporates 
mechanisms derived from Wilks' [8] preference pars­
ing. CHILD's analysis process combines COnceptual 
Dependency (CD) [2] word meanings to form a CD 
representing the meaning of the entire utterance. 
Understanding begins when the meanings of input 
words are placed in a short term meIOOry. CHILD then 
retrieves semantic requirements associated with 
particular slots in the CD itself, and also syntac­
tic features associated with those slots but 
specifiC to that particular word. It searches the 
short term IllE!I'OOry for a word meaning which best sa­
tisfies those features, and fills the empty slot 
with that meaning. The syntactic features are 
formed from the positional predicates "precedes" 
and "follows." These relate the position of a can­
didate slot filler to either the word they were 
stored under, a filler of another slot in that 

word's meaning, or a lexical function word. Each 
slot in the ~aning of a word has a collection of 
features describing where in the input a filler is 
expected to be. In order to understand different 
voices, these features are organized into disjunc­
tive "feature sets." Each set characterizes one 
order in which slot fillers appear. During under­
standing, feature set selection is perfonned by 
considering Which set most successfully character­
izes the input. In this paper, this representation 
will be called "concept order syntax" 

CHILD learns syntax by acquiring syntactiC 
features and build disjunctive feature sets. After 
having understood an utterance, CHILD examines a 
record of the input, and examines the meaning of 
every input word. It then examines every empty slot 
in each such meaning. It accesses the record of the 
input to find where in the input the filler for 
that slot occurred. It creates a description of 
this position using "precedes" and "follows. n CHILD 
must then decide whether this description consti ­
tutes a new feature set or should be merged with an 
existing feature set. CHILD's strategy is based on 
a suggestion by Iba [8]. CHILD compares the 
features extracted from the current input with any 
existing feature sets: the position description is 
merged with a previous set only if one is a subset 
of the other. otherwise, the description is learned 
as a new feature set. 

3.0 Mly is COncept Order Syntax Good? 

'Ihe power of concept order syntax appears to 
derive first from its formulation as a set of in­
dependent features. 'Ibis means that the syntactic 
decisions that have to be made during understanding 
and generation are not binary "sanething is either 
in the correct location or it isn't" decision. 
Rather, these decisions are more comparative: "this 
location is better than that. " This results in 
smoother and more robust understanding and generat­
ing. A second advantage of independent features is 
that it makes learning easier. The features ob­
served to be true in the input are merely added to 
those features already known to describe filler p0­
sitions. 'Ibis is far easier than trying to decide 
Which word-class a word is in, for example. A 
third advantage of syntactic features is that it 
simplifies the understanding process enormously. 
'Ibis is because a large portion of understanding is 
manipulating semantic features. Having syntactiC 
features means that syntactic processing can be 
handled by the same mechanisms that handle the se­
mantic features, and at the same time. This is p:l.r­
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tially responsible for CHILD's robust performance. 
Finally, independent features make grammaticallity 
judgements easy, since false features during under­
standing alloo both a non-binary measure of the ex­
tent.to which a slot filler was out of position, 
and also provide a basis fran which to describe the 
incorrect position. Thus the first critical attri­
bute of concept order syntax is the representation 
of syntax by independent features. 

The second critical attribute of concept order 
:::.yntax is that it is closely tied to word meaning. 
That is, concept order syntax is "semantically­
indexed." This is reflected in two ways. First, 
syntactiC features themselves specify where partic­
ular slot fillers within a specific word meaning 
are found. second, the features sets are stored 
under the meaning of the word. Notice that these 
two aspects are not exactly the same thing. For ex­
ample, one could have traditional grammar rules 
stQred under word meaning, or one counld have syn­
tactic features stored not under word meaning but 
under the basic concept which canprises not only 
the meaning of a particular word but perhaps 
several others as well. 

The third critical attribute of concept order 
is that it is derived fran mechanisms which can 
plausibly attributed to human language mechanisms. 
Specifically, it uses order information applied to 
concepts, slot fillers, and lexical items, a 
short-term memory, the mechanisms needed to re­
trieve the features and test them against the items 
in the short-term memory, and the concept of "slot" 
and "slot filler" applied to a knowledge represen­
tation. Now, humans can certainly perceive linear 
order, have concepts and lexical items, have the 
equivalent of a short-term memory, and the ability 
to test features against mental objects. It is 
sanewhat less clear that they have memory contain­
ing conceptual case-frames. However, alrrost every 
proposal for rrodelling human memory uses a varient 
of this technique, and sane have been very success­
ful in accounting for psychological data (anderson,
schank). . 

Describing natural language syntax using a 
representation which has the three attributes of a) 
independent features, a) semantic indexing, and c) 
psychologically plausible components thus seems to 
be largely responsible for the success it has had 
in accounting for the data that is does. Any exten­
sion to concept order syntax designed to enhance 
its ability to account for canplex syntactic con­
structions should therefore maintain semantic in­
dexing, independent features, and the primitive 
components which it currently uses. Probably such 
extensions must add additional primitive c~ 
ponents J in this case they should be drawn fran 
those plausibly attributable to the human cognitive 
system. 

4.0 'What can't D:mcept order Syntax Handle? 

Experience with CHILD to date has shoon the 
existance of a number of problems with its syntac­
tic representation, This section will describe a 
subset of the knoon problems. First, concept order 
syntax cannot associate alternate meaning represen­
tations with alternative syntactiC forms, or 

feature sets, Thus a passive sentance is understood 
to mean exactly the same thing as its active ver­
sion, while there is generally agreed to exist some 
minor meaning differences concerned with "focus". 
More drastic differences exist between declarative 
sentences and questions. Consider the difference 
between "That is TanH and "IS that Tan?" If concept 
order syntax could associate different meaning with 
different syntactiC feature sets, then it could 
possibly handle sentences like these. 

'Ihe second problem is that of redundancy of 
storage of concept order syntax. CUrrently, all 
words which require syntactic information have that 
information stored directly associated with them, 
rather than in some central location. Thus current­
ly concept order syntax manifests "syntactic lexi­
cal specifiCity." For example, object words such as 
"table" require syntactic knowledge to specify 
where in the input might appear fillers for their 
COLOR and SIZE slots. This information is stored 
directly under "table," associated with its mean­
ing. Similar information is stored under every word 
whose meaning has COLOR and SIZE slots. This is 
done for several good reasons, rrost notably because 
it supports easy learning. unfortunately, since 
every object word should have virtually the same 
syntactic knooledge stored under it, this scheme 
results in tremendous storage inefficiency. WOrse, 
consider the process of learning a new word. One 
learn a new word after hearing it only once, yet 
inmediately know where in the sentence to find the 
fillers of the slots. It would appear that people's 
knooledge of syntax is stored in some more general 
way, and concept order syntax must be extended to 

handle this. 

Third, concept order syntaconcept order syn­
taxx cannot represent "syntactic enbedding," in 
which a word has one kind of syntax if it is part 
of the top level of meaning representation, and 
sanewhat different syntax if eni:ledt:Ed within the 
meaning representation. Thus concept order syntax 
could not generate "I want to go to the store," but 
rather would say "I want that I go to the store," 
This particular problem is one which traditional 
theories of syntax are supposed to handle rather 
well. 

Finally, concept order syntax has no ability 
to represent "agreement". For example, CHILD using 
concept order syntax would understand "the dog 
eats" and "the dogs eats" in exactly the same way, 
and would not be aware of any difficulty. Agreement 
is a relativly widespread linguistic pben<Xlellon, 
and one which CHILD should certainly be able to 
learn. 

5.0 Possible Extensions to Concept order Syntax 

Given the above shortcanings of concept order 
syntax, one would be tempted to abandon it as an 
extreme simplification and unwor~ of further at­
tention. However, since it has supported a high­
performance IOOdeI of child language learning, it 
appears worthwhile to explore directions in which 
it can be extended. The first extension is to cou­
ple syntax with meaning more tightly. This is ap­
parently required by the problem that both active 
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and passive versions of the same sentence are un­
derstood to mean exactly the same thing. A tighter 
coupling of syntax and meaning would allow passive 
sentences to have different meanings than their ac­
tive versions. It would also allow the use of 
feature sets in question understanding, allOWing 
discriminations between "Is that Tom?" from "That 
is TOrn." 

One possible technique to couple syntax and 
meaning more tightly is to interpose an intermedi­
ate layer of meaning representation between the 
feature set and the word meaning proper. In such a 
scheme, when a word is read in during understand­
ing, its primary meaning would be placed on the c­
list, as currently. Then understanding would 
proceed, and when feature set selection was com­
pleted the secondary meaning associated with that 
feature set would be added to the pr imary meaning. 
For example, the word "give" might have ATRANS as 
its primary meaning, including a FOCUS slot, and 
the seoondary meaning associated with the feature 
sets would specify the filler of the FOCUS slot. 
Thus when a feature set was selected, the FOCUS 
slot would be filled with the name of the ATRANS 
slot being focussed. Thus the secondary meaning in 
this case would be the filler of a slot in the pri ­
mary meaning. 

The seoond possible extension ooncerns the 
problem of syntactic lexical specificity. Rather 
than aSSOCiating syntactic knowledge with individu­
al words, CamDn syntactic feature sets should be 
stored "centrally," and each word should index 
those centrally stored feature sets. Since the cen­
trally stored syntactiC knowledge must contain ex­
actly the same syntactic knowledge now stored 
directly under each word, central storage will have 
no less power than the current approach. It will, 
however, reduce storage sp9.ce make learning syntax 
easier, and help explain the phenomena of syntactic 
generalization noted above. 

The third possible extension concerns the 
problem of syntactic embedding. In many ways this 
is the most difficult problem of any here, and 
there is no clear answer. Indeed, this question is 
a central one for linguistics. 'While a definite ex­
tension cannot be described here, the direction in 
which such an extension lies can be described. One 
way characterization of the problem is that certain 
syntactic features are appropriate if referring to 
slot fillers at the top level of meaning represen­
tation. If the slot filler is not at the top level 
of meaning representation, on the other hand, then 
other syntactic features may be appropriate. This 
suggests that information should be included in a 
syntactic feature which refers to levels of meaning 
representation. Specifically, this information 
would specify that the feature is to be activated 
only if the meaning containing the slot which 
indexes the feature is the top-level meaning 
representation of the sentence. Other features will 
have similar information activating them only if 
the meaning containing the slot being filled is not 
the top level feature. While this approach is cer­
tainly very far from an ultimate explanation, it 
appears to represent an improvement over the 
current representation. It will enable the system's 
performance to improve, and it will provide addi­
tional experience with the problem of syntactiC 

embedding. 

Finally, there is the question of agreement. 
How can concept order syntax be extended to 
describe knowledge of agreement? In "the dog eats" 
vs. "the dogs eat", the number of dogs seems to 
have a direct correlation with the presence of "s" 
on the end of "eat." This suggests a contingent 
component to agreement: "if there is an "s" follow­
ing "eat" then there is one dog, otherwise there 
are two." Since the number of dogs is clearly se­
mantic, and the presence or absence of "s" clearly 
syntactic (unless a meaning can be assigned to it), 
then CHILD should be able to manipulate links 
between syntax and semantics of the form "if syn­
tactic feature then semantic expectation about a 
certain slot filler." Such a formulation may allow 
CHILD to understand and generate correctly agreeing 
inp,lts1 if so, such a successful representation 
~K)uld be the first step toward learning agreement. 

6.0 	Conclusions 

The CHILD model of child language learning has 
demonstrated considerable performance, but has been 
limited by its representation of syntax. This paper 
is intended to acknowledge the existance of these 
limitatiOns, and to outline current progress toward 
reduCing some of them. such progress will enable 
the CHILD program to learn more complex syntactic 
contstructions, and would allow CHILD to account 
for additional data. It would also provide further 
experience with which to uncover additional inade­
quacies with both concept order syntax and with 
CHILD itself. 
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ABSTRACT 

This paper discusses protocol, collected from 
14 year-old pupils solving Algebraic tasks, In 
pnrticular. it discusses soveral approaches to 
uetvrmining tile mal-rulo (ie an incol'rect variant 
of a correct rule) .which a pupil is using. The 
approaches considered include: 
-an off-line analysis by the investigator, 
-the definition of a number of perturbations, and 
attempts to see whether the pupil's answer can be 
explainod by t.he application of lUlJI. such 
perturbation.
-and most significantly. the inference of 
mal-rules from pr~tocols. 

This lattor approach is 8xplored in sorno 
detail and it is shO~~ hpw a rule-basofl system has 
succassfully inferr~d tho mal-rules encountered in 
earlier protocolS. Ihe importance of ft rule 
inference system to a llCJlj:.UW student modelling 
system is stressed. 

1. IIUROCUCIION 

Several authors have pointed out the 

importance of having an accurate student model 

when one is attempting to give remedial teaching 

with an Intelligent Tutoring System, Indeed many 

of the papers in a recent collection address this 

iSSUe. [51& 82aJ. One such system 8UGGY/DE8UGGY 

[Bro 18J. [8ur 82] attempts to mOflel the student 

in terms of a predefined set of bugs and US8S 

predefined heu,'1stics to limit the size or the 

search space. Analogously, LMS the leeds 

MOdelling System, uses Q predefined S8t of rules 

and mal-rules (incorrect variants observed in 

1. This work was done whilst I was at the 
University of Leeds. UK. Essentially, this paper 
previously Appeared in the proceedings 01 the 1982 
European Conference on AI. held at Oraay, France. 
It is intended to present recent devolopments of 
this work 'at the 1983 Machine Learning workshop. 

pupilS' protocols) to defin8 It JAakA of po~sible 

stud~nt models. On the other hand a major 

emphasis with LMS has been tne formulation of a 

s8arch to IIfconta1n" the number of 

hypotheses/models consiflered. In this 

formulation. each set of tasks presented to the 

pupil focuses on a particular rule and it is shown 

that it is thus possible tu dramatically I'educe 

the search space, [Sle 81a) &[518 83J. 

LHS has been implemented as two phases. In 

the off·1in8 phase, the system generates a 

complote and non-redundant set of models for each 

of the task types, and evaluates the predefined 

tasks against this list of models. [51e 83]. 

(These models are sets of ~ productions 

rules, and the first rule which is satisfied 

fires. See figure 1a for a list of domain rules 

and lb for a list of mal-rules usod by pupils in 

protocoll analysed earlier), In the on-11ne 

modelling phase the pupil is presented with a task 

and his response is evaluated against the various 

responses genarated in the off-line phase. As it 

was anticipated that the users would only have 

minor manipulative errors, LMS allows the pupil 

Merely to typo in his final answer and none of the 

intermediary stops (ho may give the intermediary 

steps if he wishes). LMS moves onto tha next task 

when the pupil has given the solution in its 

simplest form, or has made an error or haa 

exceeded a predefined li..it for tho number of 

refinement cycles allowed for each example type. 

http:llCJlj:.UW
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In the initial exporimont with a group of 15 

yaar old pupilS. LMS managed to produce a 

comparable diagnosis to investigators who 

Interviewed the pupils several days later. [5le 

aZb]. However. more recently we have used LMS 

with the UlllII. data b"ase of rules with a. group of 

24 14 year old pupils and the results were 

dramatically diffe,·ent. LMS W8$ unable to analyse 

a high proportion of the protocols as the 

appropriate mal-rules had not been predefined; 

see Figure 2.1 for an example of a protocol which 

LMS could diagnose, and figures 2.11 and 2.111 for 

protocols which lMS could nA1 diagnose. (Figure 2 

reports several protocols collected during the 

pupil interviews; analogous protocols were 

,:ollected with lM5. see (518 ap] for detal1s). 

The subsidiary difficulties which ariso, if ono 

does increase the number of nlal-rules I;onsiderably 

is that the modeller then produces' multiple 

explanations for the same response. and socondly 

the speed of the on-line modeller drops 

dramatically as the search space becomes much 

greater. See [Sle 83] for a quantitative estimate 

for these effects. In the next section we discu•• 

these issues in more detail. 

2... An pnalysis .ILf. !Jl.a Difflculti8ll Encguntered 

a) Hu.l.t.i!Ilft WI an et ion. L/!I.QJ1Il..U f.a.t JI. IIart i ell1ar 

£..fI.lIlQ.Ila Ol\e solution to this difficulty is to use 

all on-line task generator, to create a 

discriminatory task. [51e 81b]. Alternatively, 

pupils could be aSked to input the several 

intermediary steps in their solution in which case 

it mlght well be possible to discriminate between 

the several "illegal" paths. In particular the 

steps which were permlssible need not be 

investigated only those where a correct 

transformation was not applled. 

first 

"solution" suggested above would not help the 

~ of the system. but the second might. as only 

those steps which had been done incorrectly need 

be con>iidered. 

This is by far the most significant issue and the 

most challenging to resolve. We shall consider 

several approaches in varying degrees of detail. 

1. 	 Off-line analysis by the I"vestigator. 

2. 	 Computational aides to assist in the 

analysis by the Investigator. 

3. 	 On-line use of "schema" to generate 

!IIal-rules. 

4. 	 On-line inference of (mal) rules. 

L.1 Ot:!::.l.irul AI1Alnll".u 1Jut loy 8S t j aUP r 

The protocols given in Figure Z. aod the 

additional protocols given in [Sle ap]. were 

analysed in this maoner. My initial "reaction to 

several or these protocols was that they were 

totally random and only after subsequent analyses 

did I begin to see the consistent pattern which I 

have now recorded as part of each set. 

(Unfortunately it was not possible to talk with 

the pupil. immediately fo110w1ng the sessions with 
Page 8 

lMS. When I did they explained to me very clearly 

what they were dOing [Sle ap]). Because of the 

difficulties encountered I implemented the Aide 

outlined In. tile next sub-section. 

t.1 &14l 1A ALlil1 in 1hI Analysis A1 Protocpls 

Having done a preliminary analysis of the 

protocols supposed that many of them contain a 



223 

·wil~· step, 3nd so postulated a number of 

·p6rturbations" Including: 

MX -> M+ X.......... [PI] 


MX -,. MX + M.......... [P2] 


A system has been implemented which attempts to 

transform the original task into the pupil's 

answer using only one "perturbation", but as many 

applications of the domain's rules and mal-rules 

as necessary, per "path". Figure 3 gives two 

examples of such paths. [NB, we are HOT claiming 

that students undertake all the steps given in 

Figure 3, but merely that their answers are as if 

they did. Deciding the particular "grain" size 

DOES become an Important Issue when one uses the 

inferred model a buis for student 

remediation.] 

Given a reasonable number of such 

per turbat ions it is c lea," that the search space 

becomes extremely large. However, it should be 

added that this sub-system did provide several 

explanations which had not previously 

considered. 

L.3. 5..!;hiIJllll 10. 1I.111U.AU Mal-Rules (On-line) 

When carrying out. interviews with the 1981 

group of children some of them gave explanations 

for their actions which amounted to schema for 

creating mal-rules. 

In figure 2.111 we gave a substantial section 

of pupil A818's protocol. In the course of our 

discussion he explained that he was carrying out 

tha teacher-given algorithm of: 

"Collecting All the xs on the left hand side and 

collecting all the numbers on the right hand 

side.- Pupil ABl7, figure 2,11, gave a similar 

explanation for .his action, and added that he was 

not really aure what to do about the "extra 

multiply sign,", 

This gives us a ~ for generatillg 

mal-rules. For example given the task type: 

M·X + II·X ~ P 

This schema gives the following "action sides" for 

mal-rules : 

X+X • P-M-N 

X+X 4 P+M+N 

where in the second case the coefficients are 

treated "specially·, ie the coefficients of the Xs 

were taken across to the RHS of the equation but 

the signs were HOT changed. And the form given by 

pupil A8-17, and quoted in Figure 2.11, namely: 

·X·X-P-M-II 

which he .ent on to "interpret" as: 

Its 'complementary" form being: 


X·X-P+M+N 


Similarly, given the task type: 

M·X - N·X + P 

This schema creates the following forms: 

X-H+P-M 

X-H+P+M 


x + X - H + P - M 


x + X - N + P + M 


x - X - H + P - M 


x - X • N + P + M 

For examplo on task h, pupil ASlS suggested 

the use of both the third and the fifth forms (se. 

figure 2.III). 

Analogously, it appears possible to generate 

all the mal-ru.Jes associated with a manipulative 

rule by systematically removing one or more of the 

rule's sub-steps, [2]. 

2. Brown and Burton's modelling work [Bra 78]
assumed that pupil errors were due to 
perturbations of the correct rules (ef the 
assumptions which we also made initially in this 
project, and which seems to ba true for ~ of 
th15 domain's ruIn). This however. is certainly 
Dll1 true for the class of errors which we art 
discussing hare. Indeed, pupils AS-18 and AB-17 
do BAt use the usual "task segmentation" and thus 
dO not even ~~ applying, at the first stage, 
a correct rule, 

http:1I.111U.AU
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In [Sle ap] I report 3 new mal-rules, variants of 

SOLVE, SIMPLIFY and BRA2, which can be explained 

by such a mechanism, as r.an most of the "or19ioa'" 

mal-rules given in Figure lb, Note that this 

schema would ALSO generate many mal-rules which 

have NOT yet observed, 

Although these schema help uS understand the 

protocols given in Figure 2.11 and 2.111, sovaral 

of those reported in (51e ap] can ~ be SO 

e.plained, and so a further more general approach 

is Beeded. 

L1 ll!l.::..l..i.n.o. Inferonc!! .Id .(.Ma!)-Rules 

There are two principal disadv~ntages of the 

approach given in Section 2.2. Firstly. becausB 

it is nct data-driven the search becomes very 

broad. Secondly, it rei ies on a pre-defiruul set 

of perturbations and hence would still be unable 

to spot ve.·y ·wl1d" yet consistent. mal-rules. 

(An analogous criticism was also noted about the 

approach taken in section 2.3}. for instance. 

during the 1961 experiment with lMS we noted the 

following mal-rules were used conSistently: 

MX+N'P "> (M+N)X'P 


M+NX-P -> MON+X·P 


MX-N+P -> Kl-N 


Figure 4 shows a successful path for 

jnferring the mal-rul. for the example used in 

section 2.2. As can be seen from the figure. this 

process invOlves the following types of steps: 

1. 	 Using Rules in the Backward direction. 

(For example. the use of NTORH5 in.the 

Backward direction}. 

2. 	 Use a series of heuristics to try to 

transform the sides of the equation into 

the same form as the "target" equation. 

This is the rationale of the 

transformation applied between stages a 

to b, b to c, d to e and e to f. 

3. 	 When neither of the above can be applied 

then INfER a rule which completes the 

path (in this case between stages f and 

g}. (In an earlier study. [Sle ap] we 

noted that the mis-parse rule appears to 

be applied to the task when it is ~ 

encountered, and so for the moment we 

shall ~ that the inference step will 

be the lAl1 in the chain]. 

So far we have formulated 10 or so 

heuristics. a selection of which is given in 

figura. 5. 

Note the following pOints about the 

algor tthlll: 

1. 	 There are an infinite number of integar 

pairs. (a b} which satisfy the 

relationship: 

.+b-1. 

where "i" is also an integer. However. 

by the use of the "Algebraic" form for 

"." and "b". in HEUR5UMl. and the 

subsequent instantiation of the integers 

to the RHS of the target equation. this 

set is reduced to a uai4uA pair, which in 

the case of the example in Figure 4 is 6 

and 	 -8. 

2. 	 figure 4 only shows a successful path. 

1n general a search is involved as 

frequently ~ rulos are satisfied by 

a particular state (eg both HEURSUMl and 

HEURMUlTl ara satisfied by a): and 

because a rule can be instantiated in 

several ways (eg the backwards form of 

NTORHS at c}. 

3. 	 Some of the branching noted in the last 

point could be avoided by making the 

backward form of NTORH5 more 

"sophisticated" by allowing it to access 

the target equation. 
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4. 	 A further improvement in the efficiency 

can be achieved by segmenting the 

rule-set into related sub-sets. ud only 

having tbe relevant sub-set in scope at 

any time. 

5, 	 If we look more closely at the inference 

step we see that it is possible to infer 

that 

where M. Hand P are all integers. 

However. if the algorithm notes wbich 

symbols have remained unchanged then It 

is possible to infer that the substantive 

change. is: 

MX -> II + X 

Neves, [Nev 78]. uses a similar approach 

to oeduce the 8sseot1al features of rules 

given the several steps of a solution 

culled from an Algebra text. 

6. 	 The instaotiati~n heuristics are a little 

more complex than the rule. given In 

Figure 6. 

1. ~ Actlyltlo1 

Maoy of the protocols collected to the receot 

experiment, [Sle ap]. have been analysed. uslng 

the approach outli~e In the last sectioo. To test 

the generality of this approach we have also used 

it to infer the HTORHS rule. see Figure 8. 
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FIGURE 1 

a) RUL£S for the ALGEBRA domain 


(ovaluative form and slightly styalized). 


RULE NAME 	 CONDITIONIACTION 

FlH2 	 (SHD X • M/H) 
(SHD (M H» or (SHO evaluated) 

SIMPLIFY 	 (SHD'X - M/H)

(SHO X • M'/H') 


SOLVE 	 (SHD M° X - H)
(SHD 	 X-HIM) or (SHO INFINITY) 

AOOSUB 	 (lhs M +1- H rhs) 

(lhS [evaluated] rhs) 


MULT 	 (lhs M° H rhs) 

(lhS [evaluated] rhs) 


XADOSUB 	 (lhs MOX +1- HOX rhs) 

(lhs (M +1- H) ° X rhs) 


NTORHS 	 (lhs +1- M • rhs) 

(lhs - rhs -1+ M) 


REARRANGE 	 (lh. +t-M +1- HOX rhs) 

(lhs +1- HOX +1- M rbs) 


XTOLHS 	 (lh•• +1- MOX rhs) 

(lha -1+ M"X - rhs) 


BRAl 	 (lhs < H > rhl)

(lh. N rhs) 


BRAl 	 (lhS M"<HoX +I-P> rhl) 

(lhs M"N"X +1- MOP rhs) 


http:s.t..wI.iu
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Where M. II and P are Integers and wh,re lila, rha 
etc are general patterns (which may be nUll), 
wllere +1- means either + or - may occur, wllere SHD 
indicates the String Head and wllero < and> 
represent standard "algebraic brackets·. (NB the 
respective Rule CONDITIONs and ACTIONs are on 
alternate lines). 

b) Sllmll :1A1..::RI.!I.f..S f..o.r. 111J1. IlQJllll.1Jl 

RULE NAME 	 CONOITION/ACHON 

MSOLVE 	 (SIll) I,'"X • N) 

(SIW X-M/N) or (5HO INfINITY) 


MNTOHIiS 	 (1115 +1- M • rlls) 

(lhS • rhs +1- H) 


M21HORHS 	 (lhsl +1- H lllsZ - rlls) 

(lhsl +1- IllsZ • rhs -1+ M) 


M3NTORHS 	 (1llsl +1- M 11152 - rlls) 

(1llsl +1- 11112 - rlls +1- H) 


MXTOLHS 	 (1115 • +1- M"X rlls) 

(Ills +1- M"X • rlls) 


M1BRM 	 (IllS M "<N"X +1- P> rlls) 

(1115 M"N"X +1- P rhs) 


M2DRA2 	 (Ills M"< N·X +1- P> rill) 

(Ills MON'X +1- M +1- P rlls) 


Using the same conventions QS above; 

FIGURE 2 
Three examples of very consistently used 
MAL-RULES. 

I) Pupil AD-tt on tesk ,et 7. 
s) The task given was: 4 + 2°X • lS 

Pupil writes 	 1) ax " 16 
2) X " 2.6666 

b) The task ghen was: 2 + .0X " 14 

Pup il wr Has 	 1) S·X • 14 
2) X • 2.333 

c) The task given was: 3 '+ S"X • 11 

Pupil writes 1) 8°X • 11 
(and is told to leave it in that form)

d) The taSk given was: 5 - 3°X • 11 

Pupi 1 writes 1) Z"X 0 11 
(and is told to leave it in that for.. ) 

II) Pupil AB-17 on task set 5 
a) Tile task given was: ZOX 12+ 4°X _ 

. Pupil writ.es 1) ° X • X " 12 - 2 ­
4 

2) X .. 2 " 6 
3) X • ROOT 8 

b) Tha task given was: 2"X + 3·X 10" 

Pupil writes 1) • 10X " X " - 2 ­
3 

2) X •• 2 • 6 
(and is told to leftve it in that form) 

c) The tesk given was: 2·X - 3.X - 10 

Pupil write. 	 1) ° X • X " 10 - 2 + 
3 

2) X •• 2 - 11 
(end is told to leave it in thet for.) 

III) Pupil AB-18 on task sets 6, 6, 7 and 8. 
a) 'The task given was: 2'X + 3°X • 10 

Pupil writes 	 1) Z·X • 10 - 2 - 3 
Z) Z·X 
3) X • •

2.S
5 

Page 19 

b) Tile task given was: 3·X + s·x • 24 

,Pup 11 wri tes 1) x> x • Z4 - - S3 
2) ZOX • 16 
3) X • 8 

c) Tile task given was: 3°X + 4"X + 50 X-Z4 

PUpil writes 	 1) X+X+X • Z4-3-4-5 
2) 3.X lZ0 

3) X • 4 
d) Tile task aiven was: 2°X + 4 • ZO 

Pupil writes 1) X • 20 - 2 - 4 
2) X • 14 

e) The task given was: 3°X + 6 " 

Pup I 1 Writes 	 1) X " 7 - 3 - 6 

2) X - -1 


f) Tile task given wes: 4 + 3°X " 14 

Pupl1 writes 1) X - 14 - 3 - 4 

2) X " 7 


g) The task given was: 
 6 + 6°X - 20 

PUpil writes 	 1) X - 20 - 6 - 6 
2) X - 9 

h) The task given was: 4"X • 2.X + 8 

Pup t1 wr Has 	 1) 2-X • -4 + 2 + a 
2) zoX - 4 
3) X • 2 

Pupil then wrote 	 1) X ­ X " Z + 8 - 4 
2) 0 • 4 
end QUITS. 

i) The task given was: 60X - 3°X + a 
Pup 11 wr it81 	 1) 0 • 4 


and QUlTS. 


. --------------.------------~--

fIGURE 3. 

3X + 5 - 6 3X + 6 - 6 

X+3+5-8 3X + 3 + 5 " 6 

->[AOOSU8] ">[AOOSUB] 

X + 8 60 	 3X + 8 • 8 

">[HTORHSJ ">[HTORHSJ 

X ," 6 - 8 U-6-8 

">[ADOSUBJ ">[AODSU8] 

X - -2 	 3X " -2 

This figure gives the TRACEs for Z paths one 
involving the perturbation PI (MX ""> M + X) 
and the other P2, (MX .0> MX + M). Ihe 
implemented elgorith.. returns a list of ell 
the TRACF.s whicll explained the pupil's 
respon.e, say X • -2. Where -> implies that 
the ·upper" form i. transformed into the
"lower- . 
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fiGURE .. 

g) 3X + 6 • 8 

">[Inference step] 

f) X + 3 + 1\ " 8 

<-[Instant iate to lIlS of target eqn] 

e) X + [8-n] + en] • 6 

<o[HEURSUM2] 

d) X + 8 - 8 

<" 8[NTORHS] 

c) X "8 - 8 

<"[Instantiate to RHS of Targat aquation]. 

b)X • [-2-n] + en] 

<co [HEURSUM1] 

a) X 0 -2 

Show. a scheme for inferring the 
Mal-rule MX '0> M + X giYen the task 3X + II 
- 8 and tha pupil's re.pon,e X - -2. Where 
8[R] implies use of the rule, R, in the 
Bockwards direction, whera -> is as in figure 
a and <C" implies that the "lower" for. 11 
transformed to the 'upper" on•. 

fIGURE 6. 

HEURSUMl 
IF lhs(eqn)Ilhs(target) 

AND rhs(eqn)Irhs(target) 
AIID rha-i 

THEN replace(i.[i-nJ+[n]) 

HEURSUM2 
IF lhs(eqn)'lhs(target)

AND rhs(eqn).rhs(target) 
AND contains(lhs.i)

THEN replace(i.[i-nJ+[n]) 

HEURMUlTl 
If lhs(eqn)'lhs(target)

AND rhs(eqn)Irhs(target)
AND rhs-i 

THEN replace(i.[iOn]/[n]) 

ShOWS a selection of the heuristiCI 
which have been implemented: the first 2 
were used in the protocol given in Figure 4. 
All the heuristics. including the more 
comple. 1nltantlatlon rule. have been 
1mple.ented as Production Rule,. (Here 
"target" Is short for TARGET equation. e9 3X 
+ 6 • 6 In Figur. 4. and "eqn" il Ihort for 
the ~ equation, which In figure 4 i, 
init1al'¥. X • -2). ' 

fIGURE 8. 

d) 2X + 3 • II 

">[infer rule] 

c) 2X • 9 - 3 

<-[Instantiate to RHS of Target]. 


b) 2X • [6-n] + en] 


<. [HEURSUMt] 


a) 2X • 6 


Showing the inference 0' 
MX + N " P ••> MX P - N0 

namely the NTORHS rule, given that the 
original rule-set contained only the SOLVE 
fIN2 and AOOSUB rule•. 
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Abstract 

A key issue for learning theory has been the relative importance of 
domain independent learning vs. domain specific learning. How 
much of learning is attributable to general learning methods like 
"inductive generalization" and how much is attributable to 
particular techniques and representations that apply only to specific 
domains? This paper explores this issue by analyzing the role of 
one general principle in the context of several very specific 
domains. Angluin (1980J established a necessary and sufftcient 
condition for the acquisition of a (recursive) language (in the sense 
of Gold (1967) from positive-only evidence. The effect of this 
condition is to impose an ordering on possible sequelltcs of guesses 
about the target language combined with the array of possible data 
sequences in such a way that the acquisition system always guesses 
the narrowest possible language compatible with the data given so 
far. In this paper, this "subset principle" is applied to several areas 
where extensive domain-specific knowledge is present; including 
syntactic constructions and phonological distinctive feature systems. 
Several well-known constraints on these systems are shown to 
follow Ihe subset prilltiple, providing some evidence that natural 
learning systems are designed so as to be easily learnable. 

~ I£on:i: Mathematical learning theory, concept acquisition; 
language acquisition. 

J. INTRODUCfION 

What is the scope and power of "general" principles of learning? 
Traditionally, general methods like "inductive generalization" or 
"analogy" have figured prominently in any discllssion of learning. 
And those who have embraced such general learning principles 
have ranged across the scientific spectrum, from Skinner to Piaget 
to Newell and Simon. More recently though, the mere existence of 
general learning principles has come under serious question: 

What I intend to signify in referring to the doctrine of 
uniformity of mind is...that there are general principles 
of learning that underlie all ofthese systems, accounting 
fur their development: "multipurpose learning 
strategies," as they lire called, that apply "across the 
board." In contrast, it might be proposed various 
"mental organs" develop in specifIC ways...and that 
multipurpose learning strategies are no more likely to 
exist than general principles of "growth of organs" that 

account for the shape. structure, and function of the 
kidney. the liver. the heart, the visual system, and so 
forth. 
Chomsky (1980) p. 24S. 

The challenge for the learning theorist is to come up with some 
general principle that actually counters Chomsky's view. It is 
harder to do this than one might think; the remainder of this paper 
is an auempt to discuss one leading contender for a true general 
principle of learning -- the Subset Principle. In the next section this 
principle is defined and i11ustratcd formally. As we will sec, the 
effect of the Subset Principle is to impose an ordering on the way 
that (positive only) evidence is presented to a learner. This 
restriction shows up in a surprising number of domain independent 
and dependent contexts; these are taken up in Scction III. Among 
the implications of the principle arc: the difficulty of acquisition of 
disjunctive concepts; Keil's [1979] "M constraint" on prcdicability 
trees (roughly, natural semantic networks); the design of human 
phono\ogical systems and their acquisition; and the existence of 
otherwise mysterious constraints on natural language syntactic 
systems. The good news, then. is that there seems to be at least ~ 
principle of learning that applies "across the board"; the bad news 
is that it is a necessary and sufficient condition for acquisition from 
positive-only evidence -- so it is no surprise that it is obeyed. 

II. THE SUnSET PRINCIPLE 

We will approach the formulation of the Subset Prilltiple in a 
somewhat round-about way. Suppose we try to see what blocks 
simple, incremental, learning procedures from working. The thorn 
in the side of many learning procedures is over-generalization; the 
Subset Principle removes that thorn. More particularly. a major 
and long recognized problem with the use of disjullttions in what is 
learned is that the danger of over-generalil.ation becomes more 
acute. By definition. the conjuncls of a disjunctive description have 
DO features in common (save for some very general root predicate). 
This fact is the bane of simple generalization procedures. For if we 
auempt to cstabUsh one halfofthe disjunctive clause by observing a 
positive example, and the other half by another example, then a 
simple-minded generalizer will often conclude that the correct 
description of the examples is the intersection of these individual 
descriptions, namely, the null set For example. if the correct 
description of an object is PVQ, Where P and Q arc themselves 
conjunctive expressions, then one positive example can be P, and 
another Q; the intersection of the two can be empty. 

There are two basic solutions to the problem of disjunction. 
One is to admit negative evidence, so that one can know if a 
description is too general. That is the function of the G bound.vy 
set in the version space model of acquisition: it delimits the outer 
boundary ofpossible descriptions compatible with examples seen so 

http:bound.vy
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far by describing the properties of negative examples. nut what if 
negative examples arc not available? 1be only other possibility is to 
eliminate disjunctive statements.1 

In the version space framework, the non'idelltifiability of 
disjunctive languages is revealed by the structure of the lauice 
represcnting possible identification hypotheses. Since we are using 
only positive evidence, we cannot move the boundary set 0 
downward~: only the lower bound can be moved upwards. No 
matter what possible hypothesis is made at any step (the 
acqui5ition procedure can be forced to make a more refined guess at 
some later step, moving it to a broader class of languages, simply by 
adding an example that was not in the language guessed so far. But 
since the upper bound G cannot be moved. we can only approach 
G by moving the boundary set S upwards, one step at a time. Each 
move represents a new guess: since there are a countably Infinite 
number of moves between Sand G initially. the acquisition 
procedure must make an infinite number of guesses. violating 
identification in the limit The crux of the problem is that the space 
of· hypotheses is "dense" in the sensc that there arc collections of 
positive evidence compatible with an infinite number of possible 
guesses. Note that this is the reason that the example family of 
languages provided by G(}ld [19671 the family of all languages of 
finite cardinality and one language ofinfinite cardinality. fails to be 
identifiable from positive-only evidence: there is a finite collection 
of evidence sentences that is covered by an infinite number of 
languages in the family, 

1. How much disjunction is too much? The rollowing esample shows that Ir 
"arbitrnry" disjunction is allowed then there exists an infinite ooIleaion or languap:s 
whose indi,idual Dlembers Clnl\ol be identified rrom positi_ly evidence. 

E!!mt!!c. (Angluin. [l980D 
Suppose that a family or languages L includes the ·univezsal" Ianguase 1:-. In 
addition. suppose Utat L contains languages that are defined by rule systems that can 
express arbitrary disjunction•. That is, suppose that grammars for these languages 
cu be or the fonn A·->alPl.... I!. with no ratricIions on the right-hand sides II. /I 
(the rewriting system is still finite in size. or course). The intent is thaI each pan or 
the right-band side or the grammar covers one sentence in.,. In other words. we 
assume the power to form the language ofany member of this family as the union of 
individual sentellces of that languase. Let us call these languages the dltiiuwcllYf 
CflI'fITinglonguagesof L. 

From the standpoint of acquisilion, the problem with this family or languages is that 
any finile collection or samples rrom a language in L is covered by two languqes: 
the universal language and the language. generated by the gnunmar, 
S->1.(s1)VtspV ... VI.(sn). But then there is a sequence of positive eltamples 
drawn from a member of L that will aluse an acquisition procedure to change iIJ 
lluess about the identification of ., an infinite number or limes. and thus the 

procedure will fail to identify the members or L in the limit The sequence is simply 
members drawn from the universal lansuase. At each 5Iep I, an acquisitioo 
procedure must guess that eltample$ it has seen have been drawn froIn eilller the 
universal languase or the disjunctive covering languages or the eltamples It has seen. 
Suppose the pror.edure auesses the univenillllanauase at point i; then no aamples it 
sees later will force it to change its guess, since no aample will contradict the suess it 
bas Just made. 'lbere is some disjunctive IXIver.1an&uase whOQ! elample$ 8Ie just lite 
those or the sequence seen up to poinU: simply oonjoin the elamples seen so far•. 
disjunctively; call IIIls languase OL;. But then the procedure must fail to idellllfy 
IJ( 'i' sinee there is the sequenc:e or data consisting 01' the sequence Utat forced the 
procedure to !Ucs.~ the universal IanIiUBge followed by etan1ples drawn just from 
011 on which the procedure ~ IlClI. idenUry Dl1 in the limit lIere we mat.e use of 

disjunctive power. Conversely,if the acquisition plllCCdure guesses OL; at point I. 
one can simply add an eltampie that is in UL'DL;; here we mate u5e or the density 

or UL. Since we have assumed a counlably infinite number or Dt;. the procedure 
Cln be made to change its guess an infinite number or Urnes. (This example ill a 
ceneralil\lllion of GoId's [19(7) result that any family conlaining a all the fmile 
languages and one in finite languaae is not identifiable in the limit from posiIivC'Olliy 
evidence. ) 

In shon. there are two general situations in which an 
incremental, conservative approach to acquisition will work: 

(1) Ifpositive and negative examples are 
available. then a partial ordering of 
hypotheses such that the accumulation 
points of the ordering arc themselves 
hypotheses suffices. (This is the version 
space approach.) 

(2) If just positive examples are 
available. then a sparse covering of 
evidence sets suffices. That is. only a 
finite number of hypothesizable 
languages ~ can cover any possible 
evidence set If general disjunctive 
statements arc allowed -. then this 
condition cannot, in general. be met (It 
might be that some other condition 
could suffice, however.) 

The crucial condition required to ensure identifiability from 
positive evidence may be stated in another way. The problem with 
overly·dense families of languages is that, no matter what the 
positive evidence set. so that data set Dj prompts a. guess of 
language 4. it is always possible to find another language l:i that is 
compatible with Di and can be interposed between Di and Li. But 
suppose that this never happens, that is, that an Lj can never be so 
interposed. Then either one of two situations must obtain.l:i:J4. 
or Ii and Lj arc incomparable, but both cover the data set Dj, In 
case 1. either Lj is iQentical to Ii .- bence cannot prompt a 
hypothesis change. under the Gold assumptions .- or l:i-4 is 
non-empty. and there is some din Lj not in~. If ~ is the target 
language. then this example must eventually appear in the 
information presentation (again under the Gold assumption of a 
complete presentation). and an identifICation procedure will have 
evidence to change its guess. If Li is the target language, then the 
procedure will never be forced to change its guess. In case 2. the 
same situation obtains. If either Lj or ~ is the correct target 

language. then some positive example must appear that indicates 
this possibility -- a sentence not in Li• but in Lj. or a sentence not in 
Lj • but in Ii' (This is where the recursiveness of the Li is used.) 
Therefore. jn either case identification in the limit from positive 
evidence can proceed successfully. tet us say that when a ramily of 
languages meets this condition that it obeys the ~~. 
The point of this condition is to ensure that the acquisition 
procedure always guesses a subset language if possible. that is. the 
smallest language that is also compatible with the positive evidence 
so far encountered. (Note that the sequence ofguesses conforms to 
an incremental search from more specifIC to less specific languages 
if the lattice of languages is ordered by the subset relation.' Again. 
what is crucial to the demonstration is the topological structure of 
the lattice of hypotheses. 'Ine particular details of what these 
hnx>theses denote is irrelevant.) 

Tbe Subset Principle was independently observed and 
formalized in a recursive-function theoretic framework by Angluin 
(1980). In an important theorem. Angluin demonstrated that the 
Subset Principle is necessary and sutTlCient for identifiability ffom. 
positive evidence. 
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Given a family of I'CCllrsive languages, L. L is 
identifiable Ifom positive-only evidence iff there exists 
an effective procedure which on input i enumerates 
finite sets Tl' T 2 .... such that 

(i)Ti~ Li 
(il) For all j>1. if Ti~ ~. then Lj is not a proper subset 
ofLi· 

lhe intent is for the Ti to be "trigger" sets for hypotheses. and the 
condition amounts to the claim that such finite triggers must exist 
for positive identification to work. 

Since the principle is a necessary condition for positive-only 
acquisition. it is not surprising to discover that it subsumes a variety 
of proposals that have been advanced in the linguistic literature as 
constraints on the order in which acquiSition hypotheses should be 
made. In fact, it appears as though the Subset Principle exhausts 
what can be said about ordering constraints in acquisition. To 
support this claim we will review several proposals that have been 
made regarding the ordering of hypotheses in acquisition, some in 
detail. 

1\1. APPLICATIONS OF THE SUBSET PRINCIPLE 

11 Iru:.acguisition Qfphonoiogica! ~ 

According to the distinctive feature theory of phonology 
originally developed by· Prague school structuralists such as 
Jakobson and pursued by Chomsky and Halle in Soulld Pal/ern of 
English [19681. all natural sound segments such as a or p can be 
described via a small number of binary-valued distinctive features. 
By and large these features have an articulatory or an acoustic 
grounding. with names suggestive of their place or manner of 
articulation. such as high. back, anlerior, and the like, 20 or so 
features in all. Given binary values for distinctive features (+ or -). 
there are 224 possible segments (about 16.8 million). However, 
most of these segments are not attested in human phonological 
systems. Furthermore, most collections of segments in a particular 
natural language do not make use of an extensive number of these 
possible contrasts. 

As Kean [1974] shows, in part the reason for this is that 
distinctive features are not fixed in isolation. Rather, certain 
distinctive features can be fixed only after cemin other features are 
fixed. For instance. according to Kean's theory the distinctive 
feature consonantal must be fixed before the feature back or 
continuanl. 

Kean developed this theory as way to explain some of the 
observed restrictions on possible segmental sYstems and possible 
phonological rule systems. But there is another way to interpret 
such a theory, and that is as a developmental program for how a 
segmental system is acquired. That is, we can identify the 
markedness of a particular rule, segment, or phonological system·as 
the amount of information required to fix that system 
developmentally. 111is structure in turn permits a considerable 
compression of the information required to fix a particular 
segmental system. Importantly. the system obeys the Subset 
Principle. By construing the theory in this new way, one can in fact 
exhibit an acquisition sYstem in which large numbers of 
developmental pathways are eliminated because of the order in 
which a small number of parameters are set. Moreover, the 
d~velopmental model actually explains the existence of Kean's 
constraints, constraints that. while presumably universal, are 

otherwise not accounted for. Put another way. taken as a model of 
acquisition the Kean theory provides an explicit example of how 
developmental sequencing can actually be an aid for acquisition, 
above and beyond the constraints provided by models ofacquisition 
that assume an ."instantaneous" fixing of a system of knowledge. 

According to distinctive feature theory. segments can be 
distinguished only if they have different values for at least one of 
the 24 distinctive features. For example. the segments a and i are 
distinguishable given a segmental system that sets all distinctive 
features for the two segments to the same value save for ihe feature 
back. a is unmarked for back, while i is marked for back (i.e.. is 
expected). To take another example, the segment ae is also marked 
for back (-back) but is distinguishable from i because it is 
additionally marked +low. 

What Kean established is that there is a certain logical 
dependency order in which segmental distinctive features are fixed. 
For example. a segment must be first marked as consonantal or not; 
then. once the value for the feature cons has been set, value for the 
distinctive feature anterior may be fixed. Now, Kean deduced this 
order by examining the array of possible phonological systems in 
natural languages. More interestingly though, if we regard this 
order as a model of how a sound system is actually acquired, then 
we get a picture like this: 

Hierarchy diagram ~ IlCample illll spl its. 

Step 1 +syl +5yl 

+cons=unmarked cons 1/1 cons +cons m 
cons 

[p, n, m. k] [h, 1, w] Ct. k. kW, r,] [h] 

Step 2 mark anterior mark anterior 
(trigger: k) (trigger: k, kW) 

u anterior II ante dor u anterior II 
anterior 

[p.n,lI] [k] [t, r, ] [k, kW] 

Step 3 lIark sonorant mark sonorant 
(trigger: n,m) (trigger: r) 

u sonorant m sonorant u sonorant II 
sonorant 

'"i,.···
[p] [m, n] [t] [r] 

Step 4 mark labial mark labial 
(trigger: m) (trigger: kW) 

u labial mlabial u labial mlabial 
en] em] (but also [k] [kw] 

[pI) 
Different segmental systems correspond to different patterns of 
developmental paths. Note that at any given step where a class split 
occurs one must detennine whether the class that is nol prompting 
the split -is marked or unmarked at step i+1. Thus /p] is marked 
labial at step 4 even though it doesn't prompt the split into 
marked/unmarked labial. 
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The imponant feature of the partitioning process is thatspliUing 
occurs at the ~ • of the directed hierarchy graph, by 
successive refinement of existing clallSCS of segments. Because 
extension of classes occurs solely via the refinement of existing 
partitions, the set of segmental classes at step i will be a 
homomorphic image of all of the other trees before it in the 
developmental sequence. Also note that the tree is developed by 
marking just QIl£ distinctive feature at a time -- not a necessary 
constraint. since it is not clcar why one could not develop a new 
class by marking two or more features in one step. '(be result of this 
constraint is to guarantee that at any step i in the development ofa 
segmental system the classes of segments will be at most one mark 
(m) different For instance. this constraint excludes the following 
array ofmarks: 

Xl X2 X3 X4 

feature: 
consonanta1 m u u u 
ant.erior m u u u 
back m u u u 
low u m u u 
labial u u m u 
sonorant u u m u 

From one point of view the one-mark constraint is a pUZ1Jing one. 
It is not at all obvious wby segmental systems should be designed so 
that the alteration of a single distinctive feature could convert an a 
into an;2 

The key observation is that the one-mark constraint follows the 
Subset Principle -- and so then do natural segmental systems. Ifthis 
observation is correct. then the one-mark constraint fits naturally 
into a model of incremental. acquisition from pOSitive-only 
evidence (rather than a model of error detection or correction). 
Note also that marking is always carried out at the immediate 
fringes of the eXisting class tree. 

To see how important this is, suppose that acquisition is not 
incremental, so that two or more marks can be added at a single 
step. It would then be possible to form a new class partition based 
on marking both the features labial and sonorant without baving 
first used the feature sonorant to form any segroent classes. Now 
there is no class that will correctly accommodate a segment that is [u 
labial, m sonorant]. One way to remedy this problem would be ID 
anow the procedure to go back and rebuild classes that have already 
been formed, but this would violate the developmental ordering 
that bas been assumed. The fringe of the hierarchy tree would no 
longer summarize the possible next states that could be 
hypothesized, since there could be segments such as n that would 
demand the interpolation of new classes between older partitions 
and the current partition. In other words, the one-mconstraint 
amounts to the demand that new classes be the minimally specifie 
refinements of existing classes. This way ofordering hypotheses in 
a lattice of general to specific descriptions is, as we shall see 
immediately below, common to several proposed models of 
so-called "concept acquisition," It is also suftkient to guarantee 
that the incremental acquisition procedure proposed earlier wiD 
work correcUy. 

1 Note that this would _ to be an unwise design dtoic:e rrom the sIaIldpoiat or 
error detection or error c:orrection: as is well known. in order to be able to c:urrect 
errors of k bits. then segments would have to be separ.l1ed by a ball of llIdius n +1 
(since 0Ile DlUh1 guarantee that changes of up to k bits in any Iwo!le&llleDlll sliltleave 
_ .ole 10 determine the original seament). 

Put another way,the class of possible natural segmental systems 
seems to be more restricted than one might expect given a model 
where segments are obtained by selecting arrays of marked and 
unmarked distinctive features at random. Segmental systems are 
constrained in just the ways one might expect ir they were acquired 
on the basis of an incremental fixing of segments according ID the 
Kean feature hierarchy. 

3.2 ~ acquisition iWi ~Mconstraint 

Related researcb on conceptual development as pursued by 
Sommers [1971], Keil[1979}. and others also implicates the Subset 
Principle. Briefly, Sommers has suggested that if one arranges 
terms such as dog, cal, love. etc. inlD a graph structure whose 
terminal leaves are terms and where each node is an item that can 
sensibly be predicated of the all terms below it in the graph, then 
one never. or rarely. finds human intuitions of sensibility resulting 
in "M" shaped graphs -- the so-called "M" constraint Rather, the 
graph structures take the form of hierarchical trees. For instance, 
the tree below (reproduced from Keil(1979, page 15, Figure 1D is 
typical of one that comports with human intuitions; an "idea" can 
be predicated as being true, hence lies under a node labeled "true" 
in a predication tree, but cannot be at the comer, or red, hence does 
not lie under nodes labeled with these predicates. In contrast, a car 
can be nearby, at the comer, red, tall, and fixed, but not true. 

Developmentally, Keil's key finding was that predicate 
hierarehies (predicability trees, as he called them) foliate via the 
refinement of existing classes of predicates, rather than by the 
radical reconstruction of predicate applicability relationships. This 
finding was supported by studies of the growth ofpredicability trees 
of young children. In other words, Keil found that predicability 
trees developed via the branching of the fringes of existing 
predicates -- the same process of refinement as was posited in the 
phonological model presented above. For instance, at the earliest 
ages studied (5-6 yrs.). some children's predicability trees looked 
lite this: 

think of 
/heaVy"­

tall.. an hour long 
/ chair t'.v. show 

t
al tve secret 
awake 
sorry

.In 
(This is a Single individual'S tree.] 

When second graders were tested, their trees were foliated versions 
ofinitial trees of this kind: 

think of

/ ~ 
heavy an ho~r long 
ta11 ". "eces s

I cpa i I" i~ea 
al ive water 
./ \tree 

awa\e 
sorry 

, 
gIrl 
rabbit 
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This developmental assumption is just like that of the phonological 
model. A new phono.logical partition is fonned when it is realized 
that a segment is not like the segments of its classmates. and hence 
must be marked. (The hierarchy tree dictates how it must be 
marked.) 

There are other similarities between this situation and the case 
of phonological systems. With rare exceptions, children were found 
to obey the M-constraint This constraint is also honored by 
phonological rules. Further. the lattice of predications had an 
upper bound. an all-cmbracing predicate that could be applied to 
any object -- e.g., "think about". The corresponding predicate in 
the phonological domain is "sYllabic" or, perhaps, "segmental". 

Again. it is this Subset Principle that is being obeyed here. If 
retlnement occurs at the "leading edge" of the hierarchy tree. then 
the new repr~entation is a minimal refinement of the old one, in 
the narrowest possible way. 1bis kind ofconservative strategy is not 
necessary -- unless one is faced with the problem of acquisition 
based on just positive evidence. 1nus the widespread existence of 
this strategy might be taken as an indication ofa reliance on positive 
evidence here (as in the phonological case). 

3.3 ~ examples .fmm nn1i!l 

The Subset Principle is also ubiquitous in the acquisition of the 
syntax of natural languages. A catalogue includes (but is not 
exhausted by) the following examples. In fact, as far as can be 
detennined, the Subset Principle subsumes all the specific ordering 
principles advanccd in current syntactic theory. 

3.3.1 Bounding nodes for subjacency 

In most current theories of generative grammar, one assumes 
that movement rules obey a certain "locality principle", in that a 
movement cannot cross more than a single clause boundary - the 
Subjacency constraint 

John is certain (S trace to like ice cream) 
•John seems (S it is certain [S trace to like ice creamD 

The man (whoi [S 1 don't know (whoj (S 

tracej knows tracei]]]] . 


Interestingly, this last sentence is grammatical in Italian, as 
discussed by Rizzi (1978): 

L'uomo [wh-phrasej cbe (non so (chij [tracej conosca tratejDD 

According to Rizzi, this is because it is S, not S, that is a bounding 
node for Subjacency in Italian. Therefore, the empty category 
tn2C; can be co-indexed with the wh-phrasei because it crosses only 
a single full diuse boundary; the second boundary is an S, not an S. 
Apparently, the choice of a bounding node is yet another parameter 
that must be set in order to "fix" a grammar. 

Suppose Rizzi's analysis is correct How could the choice of 
bounding node be detennined on the basis ofevidence received by 
an acquisition procedure? Once again, let us apply the Subset 
Principle. If the bounding node for Subjacency is S, then a 
narrower class of languages is generated than if the bounding node 
for Subjacency is S. Therefore, by the Subset Principle, the 
acquisition procedure's first hypothesis should be to set the 
bounding node for Subjacency to S. In other words, the default 
assumption is that all languages are like English in this regard. If 

this assumption is wrong, then a positive example will appear that 
violates S-bounding _. as in the Italian example above. 'l1len the 
acquisition procedure can reset the Subjacency parameter to the 
next "largest" value, namely, S. 

3.3.2 Acquisition of phrase structure rules 

Williams [1981] describes a special case of the Subset Principle 
as a potential model for the acquiSition of the context-free phrase 
structure rules that underly the basic sentence fonns of a language. 
The idea is simple. According to current linguistic theory, a phrase 
structure rule obligatorily contains a Head, a unit of the same type 
as the phrase itself, and optionally has Complements and Specifiers. 
For example. in an English Verb Phrase the Verb itself is the 
ultimate (lexical) Head; the trailing NPs and PPS, and S are the 
Complements; perhaps Adverbs are Specifiers. Given this model, 
then the Subset Principle dictates a particular order in which 
hypotheses should be entertained. 'Inc first assumption is to 
assume that a phrase has Jill Specifiers or Complements, since this 
generates the narrowest possible class of languages. As usual, this 
initial assumption would be dropped in the face ofpositive evidence 
to the contrary -- in this case, the existence of a Complement or a 
Specifier. Thus the order of hypotheses would be as follows: 

Head (obl igatory) 

I \ 

Fix Specifier Fix Complement 

L 1 

fix Complement Fh. Spec if i.e r 

As Williams observes, there is no particular order in which 
specifiers or complements are fixed. relative to each other. Further, 
since either or both can be missing, the end state may be a phrase 
structure rule lacking in either Specifiers or Complements. More 
often. however, Complements are obligatory arguments; hence the 
general order of acquisition will be to fix Complement structure 
be~or~ fixing optional Specifiers (as also determined by the Subset 
PrinCIple; see the discussion of obligatory arguments immediately 
below). 

3.3.3. Optional and obligatory arguments and rules 

More generally, it has been widely pointed out (see e.g., Baker 
[1979) that it is ditlkult, if not impossible. to detennine whether a 
rule ~s obligatory or optional on the basis of just positive evidence_ 
For mstance. Baker observes that Subject-Auxiliary inversion is 
obligatory in main clauses. If an acquisition procedure guessed a 
Subset language and assumed that inversion was optional, it could 
generate two fonns, the second ungrammatical: 

Who will John kiss? 
Who John will kiss? 

Su~pose counterfactually that the inversion rule was optional in 
ro:'lR.clauses. ~is causes no problem; the acquisition procedure 
will SImply acqUire a new rule ofanalysis to handle that situation as 
\\'ell. In short. one can see that by fonnulating the acquisition 
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. ­
procedure as one of fixing new rules ofanalysis, one automatically 
orders hypotheses so that the default assumption is lhat a rule is 
obligatory until proven otherwise. This ordering satisfies the Subset 
Principle. 

The same point holds for determining the argument structure of 
verbs, such as walk: by default, the leamer must hypothesize the 
narrowest possible surface language. Thus if an argument appears 
with a verb, such as. John walked If) the store, then the default must 
be to take the 'Prepositional phrase to Ihe store as an obligatory 
argument until proven otherwise by explicit positive evidence (such 
as a sentence where the argument does not appear, as in, John 
walketl}. Optionality must always be fIXed positive examples. 
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. Extended Abstract 

It is widely held that ordinary natural language 
conversations are governed by tacit conventions, called 
conversational postulates or felicity conditions. Learning a 
procedural skill is also a communication act. The teacher 
communicates a procedure to the student over the course of 
several lessons. The central idea of the theory to be 
presented is that there are specific felicity· conditions that 
govern learning. Five felicity conditions on procedural skill 
acquisition have been discovered. They constrain how the 
teacher forms lessons and how the student learns from 
lessons. Even when lessons are incomplete, in that they do 
not contain enough information to communicate a procedure, 
students learn from them in ways determined by the felicity 
conditions. Thus, the theory can explain certain kinds of mis­
learning as well as successful learning. 

The theory employs a learning model. The model is a 
large AI·based computer program. named Sierra. It inputs a 
sequence of lessons consisting of worked examples and 
practice exercises. Sierra traverses the lesson sequence, 
learning a set of procedures (one procedure for each possible 
setting of certain parameters of individual difference). This 
set is very important. A key criterion for the theory is that the 
set of model· generated procedures should exactly match the 
set of procedures that students actually acquire. including 
their incorrect. "buggy" procedures. The model's predictions 
have been compared to data from students learning ordinary 
mathematical procedures: subtracting mutti·digit numbera 
(1138 students). adding fractions (500 students) and soMng 
simple algebraic equations (27 students). 

However, there is more to validating this theory, or any 
complex AI·based theory, than just testing its predictions. The 
theory is stated as a set of 32 principles, of which the five 
felicity conditions are a subset. Sierra is only a tool, albeit an 
indispensable one, for calculating the predictions made by the 
principles. Explicating the principles is a necessary first step 
in validation. But many other questions remain to be 
addressed: What are the relationships between the principles 
and the behavior? Could the given cognition be simulated If 
the principles were violated or replaced by somewhat different 
ones? Would such a change produce inconsistency, or a 
plausible but as yet unobserved human behavior, or merely a 
minor perturbation in the predictions? Which alternatives if 
any can now be rejected in favor of the chosen principles? 
Answering these kinds of questions for each of the 32 
principles has been the major work in validating the theory. 

As an illustration of this kind of validation, consider the 
following felicity condition: 

Learning a lesson introduces at most one new 
disjunction into a procedure. 

In procedures, a disjunction may take many forms, e.g., a 
conditional branch (if·then·else). This felicity condition 
asserts that learners will only learn a conditional if each 
branch of the conditional is taught in a separate lesson-i.e., 

the then·part in one lesson, and the else· part in another. 

The argument for the felicity condition hinges on an 
independently motivated prinCiple: mathematical procedures 
are leamed inductively. They are generalized from examples. 
There is an important philosophical-logical theorem 
concerning induction: If a generalization (a procedure, in this 
case) is allowed to have arbitrarily many disjunctions, then an 
inductive learner can identify which generalization it is being 
taught only if it is given a/l possible examples, both positive 
and negative. This is physically impossible In most interesting 
domains, including this one. If inductive learning is to bear 
even a remote resemblance to human learning, disjunctions 
must be constrained. 

Two classic methods of constraining diSjunctions are (i) 
to bar disjunctions from generalizations, and (il) to bias the 
learner In favor of generalizations with the fewest disjunctions. 
The felicity condition is a third, new method. It uses extra 
input information, the lesson boundaries, to control 
disjunction. These three methods of contrOlling disjunctions 
are competing hypotheses for explaining how human learners 
control disjunction (along with several other hypotheses that 
won't be mentioned here). 

The validation task is to discover and evaluate the 
entailments of each of the three hypotheses. In the case of 
the first hypothesis, it can be shown that barring disjunctions 
from procedures forces the theory to make absurd 
assumptions about the student's initial set of concepts-the 
primitive concepts from which procedures are built. 
Rejecting the first hypothesis leaves the fewest· disjunctions 
hypothesis and the one·disjunction·per·lesson hypothesis. 
The empirical predictions of these two hypotheses are 
identical, given the lesson sequences that occur in the data. 
More suble arguments are needed to differentiate between 
them. Here are two. 

(1) The felicity condition explains why lessons are so 
universally used in teaching and more Importantly, why lesson 
sequences have the structure that they do. If the fewest­
disjunctions hypothesis were true, then it would simply be an 
accident that lesson boundaries happened to fall exactly 
where disjunctions were being introduced. The one­
disjunction-per· lesson hypothesis has more explanatory 
adequacy. 

(2) The fewest·disjunctions hypothesis predicts that 
students would learn equally well if the example sequences 
were scrambled so that lesson boundaries fell at arbitrary 
points. This empirical prediction needs checking. If it is false, 
as I am sure it is, then the fewest·disjunctions hypothesis can 
be rejected on empirical as well as explanatory grounds. 

This brief argument sketches the kind of individual 
support that each of the 32 principles has been given. Such 
competitive argumentation seems essential for demonstrating 
the psychological validity of a theory of this complexity. 
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