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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 AUGMENTING RULFS AND ACCUMULATING CENSORS 

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

ABSTRACT 

This paper is a synthesis of several sets of ideas: ideas 
about learning 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 
iftllen rules. An augmented if-then rule is blocked 

. whenever facts in hand directly demonstrate the truth of 
an unkss condition. When an augmented if-then rule is 
used to demonstrate the truth of an unless condition. 
the rule is called a censor. Uke 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 vinue of unless entries that capture 
certain nuances of meaning different from those 
expressible by 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 1981]. The 
theory addresses the analogy process at work when we 
exploit past experience in fields like Management, 
Political Science, Economics. Medicine, and law. as 
well as 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. 

After a brief review of the overall theory. I 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 ifthell rules are discussed. Each augmented 
if-then rule contains not only ([and then parts, but also 
an unless pan. Before a rule acts, censors determine if 
any existing facts directly demonstrate that an unless 
relation is true. If so, 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 (1977]. 

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!1"d exercises. leaving 
the work of formulating the if-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. 

o 	 Importancc-dominatcd 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 Macbelh. 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 Macduff 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 looks 

like this: 

Rule 
RULE-l 

if 
[LADV-4 HQ GREEDY]
[N08lE-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. 

o 	 The primo 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 
important criterion for success. and it works because it 
exploits identifiable ideas. satisfying another. 

CRE!TING RULES USING ANALOGY 

Let us review how rules are generated. Consider the 

Macbeth precedent, given earlier. together with the 




4 

#.' King 

wfnt t 
Macbeth ... "1 ako 

Macbeth Greedyi 
~ I I I I I I I 1hqpmlJ:-e 

Lady-Macbeth Lady-Macbeth 

hq! 
f 
to ..!influence 

Macbeth Able!! Macbeth 

1/""I " " ) t to !hq Lady-Macbeth 4 hq 

Weak Married 

Man

?...-.+
• I 

\ 
Greedy 

.... 

Woman 

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. 



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 generally, 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 rule is constructed. with generalizations of the 
exercise relations used becoming if parts and a 
generalization of the relation to be shown 
becoming the then 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). 

ENABLING 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 heoome 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 wort 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.. 

s 

Censors can Block Augmented If-tben 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 in the 
causal structure lying between relations that enter 
the ifpart of the mle 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 of the rule corresponds 
to something that is manifestly true, then the rule 
does not apply. 

Oearly 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 following 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-I is: 

Rule 
RULE-l 

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 WANT [NOBLE-4 AKO KING]]]

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

TO 
[LADY-4 INFLUENCE NOBLE-4]] 

HQ FALSE] 
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The blocking rule is: 

Rule 

RULE-2 


if 

[[PERSON-8 LIKE PERSON-7] HQ FALSE] 


then 

[[[PERSON-7 HO ABLE]


TO 
[PERSON-7 INFLUENCE PERSON-B)]

HO 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 facie 

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. 

l11e 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-8 LIKE PERSON-7] HO FALSE] 


then 

[[[PERSON-7 HQ ABLE] 

TO 
[PERSON-7 INFLUENCE PERSON-B]] 

HQ FALSE] 

unless 


[PERSON-B 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-l 

if 
[[PERSON-6 HQ ABLE] 

TO 
[PERSON-6 CONVINCE PERSON-5]] 

then 
[PERSON-5 TRUST PERSON-6] 

To i1Justrate 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-l is 

o Next. the unless part of RULE-l 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-1 to be 
fetched. Its if parts are satisfied. Thus 
CENSOR-l blocks RULE-2. preventing RULE-2 
from blocking RULE·l. 

o 	 Finally, RULE-1 succeeds. establishing the 
relation originally asked about. 

Augmented If-then Rules are not Rules of Inference 

It is tempting to write censors in the following way: 

or alternatively. 

where the As are in the ifpart 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 
Definition 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 
propositions, 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-Z 


it 
[MAN-lO AKO MAN] 
[[MAN-tO HO MARRIED] HO FALSE] 
[MAN-tO AKO ADULT] 

then 
[MAN-tO AKO BACHELOR] 

unless 
([[MAN-tO HO MARRIED] HO EXPECTED] 

HO FALSE] 
[[[MAN-tO HO ABLE] TO [MAN-tO 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 foHowing censors: 

Rule 
CENSOR-t 

if 
[PERSON-l AKO MISOGAMIST] 

then 
[[[PERSON-1 HQ 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 

Censors 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 ~lving 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. 
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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. 

Augmemed 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-teamed rules: 

Rule 
STORY-t 

if 
[MAN-t AKO MAN] 
[[MAN-l HO MARRIED] HQ EXPECTED]

then 
[MAN-t AKO BACHELOR] 

Rule 
STORY-Z 

if 
[[MAN-Z "0 ABLE] TO [MAN-2 HQ MARRIED]]

then 
[[MAN-Z HQ MARRIED] HO EXPECTED] 

Rule 
STORY-3 

if 
[MAN-3 AKO ADULT] 
[[MAN-3 HO MARRIED] "0 FALSE]

then 
[[MAN-3 "0 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 Near-miss 

Of course, 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 



9 

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-IO AKO MAN] 
[[MAN-IO HQ MARRIED) HO FALSE]
[MAN-tO AKO ADULT] 

then 
[MAN-tO AKO BACHELOR] 

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

HQ FALSE]
[[[MAN-IO HQ ABLE) TO [MAN-tO HO MARRIED]]

HO 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. Oearly the number is 
enough to do surface-scratching experiments and to 
iUustrate 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 probJem 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 J. Michael Brady: 
an augmentation of the rules with an ifrelevant 
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 .•• A Au 

A -,(B1V ... V Bn) 


A(OI V ... VOn} 

-CO 

where the As are in the ({part 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 (1978]. 

o 	 There is no way to handle constraints about 
quantities such as those constraints that appear in 
the wort 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 	 Tht1re are no satisfying ideas about the role of 
abstraction in doing matching and indexing and 
retrievins. 

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 IDEAS HA VE 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 cenain 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 imponance 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 	 Imponance-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 conc~ntrated on analogy and rule 
acquisition. Also. Minsky's views on censors had a 
major influence (Minsky 198Q]. 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 cenain 
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 19801. 

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 tty 
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 (-plausible, which was used in a 
previous version of this paper. 
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Abstract 

Derivational analo'JY. 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 
accompallying justifications. that proved effective in solving 
parl ir:ul3r problems requiring similar initial analysis. The 
derivational analogy Rpproach is advocated as a method for 
instructing expert systems, as an alternative approach to current 
pai,lstaking knowledga 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 dE-note disparate lorms of intelligent action to achieve 
well·defined goals. Perhap.o; 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) that transforms an initial problem state into a desired goal 
state. Int~lIigent 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 132, 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. additlonals plans that tell how 
to instantiate other plans or how to solve subproblems are 
brought to bear in a recursive manner. Traditional notions of 
search arp. totally absent from this formulation. Some systems. 
such as the counterplanning mechanism in POLITICS 16. 3], 
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 

lin means.ends analysis. the current slate is compared to the goal state and 
one 0( more operatora that reduce the d~lerence are selected. whereas In 
heuristic saarch. the presant state is evaluated in iIIolation and compared 10 
alternate Slates resulting from the application of d;fferent operalors to states . 
generated earlier in the setlreh, and the search for a solution continues from the 
highest·rated state. 

searching 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 structuring domain knowledge is available and 
there is no useful past experience to draw unon, 
weak methods such as heuristic search and 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~d outcomes 
Is required. 

• 	" 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 general plans apply. hut 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 
fluid 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 the 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]. 

• If no specific plans apply, but the problem 
resembles one solved previously, apply analogical 
transformation to adapt the solution of thai similar 
past problem Ule 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!dlls rather than pure cognition, 
consider a person who knows how to drive a car 

http:probl.em
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and is asked to drive a truck. Such a person may 
have no general plan or procedure for driving 
trucks. but is likely to 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 tasks! 

Flgu re 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 01 a 
universal weak method [11] as a general problem solving engine 
is developed completely within the search paradigm. Expert 
systems, for the most part, combine aspects of plan instantiation 
(oHen 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 on a new 
formulation of the analogical problem solving approach. 

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

contrived problems asking: "X is to Y as Z is to 1" 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, 81. 

Definition: Analogical problem solVing consists ot 
transferring knowledge trom past problem solving 

episodef> 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 problem. 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 satisly the requirements of the new 
problem statement. 

In order to achieve these objectives, the initial analogical 
problem solver [8] 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 memort 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, tumed 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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proCdSS may be classified as follows: 

1. Two problems share significant aspects if they 
match 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, 
wheth~r or not that sequence is later modified in the 
analogical mapping process. 

3. ThlJ knowledge transfer process is accomplished by 

copying the retrie'loo solution and perturbing it 

incrementally according to the primitive 

transformation steps in a heuristically guided 

manner until it satisfies the r':4uirements of the n(ow 

problem, (See [8] for details.) 


4. The selection of rele'Jant past problems is 
constrained by the memory indexing schtlme and 
the partial pattern matcher. 

Since a significant fraction of "robl~ms encountered in 
mllndan~ situations and in areas r~Quirin9 significant domain 
expertise (but not in abstract matMmaticai puzzles) bear close 
resemblance to past solved prcblems, the ARIES·I method 
proved effective when tested in various domains, iolcluding 
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 was the solution transformation 
method implemented and analyztld than some of its 
shortcomings became strikingly apparent. In response to these 
deficiencies, I started analyzing more sophisticated methods of 
dra'>IIing analogies, as discussed in the following sections. 

3. Tl1e Derivational Analogy Method 
In formulating plans and solving problems, a considerable 

amount of intermediate information is produced in addition to 
tha 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 ouUined above ignores all such 
information, focusing only upon the resultant sequence 01 
actions and disregarding, among other things, the reasons for 
those actions. Why should one take such extra information into 
account? It would certainly complicale the analogical problem 
soMng process. but what benefits would accrue from such an 
endeavor? Perhaps the best way 10 answer Ulis question is by 
analySis of where the simple solulion transformation process 
lalls 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, lor instance, the domain of constructing computer 

programs to meet a set 01 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 or some variant of first order 
logic), and produces progressively more operaiional 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 follow 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 Quite easily if one has recently 
implemented Quicksort in PASCAL. Similarly, writing LISP 
programs that perform tasks centered around depth· first tree 
traversal (such as testin(J equality 01 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 implementaJion 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 sim.iar, 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 intemal 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 Ae.W 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 b9lore undertaking the LISP implementation. 
Swartout and Balzer [31 1 and Scherlis [251 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 problema 
that demonstrate the need for preserving or riIConstructing 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 jualln 
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 6nks 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 itself 

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

o In the event thal the solution depends. 
perhapa Indfrectly, on voJatIle 
assumptions not statect In the problem 
description (such as the cooperetion 01 
another agent; or time·depeitdent 
states) Store the - appropriate 
dependenCies. 

. 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 
the 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 
del;valions) 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). C8$e·based reasoning is nothing 
more than derivational analogy applied to 
domalns 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 step are still valid by tracing dependencies In 
the retrieved derivation to relevant parts of the old 



16 

problem description or to volatile external 

assumptions made in theinitia/ problem solving. 


• 	" parts 01 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 
paths borrow heavily from TMS [10) and some 
of the non·monotonic logic literature [18). 
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 
lailure 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). 

2ntis approach only works if the missing or violated premise relates to lhal 
part of the global slate under control 0/ tile problem solver. such as acquiring a 
missing 1001 or resource. rather lhan under the control 0/ an uncooperative 
external agent or a recalCitrant enllironment The discussion 0/ strategy-based 
counterpianning gives II more col1l!llele account 01 aubgoaling to rectify 
unfulJiled expectations (3. 61. 

• In the event that a different decision is taken 
at some point in the rederivation, do not 
abandon the old derivation, since. future 
decisions may be independent' of some past 
decisions, or may still 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. AHer 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 [8). 


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 internal 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 life 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 strucwre can be so represented in 
memory, saving space and a1lol!l'ing similarity· based indexing. 
Moreover, when a generalized plan is formulated lor 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 thai 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 
problems 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 tact the educational 
process is heavily tiltad 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 implicilly, placing less burden on the expert and 
somewh: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 
traditional 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 for criteria for 
analogical reasoning: 

1. Two problems share significant aspects if their 
initial analysis yields the same reasoning steps, i.e., 
if 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 of Schank's MOPS 

(28), and retrieval occurs by replication of initial 
segments of decision sequences recalling the past 
reasoning process. 
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Abstract 

This paper presents a model or analogical re8llOning ror 
learning. The model is baaed on t.wo main ideas. First, that 
the analogies used in learning about. an unramiliar domain 
depend heavily on t.he UIIe or previously rormed causal 
abstractions in a ramiliar or base domain. Second, that. t.hese 
analogies are extended incrementally to related situations as 
needcd. The analogical map.ping component. or CARL, a 
computer program that learns about the semantics of 
assignment statements for the BASIC programming language, is 
described as an illustration this kind of causally-driven 
analogical re8llOning and learning. The model maps and debugs 
inferences drawn from several commonly used analogies to 
assignment, in response to presented examples. 

Ke;yworda: Learning, concept rormation, analogical re8llOning, 
causal abstraction, incremental mapping, debugging, cognitive 
modeling. 

I. Introduction 
It has 'been orten been said among AI researchers that 

learning one new thing requires knowing an enormous amount 
beforehand. One kind or learning ror 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 or 
learning by analogy, the rormation or new concepts in an 
unramiliar domain rrom 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 in the BASIC 
language. The model was motivated in part by observations or 
students behavior when first introduced rmt to the BASIC 
language using such analogies. 

Some unresolved problems with earlier models or analogical 
reasoning are addressed in the model. BeeaUlle or the close 
relationship between our everyday notions or analogy and 
similarity, several models or analogical reasoning in AI have 
been developed around rorms or partial pattern matching. 
Algorithms like those or Evans and Winston (Evans 
68, Winston 80) were baaed on the assumpt.ion that a best 
partial match could be round by accumulating evidence ror 
each or a number or possible object-to-objeet mappings betwecn 
representatioos 01 two situations, and then choosing the one 
that scored highest. In these systems, evidence lor a match was 
essentially the number or relational connectioDS preserved 
between corresponding objects ror a given alipment or objects. 

Tbe- wort-~km-WM"'iilpj;;rki' iii pili-b; t:h;-Adyanced 
Resean:b ProjeC&1I A,eaee 01 the Departmea& 01 Derease, and 
monitored by Ule OfJ'lCe or NaYal a-b uader !:OIltrae& No. 

The object alignment that placed the largest number or 
relatioos and attributes in correspondence was coosidered the 
best match and the thus "correct" analogical interpretation. 

This approach has several major drawbacks as a central 
component or a process model ror analogical ll:ornin,. First, it 
presupposes that well defined, bounded representational models 
of the situatioos in both the 601ll: or lamiliar domain and the 
targl:t domain are available as inputs. But, in raet, the required 
prior representatioos or the objects and relatioos in the target 
domain may be wrong or inconsistent with the analogy, or may 
not exist at all. The point or presenting an analogy to a 
student is to aid him in the c:onatrudiOfl 01 a representation or 
a target situation or to correct problems in a prior 
representation. Since matching caDDot be used to coostruct 
such a representation where there was none before, it cannot 
rorm the basis of a general theory or learning by analogy. 

Another problem with theories baaed prineiply on the 
matching of deseriptioos, particularly as the complexity of these 
deseriptioos iDl:reases, is that conceptual representatioos lor real 
situatioos may contain many objects not taking part in a 
specific analogy. Wioston (Wioston 80, Wioston 82) suggested 
that attention to important relatioos, such as those connected 
by causal links, can reduce the computational complexity of the 
matching process to some degree. Yet, even in strict.ly causal 
models, sub-systems can quite often be userully expanded to 
greater and greater levels of detail (deKleer and Brown 
81, Collios and Gentner 82), thereby introducing new objects 
and relatiooships which mayor may not play roles in the 
analogy. A system taking aa input incomplete deseriptioos of 
analogical situatioos, such as those presented in texts, but with 
a large body or background causal and other knowledge ror 
"filling out" such deseriptioos, would still require methods ror 
narrowing the roeus or the comparison. In particular, it must 
be possible to find analogical relatioDShips between situatioos 
without detailed specification and pairing or all of the objects 
potentially present in representatioos 01 each situation. 

What is required to address these objectioos ill to replace 
bottom-up matching with an approach based on analogical 
moppin" using a set or heuristies to delimit what is to be 
"imported" rrom a base to a target domain at a given time. 
One such heuristic ill to map previously rormed abstraetioDS, 
such as those embodying caosal and planning rules. It ean he 
argued that such structures are nee_ary in any case ror 
interpreting and planning in situations in a ramiliar domain. 
Focusing on such struet.ures, and their associated special cases 
and known problems, aJlows ror a much more topoclown rorm 01 
analogical reasoning. This is exactly what is required when 
prior knowledge 01 the target domain is severely impoverished. 

NOOOl4-76-C-lll. 
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2. Student Protocols Used .. Guidelines 
Analogies lound in typical introductory texts cenerally 

include statements suggesting correspondences between one or 
several classes 01 objects in the domains to be related. To be 
useful, these stated correspondences mUlt be combined with the 
presentation 01 target domain actions or situations described in 
terms oJ plausible situations in the lamiliar domain. This is 
illustrated in the lollowing text, UlIed by one author to 
introduce the notion 01 computer variable. 

IA 18 Ie ID IE IF Ie IH II 
I S I I I I 12 I I 1 I I1 	 1____ 1____ ' ,____ ' 1 1 1____ '____ ____ ____ ____ ____ 
IJ IK IL III IN 10 IP IQ IR 1 
I1 I1. I1 7 I1 I1 I1 I1 I1 I1 11 

IS 	 IT IU IV IV Ix Iy IZ 1 
1 	 1 I I 1 I 6 I I I
1____ 1____ 1____ 1____ 1____ 1____ 1____ 1____ 1 

To illustrate the eODcept or IItJrilJble, imaaioe that there are 
26 little bo%u inside the computer. Each box CaD COIltain 
one Dumber at 8111 ODe time. IAlbreeht 781 
This analogy can be paraphrased ~A wria6lc is like a 60% 

in that numbers can be inside variables in some ways similar to 
the way objects can be inside boxes.· To be applied in learning 
about assignment, it belps il specific actions associated with 
variables are also introduced, as in the statement ~To put the 
number 5 in the variable X, type 'X-5'.· No matter how it is 
presented, however, this kind 01 given information must be 
combined with a student's ability to access knowledce of the 
~box" domain. including specific concepts developed from 
experience in that domain. In this simple case. a student must 
at least be able to interpret statements about puttin, objects in 
boxes. 

In the protocols I collected while tutoring introductory 
BASIC, I observed a number of plauai6le, though often 
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 assignment 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 of the process of developing new 
concepts by analogy must be the incremental debugging of the 
inferences derived from the analogy. 

Sources of alternate hypotheses. induding additional 
analo,ie., can be quite useful in this debugging process. The 
following protocols illustrate this quite dearly. After explaining 
to one subject (Perry, ace 10) that there were many boxes in 
the computer, and that each one had a name that he could 
choose. the following oecurred. 

II: 	 Suppose th.r.'s I box ell led X Ind we'r. IOlnl to 
store the nUlb.r 6 In th.r•. How would Jou do thlt? 

P: the nrilblts .. uh X •• X... no 
M: You hlv. to tell It ... 
P: PItt the nu.b.r 6 in the 'Irilbl. X. 
II: 	 You h.,. to ,I,. It. cotl.nd th.t viii ••k. It do thlt. 

Now, h.r. w. hi'. In .x••pl •...suppos. I tIP' '8=10'. 
P: Oh, Ind If lOU w.nt to store this 10 lOU writ•.•. 

II: 	 Now I t1Ped thlt in, so now it's soinl to remember 

thlt, ok? 


P: that B equa.l, 10. 
M: It's sot I box cilled 8, Ind Insidl it is 10. 
P: 	 So lOU vrlte the box Ind then the nUlber thlt lOU 


v.nt to store in it? 

II: T.s, and fOU put In In .quII sign to t.11 it to do thlt. 

Here, three common analogies to variables and assignment 
are mentioned: putting numbers. in variables is like putting 
objects in boxes, computers use variables to remem6er things 
they are told, and assignment statements are like alcebraic 
equalities. At rll'St glance, this might seem more confusing than 
helpful. Yet, each analogy can be shown to play a useful, often 
complementary, role in developing a working understanding of 
assignment. Tutorial textbooks often use at least two of these 
analogies. II they are not presented explicitly as analogies, the 
normal language of the computer science domain suggests their 
presence. We olten speak of 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 affects one's 
understanding of new situations. The following shows one way 
in which having several analogies can be more helprul than 
baving just one. As the dialogue above continued, I tried to 
illustrate a point about transferring values from one variable to 
another. I typed 'P-IO' and then 'Q-P', and asked: 

M: So. "hit's in P nov? 
P: Oh. Nothing. 
M: Nothing? 
P: 101 Ind th.n Q is liso. 
M: Vhlt do JOu think it is? Is it nothing or 10? 
P: l.t's find out. First I.t's 5 ••••. 

M: v.II, vhlt do JOu think it is? 
P: 	 If JOu hlv. tvo box.s, Ind JOu acv.d ... 


You mDved or at equGI. tof You IIOVtd 

vh.t's in P to Q so ther.'s nothing in it. 

or did lOU onll put the 51•• nu.ber in Q 

thlt's in P? I think it's 10. 


M: You think it's 10? 
P: 	 BeCluse you don't sll thlt, U., 110" P It III ... 

tlke P out. You onlJ Slid thlt Q .qu.ls the 
SI•• IS P. So if it .quIls, it hiS to b. 10. 
b.eause if th.r.'s no 10 in it. Q vouldn't b. 
.quII to it. 

Here, Perry clearly made the inference that if "Q-p. was 
analogous to moving an object (rom one box to another, then 
the number that had been in P must now be in Q. Since 
objects, when moved, are no lonser at their original location, P 
must now be ~empty·. 

When pressed, Perry's uncertainty about this conclusion 
caUlled him to come up with an alternate explanation based on 
an entirely different line of reasoning, using a different analogy. 
If typing "Q-p. is treated as a statement to the computer 
that the two variables have equal values, based on the normal 
algebraic interpretation, then from the fact that P was 
originally 10 one could conclude that Q was also 10, while P's 
value stayed the same. 



21 

The use of algebra knowledge in the explanation PelTJ 
settled upon in this exchange did not stop him lrom lurther use 
01 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 satislac:tory answer to this 
particular problem. 

Such errors and t.heir explanations played an important 
role in developing the process model implemented in CARL. 
Because these incorrect hypothC$CII represent plaUIJible 
analogical extensions 01 situations in the base domains, it can 
be assumed that they are produced by the same analogical 
reasoning process t.hat produces correct answers in ot.her cases. 
It was by modeling errol'l'l obsen'ed in the protocol data, as well 
as correct inlerences, that I was able to lormulate the model of 
analogical reasoning presented here. 

3. A PropaID that Learns about Aaaipment 
Many aspects of the overall model are illustrated in t.he 

behavior of the computer program. CARL learns about varioUIJ 
kinds of assignment. st.atements by building and combining 
inferences drawn from several different. analogies. The procram 
formulates many 01 the hypotheses and a number 01 the errors 
I found students made as they t.ried to learn lrom the lame 
analogies (see [Buntein 811 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 77)) : 

» Th. cceput.r r....b.rs I nu.b.r b, puttlnl it 
in I "Irilbl•• 

» A nrilbil is 1111. I bol. 
» To put the nu.bar 6 in the "Irllbl. nlled X, 

t,PI 'X=6'. 
» How do IOU pt the coepuwr to r....bar thl 

nu.blr if 
CARL: Ty,. 'X =g' 
»Suppose I thIn tlpl 'X=&'. 
» Now wh.t's In the "Irllbl. X, 
CARL: 8 Is In X .nd 9 Is In X 
» No, the 9 rlpllc.S thl 8 In X. 
CARL: OK 
» Suppose I tIP' 'Y=6' .nd thIn 'X=Y', 
» Now whit's in the 'Irilbl. X, 
CARL; Y Is In X 
» No. it ••• ns put thl nuab.r In Y Into X. 
CARL: OK 
» Now whit's in the ,.rl.bl. Y' 
CARL: Noth 1"1. 
n (luus 'pln, 
CARL: 6 Is In Y (bl In.IOI7 to .qulI Ity) 
» Corr.et. 
CARl: OK 

CARL develops, with the aid 01 a t.utor, semantic 
representatioDII for mOlt. common t.ypes of ueipmeDt 
statement.. It concurrently lorms rules about. bow to pane 
them, infer the logical results of their execUWoD, and geaerate 
t.hem as components 01 simple plaOll. ID the proteIII, it maka a 
number of the milltaka obeened in t.he protocols 01 people 
learniDI t.he lame material. 

". An initial Structure Mapping Theol7 
The analogical reasoning model in CARL was strongly 

influenced by some psychological studies of analogical learning, 
GeDtner [Gentner 82, GeDtner and Gentner 821 outlined a 
cognitive model 01 learning lrom scientific or -explanatory" 
analogies that dealt with some of the problems I have 
men~ioned, though not others. The analogies she. considered 
included auch statements as: 

The bydroaea atom is liIte the solar system. 
Eleetrkity flows tbrou&b a wire tike water t.broup a pipe. 

The model Gen~ner proposed lor learning from lIuch 
analogies, unlike ~he matc:hi...driven models, did not require a 
complete prior represent.ation 01 the tarp~ domain. However, 
it was undel'l'lpecified as a process model. By her model. 
relat.ions, or predicates cODDec:~ing several objects or concepts, 
are mapped identicall" from one domain to the other under a 
prespecified object.-object. correspondence. After identical first­
order relat.ions have been mapped to relate corresponding 
objects in a ~arpt situat.ion, second-order predicates, such as 
causal liab between relatioDII, are also mapped. Although t.his 
model does suggest a way to map new struc:~ures into an 
unfamiliar domain, it. does not give a good account 01 how 
corresponding objects are first ident.ified, nor does it. cODII~rain 
.,laicl. relatioDS are mapped. It. also did not allow for mappings 
bet.ween noD-identical relations, which I will argue is often 
necessary. 

The need to cODlltrain the set. of relations mapped can be 
secn from Gentner's represent.ation of the solar system model, 
and t.he mapping that she described to a model for the atom. 

YELLDlI. IIOT. MASSIVE ...f-:I­

j(P'OPt,tltS) 

SUN -> NUCLEUS 

PLANET -> ELECTRON 

.... 0001... 

Here, the SUD is related to a planet by the predicate 
HOTTER·THAN, as well as ATTRACTS and REVOLVES­
AROUND, two predicates which are ~hemselva causally related 
(not shown). Gentner claimed t.hat the HOTTER·THAN 
relation was n/Jt mapped to the atomic model, in accord, I 
think, with most. people's intuitions about this analogy. 
However, Gentner's specifICation of the mappinl process could 
not. predict ,his. It. is also clearly the cue that many ot.her 
attribute comparisoDII, such as BRIGHTER·THAN, could also 
be pan of a description of a solar system. Presumably, these 
relations would not be mapped eit.her. 

The explanatioD proYided by Gentner for this was in terms 
01 a general condition OD the mapping process, essentially that 
·predicates are more likely to be imported into the target il 
they belong to a system 01 coherent, mutually constraining 
relatioDllhips, the othera of which are mapped." [GeDtner and 
GeDtner 82} A.. the above example shows clearly, some 
heuristics of t.his form are Deeded. 
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In CARL, this general condition is reformulated aa a top­
d~n 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. Thus, in applying the box 
analogy, CARL decides that the precondition that numbers 
"fitft inside variables should be dropped from the causal 
structure. 

AU of this is made eaaier in the context or 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 uses 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 or a new, parallel 
causal structure characterizing the target example. Objects in 
the target ~xample are made to fill roles in that structure, using 
stated object correspondences between the domains when 
available. Other object correspondences are only formed by 
virtue of the roles correspondences between the mapped 
structures. So, for example, from a causal abstraction 
indicating that the result of putting a physical object in a 
container is the state "the object is INSIDE the container,ft 
CARL concludes that one result of an assignment is a parallel 
relation between variables and numbers. Thus, by 
corresponding roles, an indirect correspondence is formed 
between phvsical obiects that £0 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 i, 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 831. Carbonell outlined a problem solving 
process whose first step waa 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 using 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 influenced by Schank's theory of human memory 
organization (Schank 82J, and the effects of that organization 
on the processes ofinterpreting, planning, and learning about 
new situations. 

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

all relations are mapped "identieallyft 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 genera\. 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 of the actions and plans each is involved in. One can 
put things in boxes, and assignment provides a way to to "putW 

numbers "in" variables as well. The principle function 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 of 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\ll and side effects of a8!lignment in the 
programming domain may be quite difrerent from the 
conditions on placing objects in boxes. Though students only 
I1radualll/ discover how these situations difrer, 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 from the standpoint of Gentner's model, is 

that the relationship which gets mapped from the "box worldw 


to the "computer worldw is exactly that or phl/,ical 

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 numben are 

placed "inw variables. 


This problem can be characterized as one of lewl, 0/ 
a6.\ltraetion. Depending on how much is known about tbe 
objects in the target domain w hen the analogy is presented, it 
mayor may not be re8llOnable 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 couatraint 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 couatraint violation, a virtual rdation is 
formed in the target domain that is a "sibling" of the 
corresponding base domain relation, or an ancestor at some 
higher level in the generalization hierarchy of relational 
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predicates. The constraints initially plac:ed on the slots in new 
virtual relations are determined primarily from the e1a.sses 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, herealter 
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 ac:companying example 
"X-5". Inferences are associated with this new relation as 
tbey are successlully 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, loob roughly as lollows. Notice particularly that 
the PTRANS predicate indicating ,h'.'cal transfer was also 
replaced. by the more general predicate TRANS becanse the 
object "moved." in the target domain was not a physical object. 

PUT-III-BOX --) PIlI-II-VAIl 
rol.-nr i.blts: 

R-ACTOR (. HUIIAII) PIV-ACTOR (. COIIPIIIER) 
R-BOX II BOx) PIV-BOX (a VARIABLE) 
R--CDlTEIITS h PHYSOBJ) PIY-aJlTUTS (a .\IIBER) 

aet.ioas: 
(PTRAIIS (TRAIS 


actor R-ACTOR .etor PlY-ACTOR 

object. R-oBJ obj act. PIY-oBJ 

fro. (....0 ••) fro. (..howa) 

to (IIISIOE of R-BOX)) to (1IlSIOE-YAR of PlY-BOX» 


prteo.d i t. i o.s: 
(••ot.. (••ot.. 
(IlISlOE or R-BOX is R-Il8J)) (IIISIOE-YAR of PIV-BOX is PIV-oBJ)) 

(SIiAllER t.... R-{)BJ is R-BOX) - drop,," -

rtSlIt.s: 

(I.SIOE of R-BOX is R-Il8J) (IIISIOE-YAII of PIY-BOX is PIY-oBJ) 


... Overview of the AnaloD' Mapplq Proceu 
In general, then, CARL develoPl simple cansa! 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 
linb explicitly specified. in those structures. The predicates 
mapped are subject to transformation within their abetraction 
hierarehy, as described. above. Subsequent use 01 an analogy 
may occur when new examples are presented for which DO 

explanation can be foud in the tartet domain or when 
problems are presented, asking for plans or ac:tions to achieve 
specific analogically stated goals. The latter, in this case, . is 
generally a request. for the generation of an ...ipment 
statement satisfying some specific goals or constraints. 

In answering a question, CARL always loob fmt. for 
memory struct.ures in the domain it is learning about.. Failing 
this, it tries bown analogies. Thus, subsequent access to base 
domains is always for the purpose of mapping new, related 
structures - related ac:tion situations, or more detailed, context.­
specific versions of previollSly mapped structures that accout 
for additional preconditions or results. 

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

• ColftSponding predicates must be of the same class 
(action, relation, plan step, plan, goal, ek.). 

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

• ColftSponding 	 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 colftSpondences developed. AMAPS 
are extended. as needed to include new correspondences as they 
are found. 

Because the AMAP uses role correspondences as well as 
object c1... correspondences, the relationships between objects 
of two domains can actually change quite subtly in dealing with 
new problems. Several bup I observed in protocols depend on 
this distinction. In answering the question "How would you put 
one more in X!" I occasionally received the respouse kX_1~. 
Also, when asking questions like "What is in Xr" alter typing 
"X_7n and then kX-=6", I occasionally heard the answer "13". 

These responses can clearly be interpreted in terms or the 
box analogy. For the first problem, it appears that the answer 
·X-1" was based on the fact that plac:ing 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 or variables be a mapping from a .d of objects to the 
cardinalitll or that set. This is quite different from the simpler 
mapping of an object to a number. In modeling these 
responses, it was important that the analogy formation process 
relate objects primarily in terms of their functional roles in 
specific situations, and only secondarily determine how object 
features corresponded. 

't. Ineremental Analosleat Reuoniq 
Even when analogies are based on simple actions, the 

specific inferences retrieved in support of new examples may 
vary colllliderably, depending on the context. For example, 
throwing a rock at a brick wall and throwing one at a gl... 
window are immediately bown to have very different 
cODSequences. Thongh 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 
practice, each such target situation must be explored berore one 
can be said to have learned. to model the new domain. 

Extending analogies in this fashion is an error-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 fmt introduced. statements like 
·X-V" to to Perry, it w .. necessary that I explain that this 
meant X was given the value that. Y had previously. Perry 
then inferred that Y mllSt contain "nothing". CARL also 
extends analogies to such context specific inferences only when 
they form part of the interpretation of presented examples. 

This behavior is mod.eled. in CARL by retrieval and 
mapping of related causal structures from a base domain. 
CARL fIrSt uses the box analogy to support interpreting 
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"X=yw in terms of the action move one box into another. 
When this is corrected by stating that the content8 of Y is 
moved, CARL tries mapping an object-transfer model, 
containing the "bugW that the object moved is no longer in 
Y. Information about the mapping of the prototype "put an 
object in a box,w 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 791 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 clearly that might be necessary 
with more complex analogies. 

CARL contains the following structures describing the 
errects or 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-BQX ~ 

PUT-MORE-IN-BOX SVAP-OBJ-IN-BQXES 

Part 	of the specialization network 
for things -INSIDE- bOles 

In the computer run shown earlier, an initial mapping from 
the box domain was rormed from the causal structure PUT·IN­
BOX. Thereafter, speciali&ations of that structure were 
available as new examples were presented. In 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 "put in" or "removed." 

Many or the structures rormed by the mapping process 
contained erroneous inferences. These structures were 
"debugged" locally, ir possible, or simply thrown out. From 
those that were debugged, corrections were allowed to 
propagate downward in the situation hierarchy rormed in the 
target domain rrom the initially formed prototype to variants 
of that structure mapped subsequently. For example, the fact 
that 'X_I)' removes the old values of X, rather than "adding" 
to it, also applies to cases like 'X-Y'. The inheritance 
mechanism in CARL thai 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 ror each class of 
assignment statement successfully represented. These rules are 
developed during the final stage or 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 errect or 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 userul in learning 
about assignment when it sees the "=" sign in statements like 
·X=5w. As it builds a new meaning for "=", it discovers the 
earlier definition. Parsing "X=5w as an equality, CARL 
produces the an alternate explanation for the errect or 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 efrect of hearing the 
statement is the storing of a new ract, "the value of the 
variable X is 5" . 

Since this inference can ooly have been made when the 
statement was typed into the (omputer, 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 rorms a mapping rrom the predicate V AR· 
VALUE in the algebra domain to the predicate INSlDE·VAR 
that it had previously constructed in the programming domain. 

Once this association is rormed, CARL can interpret the 
effects of many other assignment statements by parsing them 
as equalities, using algebra rules to determine errects 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 rrom that process. (t is only by the noticing that the 
relationship formed between a variable and its value as a re8ult 
of this interpretation process is like the relationship between 
variables and numbers developed previously that CARL decides 
the the analogy may be userul. This analysis is supported by 
and makes use of the third analogy CARL knows of, the 



25 

analogy bet.ween t.he computer and a human iuformation 
processor. It. is because people can interpret. algebra statements 
that. CARL, and Perry, deemed it. reasonable that the computer 
could as well. 

The interactioas between t.he t.hree analogies used by 
CARL are summarized in t.he lollowing diagram. It should be 
noted that. the each analogy is represented and related at. 
several levels or description, but that the functioas SC"ed by 
each are quite dirrerent. The box model provides the initial 
causal model of the assignment domain. The algebra domain 
provides knowledge or numbers, t.he operatioas that can be 
performed with them, and t.he symbols for representing t.hem. 
The human processor model is active primarily at t.he plannine 
level, providing rea.on. for doing many of the operatioas that 
computers can perform. 

Interactioas between Three Analogies 

pl.n Inel: 

STORE(obj) --> STORE (nu.) <-- RENENBER(eoneept)
.. t A 
part-pin pert-plan 

let level: I I 

PUT-1N-BOX(obj) --> PUT-1M-VAR(nua) •• 


~ult:IN-VAR <-- VALUE~oF(••r.nu.) 


desc:rlbed-b, dacribed-b, 
recognition 


Inal: -t ~ 


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

of related issues in the leamine 01 basic concepts in a new 
domain bya combination 01 incremental analogical reasoning, 
and the use or multiple analogical models. I have tried here to 
motivate the need for top-down use 01 abstractioas in this 
process. This was round to be necessary in lorming rules about 
assignment in CARL, both to limit the analogical reasoning 
required to create initial models 01 concepts in the new domain, 
and to allow lor incremental debuggine of the many errors that 
can result from the use of analogies. The process described 
here is heavily teaeher-directed, but allows for fairly rapid 
development 01 a working undemanding 01 basie concepts in a 
new domain. 
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ABSTRACT 

Analogy is one tool that automatic programming sys­
tems can use to learn from experience, just as programmers 
do. \\'c illustrate how analogies between program 
specifications can be used to debug incorrect programs, 
modify existing programs to perform different tasks, derive 
abstract schemata from given sets of 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 specification. Debugging 
is a special case of modification: if 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 programs; 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 
~peciGcatiO\t ",nd formulating an analogy bet.ween them, an 
instantiation of the schema may be found that yields the 
desired concrete program. 

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

Analogy perv4de. all our tAinlcing, our everyd4Y 
.peeeA 4nd our trivial eonciu.ion. 4. well 4. 

4rti.tie W411' 01 ezpre"ion 4nd tAe AigAe.t 
•cienti/ic 4e!lievemenll. 

-George PolY4 

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 satisfying that specification. 
Yet, only a small traction of a programmer's time is typically 
devoted to the creation of original programs ez nihilo. 
Ih;.ber, most of his effort is normally directed at debugging 
incorrect 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 applicahility into 
"subroutines." 

.This rese....ch supported in par~ by the N .. ~ional Science Found .. ~ion 
under Gn.n~ MCS-79·04S97. 

The goal of research in "automatic programming" is to 
formaliz.e mel hods 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 transform­
ing and manipulating programs. In this paper, we illustrate 
how analogies might be used by such a system for that pur­
pose. 

The importance of analogical reasoning has been stressed 
by many, from Descartes to Polya. The use of analogy in 
automated problem solving was proposed in !Kling71]. Other 
works employing analogy as an implement in problem solving 
include [Brown76), (McDermott79J, and [Winston80j. The use 
of analogies to guide the modification of programs was pro­
posed in [MannaWaidinger75J and pursued in [Dershowitz.­
Manna77) and [UlrichMoll77J. 

Programmers improve with experience by assiDiilating 
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 hown 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 aD 
output .peei/ic4tion (stating the desired relationship between 
the input and output variables upon termination of the pro­
gram), an input 'peci/ic4tion (defining the set of legal inputs 
on whkh the program is intended to operate), and in'V4ri4nt 
4"ert;on. (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 differs 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 tr4n,lormed .specification. Correctness­
preserving transformations and specification-changing 
modifications are thus complementary. A scenario of 
computer-aided programming and debugging appeared in 
[Floyd7IJ. The HACKER system [Sussman7Sr 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. 
!Kat.zManna75 I and [Sagiv76) 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. . Arter 
roming 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 ror 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 or which its specification is stated. 

The abstraction of a set or concrete programs to obtain 
a program schema and the instantiation of abstract schemata 
to solve concrete problems may be viewed from the perspec­
tive or modification methods. This perspective provides a 
methodology for applying old knowledge to new problems. 
IJeginning 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 applicahility 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 oroa:ram is naranteed. 

To date there has been a limited amount of research on 
program abstraction. The STRIPS system [Fi~esHartNiJs­
son72\ 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. IDershowitl­
Manna75\ suggested using the prool 01 correctness 01 a pro­
gram to guide the abstraction process; that idea was pursued 
lurther in [Dershowitz81). [Gerhart75 1 and others have 
advocated and illustrated the use of schemata as a powerful 
programming tool. A collection 01 such schemata, along with 
a catalog of correctness-preserving program transformations, 
could serve as part 01 an interactive program-development 
system. 

In the lollowing sections we trace the lile-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 
compute the quotient of two real numbers. After the pro­
gram is debugged, it is modijkd to approximate the cube-root 
of a real number. Underlying both the division and cube-root 
programs is the binary-search technique; b! 4lut'~cting th~ 
two programs, a binary-search schema IS obtained. ThiS 
schema is then iJII'IJntiIJ'etl to obtain a third program, one to 
compute the square-root of an integer. 

2. DEBUGGING 

Consider the problem of computing the quotient 9 of 
two nonnegative real numbers c and 4 within a specified 
(pnsitive) tolerance e. These req?irements are conveniently 
expressed in the lorm of the follOWing skeleton program: 

PI: bePD COlDmeat re.l-divinoll 'Feci/ico/ioll 
_I't O$c<d, e>O 
acbleve Icld-lIl<e v_yin. II 
end 

The achieve statement, 

achieve IcI4-III<e varyln. II, 

contains the ou'pu' ,pecijU:ld;on which gives the relation 
between the variables f, c, d, and e that we wish to be 
attained at tbe end of program execution: the (absolute value 
or the) diB'erence between the exact quotient cld and the 
result II should be less than e. The clause varyln. f indi­
cates that of the variables in the specification, only 1/ may be 
set by the program; the other variables, c, 4, and e, contain 
input values that remain fixed. The inpu' ,pl!cijU:rJ.t;on 
defines the set of inputs on which the program is intended to 
operate. Assuming tbat we wish our program to handle the 
case when the quotient is in tbe range 0 to 1. that is when the 
numerator c is smaller than the denominator 4, the appropri­
ate input specification is contained in the aaaert statement, 

_n 0$c$4, e>O, 

attached to the beginning of the program. For the problem 
at hand, we assume that no general real-division operator I is 
available, though division by powers of two ("shifts") is per­
missible. 

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

T2: betlln CODUDent .II.IIet'e4 real-diM"" prograM 
8 2: _I't 0$c<4, e>O 

pUl'poM IcI4-91<e 


pUl'poM 9$cI4<9+', .$e 

(".) := (0,1) 

loop L2: .u__t l/$cI4<1I+' 

_tU '$e 

PUl'poM lI$c/4<1I+', 0<,<,£. 
It 11'(11+ .)$c theD 9 :- 9+,8 
, :- ./2 


repeat 

.u....t 9$cI4<9+', .$e 


E 2: .UD_i; 1('ld-,I<e 

end 

The pUl'poae statement, 

PUl'poM Iclll-9\<e, 

is a comment describing the intent of the code following it. 
The statement 

.U.aut 1c11l-III<e 

contains the programmer's contention that the preceding code 
actually achieves the desired relation, i.e. the relation 
Iclll-91<e holds for the value 01 9 when control reaches the 
end of the program. The comment 

puJ'poM 9'$cI4<9+', ':5' 
indicates that the programmer's intention is to achieve the 
desired relation IcI4-III<e by achieving the subgoals 
lI$cI4$1I+' and .:5e. Achieving these relations is sufficient 
for Ic/4-fl<e to hold. For this purpose the programmer 
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¢onstructed an iterative loop intended to keep the first rela­
tion invariantly true while making progress towards the 
second. The suggested invariant is contained in the state­
ment 

.u....i qSc/d<q+, 

at label L 2' The goal or the loop body is 

purpoae qSc/d<lI+ B, 0<6<'L., 

where fL, 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 or the loop. The two 
loop-body statements are accordingly repeated (zero or more 

times) until the test B S e becomes true, at which point the 

loop will be exited. 


We know what the above program was intended ror, 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 actually does. This can be accomplished by examin­

ing the code and annotating the program with the discovered 

invariant relations (see [DershowitzManna81)). It is not 

difficult to derive the loop invariant d·qSc<d·(q+2·'). This 

remains true when the loop exit is taken; along with the exit 

test 1/ S eI it implies that upon termination the output invari­

ant Ic/d-ql<2·t holds. Note that the desired relation 

Icld-ql<e is Mt implied. 

Now tbat 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 

_" Ic/d-ql<2·e 

to the desired output invariant 

.u....i Icld-ql<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 actual output invariant and the desired 
specification; we write 

Icld-ql<2-e ...... Ic/d-ql<e. 

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

2'c ...... c. 

We can, therefore, transform the insufficient Ic/d-ql<2'c into 
the desired \c/d-ql<e by replacing C with e/2, i.e. by apply­
ing the transformation t.e/2. 

So far we know that the transformation e. e /2, applied 
to the output i~variant Ic/d-ql<2'e, yields the desired output 
specification Ic/d-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 S e accord­
ingly becomes 1/ S e /2. The symbol also appears four times in 
the invariants; for example, the input assertion e >0 
transforms into e/2>0 which is equivalent to e>0. The 
transformed program is 

PI: bePn commeni reol-diMon program 
8 1: .....i OSc<d. e>O 

purpoae ;c/d-q\<e 


purpt·. qSc/d<q+2·8. 2"Se 
(q,I, .= (0.1) 
loop L I : ...eri d'qSc<d'(q+2") 

uniU eSe/2 
purpo.e qScld<q+2", 0<'<8£ 

I 

lfd'(q+,)Sc tben 11:- q+' 8 
, :- '/2 

repeat; 
......t; qScld<q+2-I. 2',Se 


E I : uHfi Icld-ql<e 

end 


(We have also changed the program's purpose statements to 
refiect reality.) It can be shown that a transformation such as 
~"'P e.12 pr~erves the relation between the program text and 
Invariants, I.e. the transformed assertions are invariants of the 
transformed program. 

3. MODIFICATION 

Consider the following specification: 

Q3: beam commeni cube-rool 8peci/icolion 
_rto o~O, e>O 
achieve 101/3_rl<t varylntr r 

end 

We would like to use the corrected real-division program as a 
basis for the construction of the specified program for 
computing cube-roots. (We assume, of course, that the cube­
root operator is no. primitive.) To this end we first compare 
tbe . s~ificatio?s ~r.. the two prograU:s. The output 
speCification of toe dn"ISIOn program is 

_n Icld-ql<t, 

while the output specification of the desired program is 

achieve 101/3-r l<t varyms r. 

The obvious analogy between the two is 

q ~ r 


cld ~ 0 1/3, 


i.e. w here the former specification has q, the other has r, and 
wher; the former has cld, the other has 0 1/ 3• "One way to 
obtalD a cube-root program from the division program is via 
the transformations 

q • r 
l/3u/ll "'P U

C ... 0, 

where by U/Il"'PU I / 3 we mean that every occurrence of the 
(general) division operator I is replaced by the cube-root 
operator applied to what was the numerator. Transforma­
tions that involve specific functions such as division, .are not, 
however, guaranteed to yield a correct program, since the pro­
gram may be based on some property that holds for division 
but not (or extracting roots. Such transformations are heuri~ 
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 old, not 0 1/3. 
What must be done in such cases is to review the derivation 
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of the program, expretlsed by the programmer in purpOH 
statements, and see where the analogy breaks down. 

The purpose of the division program was IcI4-fl<tI 
which transformed into 1_1/3-rl< II as desired. The program­
mer achieved IcI4-fl<tI by breaking it into the subgoals 
given in the statement 

pW'poee qScld<,+2'" hSe, 

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

purpoee rS.,I/3<r+2·" 2"SII, 

which indeed imply the transformed goal ,.1/3_rl<lI. The 
purpose of the loop body of the division program was 

purpoee fS cI4<f+2", 0<'<'£1' 

In other 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 

purpoH rS. I/ 3<r+2·., 0<.<.£" 

At this point the division program introduc:es a conditional 
with the 

purpoH IISc/4<f+' 

and halves •. 

It is here that the analogy breab down. The division 
program achieves the above purpose in two cases, by testing if 
d'(9+ '}Sc or not. For example, if 4'(9+ ')Sc does not hold, 
then cld<q+., as desired. On the other hand, the fact that 
d'(r+ .)S' does not hold in the cube-root program tells noth­
ing about .1/3<r+ I. We look, therefore, for a transformation 

that makes d·(r+.». imply 1I1/3<r+., or the equivalent to 
1I«r+ .r. Matching what we have with what we want tell, 
us that the implication would hold if we could transform 
d'(r+ ,)=I>(r+ .r. Thus, where the division program has the 
function II'V, the cube-root program requiretl v3. We complete 
the analogy by adding the transformation 

II'V ... 

which is applied to the conditional test. 

There remains one problem: a transformed program can 
only be expected to satisfy the output specifkation for those 
inputs that satisfy the transformed input specification. In oW' 
case, we can solve this if we can find an alternative manner 
by which to initialize the invariant rS III/'<r+ 2" prior to 
entering the loop. To achieve the subgoal rS. I /', we can let 
r-O. Then to achieve 1I1/3<r+ 2·....2·., we can let 
,==(.+ 1)/2. (This requires additional knowledge about cube­
roots.) The complete cube-root program is: 

93: 	betla commeot. relll cuh-rool pro,ram 
B,: _n II~O, e>O 
(r,,) :- (0,(-+ 1)/2) 
loop L3: _I't. rS.,I/3<r+ 2·. 

Wlt.U 'Se/2 
It (r+,)'S" t.bea r:- r+, 8 
, :- '/2 
repeat. 

E3: -n 1.,1/3-r l<e 
eod 

4. 	ABSTRACTION 

At this point, we have two programs, PI for finding quo­
tients and Q3 for lading cube-roots. Both programs utilize 
the binary-searc:h technique. It would be nice if one could 
extract an abstract version of the two programs that captures 
the essence of the technique, but is not Ilpecific to either prob­
lem. The resultlUlt abtltrac:t program schema could be used as 
a model of bin~ search for the solution of future problems. 

For this purpose, consider the complete analogy that we 
f.und bet.wccn the specifications of PI and Q3: 

q ~ r 
,,1/3u/v 4=+ 

c ~ II 
_·v ~ v •3 

Since both _I" and ,,1/' are functions, we try to generalize 
them to an abstract function 'If, II ,v). Similarly the generaliza­
tion of _'11 and v3 is another function 6(-,v). Both 'I and r 
are output variables and are generalized to an abstract. output 
variable Z; the input variables c aDd., are generalized to an 
abstract input variable z. This gives the following set 01 
transformations for generalizing the division program: 

q • z 
v/v • ,)(11,,,) 

c • :r 
II'" • 1(11,,,). 

Applying these transformations to the specification 

IIChleve Icld-91<1I YIIl'J'Ia. 'I 

of the division program yields 

~. 1'lf,:r,4)-z:1<' y...,.1q z. 

This will be the abstract output specification of the schema. 
Substituting the abstract (unctions "I and Ii into their respec­
tive positionl in the division program PIJ does not, however, 
result in a schema that will work for all instantiations of "I 
and 6. This is because the original program relied upon facts 
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 _ignment 
does not achieve the desired loop invariant. We therefore 
replace the loop initialization with the subgoal 

achieve 6(4,z)S:r<6(4,1+ 2',) y...,.1q 8,', 

leaving-lor the time heing at least-the specifies of how to 
initialize the loop invariant uDllpecified. 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 Ii. For the loop-exit 
pat" to be correct, we must have that the loop invariants, 
pia exit test, imply tlaat the output invariant hold.. For thil 
to be the case, it Iluffices to establish the condit-ion 

I(III.-)SII. as'lf,v.UI). 

In this manner, we have derived a general program 
schema for a binary lIearc:h for the value of 'If,II,4) withiD a 
tolerance .: 

http:as'lf,v.UI
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S.: bealD commeat. 6ilt.r,-u.reA ,cAem. 
B.: _rt e>O, 6(III,U)SII. US'J(II,III) 
achieve 6(d,z)Sz<6(d,H h) VIU')'Iq ',' 
loop L.: _rt. 6(d,z)Sz<6(4,z+ 2") 

vaW'S,/2 
If 6(4,z+ ')Sz t.bea z :- ,+,8 
, : .... ,/2 
repeat. 


E.: _rt h(z,d)-zl<e 

end 


or course, (or this schema to be executable, the lunction ~ 
appearing in it must be primitive; otherwise, it should be 
replaced. Similarly, the unachieved subpal 

achieve 6(d,z)Sz<6(d,H 2',) vU'~1q ',' 

must be reduced to primitives. 

o. INSTANTIATION 

The binary-search schema just derived from the division 
program may be applied to the computation 01 the square 
root of an integer. The goal is to conatruct a program that 
finds the integer square-root z of a nonnegative integer .: 

R,: bealD comment. ilt"," "Ulre-rllllt 'peri/ic.'illlt 
a...rt liEN 

achieve z=L.fGJ vlU')'lDa z 

end 


w here the function L u J yields the largest integer not greater 
than II. 

We cannot directly mateh this pal with the output 
specification of the schema 

__to h(z,d)-zl<e VlU')'lDa z. 

However, if we expand the goal ,-L.fGJ. using the definition 
of L u J, we get the equivalent goal 

achieve z S.fG<:+ I. zEZ val7JD. : 

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

_to zS'J(z,d)<I+ e, 

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

,,),(U,II) .. .fii 
.I .. II 

.. 1 

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

The precondition for the schema's correctness is 

aMWt. e>O, 6(1II,U)SII - US,,),(II,III); 

instantiating it yields 

...,.t. 1>0, .l{1II,U}S., lEI uS.fi'. 

This condition may be satisfied by taking .l{1II,U) to be lI'. 
This completes the analogy, and suggests the additional 
transformation 

6(1II,U) .. uZ. 

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

R.: betrba commeat. jltcllm,lde integer 'qullre-rllot ,rll,rom 
Bs: _rt. .EN 
achieve 1

2S'«Z+ 2·.)2 VU':yID",. 
loop La: _t.,2S o«1+2·,)2 

uat.U 'SI/2 
If (1+ .)2SIl t.hen 1:-= 1+,8 
, :- ,/2 
repeat. 


...,.t. 1.fG-,1<1 

achieve zEZ· prot.ec:tIDIIS.fG <,+ 1 vlU')'lD" 

end 

This program still contaiu two unachieved subgoal!!. The 
first can be achieved by assigning (I,,) :.... (0,(0+ 1)/2). For 
the second, we may perturb the current value of z just 
enough to make it an integer. (The protect.ln& clause means 
that the relation :S.fG<z+ I, achieved by the instantiated 
schema, should not be clobbered when achieving the addi­
tional pal zEZ.) This can be done by assigning 

If r:12S' t.hen z := rzl elM: := L:J 8. 

An alternative approach to completing the above program is 
to iuist that zEN hold ,larouS/laoul execution or R 5- This is 
the avenue pursued, (or example, in the "structured program­
ming" derivations in IDijkstra76! and [Blikle78J. 

8. DISCUSSION 

There are a few problems inherent in the use of analogies 
for program modification and abstraction. These include 
"hidden" analogies, lim isleading" analogies, "incom plete" 
analogies, and "overzealous" analogies. Hidden analogies 
arise when given specitications (of the existing program and 
desired problem in the case of moditication, and of the two or 
more existing programs in the case of abstraction) that are to 
be compared with one another have little syntactically in 
common. Since the pattern-matehing ideas that we have 
employed are syntax-based, when the specificationa are not 
syntactically similar, the underlying analogy would be hidden. 
In lIuch a situation it is necessary to rephrase the 
specifications in lome equivalent manner that brings their 
similarity out, before an analogy can be found. This is dearly 
a difficult problem in its own right; in general some rorm of 
"mean_nd" 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 abstracted 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 or specificatiou. 

http:protect.ln
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ABSTRACT 

This paper discusses lIIethods of reasoning for 
constructing new concepts and theories in 
science. The methods include reasoning by 
analogy, reasoning from failed analogy, 
reasoning piecemeal from more than one analogy, 
and reasoning using a shared abstraction. Cases 
from the history of science illustrate the 
methods, including a lengthy discussion of 
seleotion theories. Suggestions for 
implementation in AI systems are ude. 

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

1 • INTRODUCT roN 

As a historian and philosopher of science, I 
am interested in tbe process of tbe construction 
of new scientifiC tbeories. This paper explores 
methods of reasoning to new concepts and new 

,tbeories in sOience; the methods of reasoning 
include reesoning 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 comepts 
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, otber 
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. 
Usually, hoWever, sources other than the data 
tbemselves are needed to supply new concepts. 
A_logies are one source of such new concepts 
that oan be buil t into new theories. 

Philosophers of science have rarely 
disoussed disoovery in soience. A prevailing 
view bas been that the discovery of new theories 
is a metter of the individual psychology of tbe 
scientists, tbat there is no -logiC of 
discovery. - Karl Popper (1960) is a prominent 
proponent of this view and Carl Hempel (1966, 
p.14) argued that there can be no mechanical 
rules for producing the novel concepts found in 
theories. Al though N. R. Hanson (196 t) 
attempted to provide a logic of discovery, which 
he called -retroductive reaSOning,· he lIIerely 
hinted at the way plausible bypotheses actually 
could be constructed. I will pursue two of 
Hanson's hints in this paper: reasoning by 
analogy and reasoning about types of theories. 

The existence of an intallible logiC of 
'disoovery is uDlikely. Instead, a goal of 
-friends of disoovery- (Rickles, 1980) should be 
to find patterns of reasoning tbat can produce 
plausible hypotheses. The plausible hypotheses 
can 	 tben be tested to see if tbey quality as 
genuine -disooveries. ­

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 tbere types of analogies? 
3. 	 How- do we find analogies? 
_. 	 How do we distinguish good fro. 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 a_logy to see if it is 
adequate for constrUcting plausible 
bypotheses? 

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 witb 
SOlll8 of tbese questions. Host of the AI work 
that bas dealt with disoovery in soience, suob 
as B1COH, DENDR1L, and MBTADENDR1L (Buchanan and 
Feigenbaum, 1978), bas not used reasoning by 
aDllogy. Conversely, IIOst of the AI work on 
reasoning by analogy, sucb as Evans (1968), 
ning (1971), Geneseretb (1980), Carbonelle 
(1982), baa net been directed to understanding 



33 

scientific diacovef7. Tbe section of Winaton's 
(1980) vork on tbe analogies betveen vater flow 
and electricity brought toeetber acientitic 
reasoning and reasoning by analOG', tbougb 
Winston'a attention was on teach1llg and learning 
ratber than on d1acovery. 

I vill draw on tb1s 11terature, as well as 
ideas of I1!.J own, to dev1se tour metbods ot 
theory construction. Bacb metbod will be 
illustrated vith exaples trail tbe bist0f7 ot 
sc1ence. Prospects tor implementat10n ot the 
patterns will be d1scussed. It metbods ot 
reason1as in tbeory conatruction can be 
implemented in AI ayatems, tben it would be 
poaaible to test tbe patterns to see it they, 
1ndeed, can tunot10n to yield plausible 
hypotbeses. Pbiloaephy ot ac1ence and AI bave 
tbe potential ot be1ng j01ned to produce an 
exper1mental philoaophy ot acienee. 

2. METHODS OP THEORY CONsTRocrmN 

In her book Hpd.l, And ADllgsi" in SQilnge 
( 1966) , Mary Hesse discusaes reasonias by 
analoey in theory conatruction. Hasse's key 
pOints are best illustrated by one ot bel' 
examples. She comparas sound vaves and 118bt 
waves. The properties wh1cb are Similar she 
des18nates as tbe positive analogy; tbe 
dissimilar properties conatitute the neptive 
analOG'; the neutral analOG' involves tbe 
propert1es ot tbe analogue wh1cb may or may not 
be present in tbe subject t1eld. In her 
ezaple, tbe properties ot 118bt are the aubject 
ot 1nvest1gation.L1Sht bas propert1es that are 
Similar to properties ot souad vaves and tbe 
neutral analOG' ot a med1um tor the waves to 
travel in prov1ded a plaus1ble, but subsequently 
disproved, bypothesis about tbe ex1atenoe ot the 
etber. Tbe horizontal relat10na between tbe 
analogue and tbe aubject are usually thOH ot 
aimilar1ty. altbougb oocasionally apec1t1c 
propert1ea may be 1dent1oal. !be vertical 
relations among properties ot tbe analogue 
abould be, aocordias to Hesse, causal relat1ona, 
in tbe veak Hnse ot a "tendency to 
co-occurrence.· (Besse. 1966. p.l1). Hesse 
ind10ated that the analogue 118y be important, 
not only in the or181nal atase. ot tbeory 
oonatruotion, but alae later: it tbe tbeory 
tacea anCllllBl1ea, the neutral analOG' lillY be 
exploitable tor turtber tbe0f7 oonatruotion. 

Heasela repreHntat10n acbeme ot 11ning up 
propert1es ot the analogue and subject 1a mucb 
l1ke fram....tructured representation .cbema. 
used in AI syatlllS. (H1naky, 1915; Tbqard, 
tortboomias) One could conatruct a trame tor 
sound vave. v1tb alota tor the propertie. ot 
sound wavea, .uob as travel. in a med1um, and 
values tor the slot., w1th the .lot "mediUII" 
hav1as tbe value ·air.· ADOtber trame could be 
oonatructed tor 118bt. He••e'. 1na~.tenoe that 
tbe propertiea ot .tbe analogue must be causallY 
connected 18 d1rected at a key problem v1tb 
analogical reaaoning: wbJ, it ac.e teatures ot 
an analogue and a .ubject are 81m1lar, would we 
expeot otbers to be? In otber wor~, bow can ve 

cont1dentlJ use the neutral analogy to poatulate 
plaus1ble features in the subject? By 
reatr1cting tbe features to tbose tbat have a 
·tendencJ to co-occurrence," Hesse att..pta to 
solve thia problem. Certainly 1f t18bt causal 
connections exiat between features, tben tbe 
like11hood tbat tbe neutral analogy can be 
trauterred ia 1ncreased. Untortunately, 
Hesse 'a tor. of representation bas tbe 
d1sadvantase that it doea not make clear wbat 
tbe causal 1nterconnect10na are between vbich 
propertiea. It one puts Hesse's metbod 1nto a 
frae repreHntation, tben one could add slots 
to tbe trames to indicate vh1ch properties are 
causallJ connected and what the relationa are. 
W1naton's semantic net form of repreHntation 
bas tbe advantage of clearly ahowing tbe causal 
connect10na by represent1ng entities as nodes 
and relat10na as aros betveen tbe nodee. 

Onee sucb a causal network bas been imposed 
on the representation of the analogue, tben tbe 
impl8118ntation ot reasonias by analogy 1a vef7 
.traigbt-forward: matcb and transfer. But tbis 
process looks very canned and does not seem to 
resemble d1aeovery. AU tbe creat1ve work went 
1nto cbocsias the analogue and repreHntias the 
causal 1nterconnectiona. The key questiona 
become: bow do we t1nd good analogue. and bow do 
we focua on certain featurea ot an analogue as 
relevant to tbe subject at band? 

An evan deeper problem about the use ot 
analoeiea in diacovef7 exists. It discovery 
1nvolves find1as a s1m1lar analogue, how ia 
anything JIIK ever diacovered? One seems to be 
_ploJ1ng the SBlle .tructures asain and asain. 
We need some way of gettias new .tructures, not 
merely reusing the old ones. 

Hesse doe. not tell us wbat we are to do 
wben po.tulated oauaal connectiona fail to be 
empir1cally confirmed, suob as bel' own exaaple 
of tbe po.tulat10n of the etber as a med1um for 
118bt wave.. The pbysici.t Robert Oppenheimer, 
1n an 1na18bttul paper of 1956, tbat He.se does 
not cite 1n bel' 1966 book, discussed tbe role ot 
analOlies in disoovering new theorie•• 
Alalyzing tbe .tases in tbe conatruct10n of tbe 
wave theory ot 118bt, Oppenheimer proposed tbat 
scienti.t. came to tbe .tudy of 118bt phenomela 
w1tb pa.t exper1ence ot the nature ot wave•• 
But when tbe po.tulated medium tOl' 118bt waves 
waa not touad, it toroed .o1enti.ta to reviae 
tbeir previous v1ew ot necessarJ conneotiona, to 
aever the notion ot a wave tro. that ot a 
med1um. Thus, a portion ot tbe causal netwOl'k 
tailed to trauter. Th1a tailure torced 
acienti.te to a creative new conoept. But, 
bU118.D8 c_ to th1. new cODOept of a mediWe.. 
wave vitb reluctance. It will be ditticult to 
deviae criteria tor a .J.t- to u.. to enable 
it to oboose between a tailed analolJ tbat 
abould be discarded and a tailed analOG' that 
caD be u..d to ..var causal connectiona 
prev10uslJ tbougbt to be nece.sarJ. 

Froa S.... and Oppenheimer we can extraot 
two metbods ot theory construct10n by analogy: 

http:bU118.D8
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loOk for a relevantly similar analogue and 
exploit the neutral analogy; if this prooess 
fails, consider severing connections between 
properties that were previously thought to be' 
necessary oonneotions. But these methods are 
limited. A relevantly similar analogue may not 
exist. Also, the severing of what we thought 
were oausally correlated properties is not a 
kind of reasoning that occurs frequently in 
soienoe. Thus, these methods will have limited 
scope. 

3. PIECEMEAL THEORY CONSTRUCTION 

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

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

Darwin had two different sources for the 
two different conditions that make up his 
theory. Halthus's ideas about overpopulation in 
humans served as the source of Darwin's idea of 
a struggle for existence. The relation between 
Halthus's ideas and Darwin's is actually 
stronger than analogical: Darwin generalized to 
all organisms what Halthus 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 whioh 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, mall!' of whioh were passad on to 
offspring. Seoondly, artificial 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 oould be expected to do likewise. But 
the agent of seleotion in nature had to be 
different from the human agents in artificial 
selection. The Malthusian idea, generalized, 
supplied the missing piece: the struggle for 
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 pieoellleal oonstruotion 

of a new concept is the discovery of viruses. 
This case differs from those previously 
discussed since the disoovery 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 oentury were that of 
m1oroorganism or chemical toxin. Mioroorganisms 
were visible in the light miorosoope, didn't 
pass through filters, were infectiOUS, and grew 
on cul ture media. Chemical toxins were 
subm1croscopic, were filterable, didn't multiply 
in the affeoted organisms, and didn't grow on 
media. When filterable, submicroscopic but 
infectious agents were discovered, they 
presented a real puzzle. Those favoring a 
microbe explanation 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 
ch_ical 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, m1dway between a microorganism and a 
chemioal substance, that was filterable, 
submicroscopic and infectious. Thus, a new 
concept was constructed pieoemeal, in between 
two levels of organization. Subsequent work 
changed the essential characterization of the 
virus from a filterable infectious agent to ar 
entity with structure visible in the electron 
m1C1'Oscope which is unable to mul tiply 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 sim1lar 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., cells, enzymes, macromolecules 

'" • TYPES OF THEORIES 

Thus far, we have been conaidering an 
analogy as a relation between two Similar 
analosues. An alternative analysiS of what an 
analogy is provides us with a fourth method of 
theory cODstruotion. Michael Genesereth has 
explioitly stated an alternative analysis of 
analogy which has been implicit in some AI work. 
Acoording to Genesereth, -many analogies are 
best understood as statements that the 
situations being compared share a common 
abstraction.- (Genesereth, 19BO, p.20B). 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 sim1lar properties, also 
mentioned formal analogies in which two things 
share only the same uninterpreted mathematical 
forma11sm. Genesereth I s apstractions are, not 
merely Hesse's formal analogies, since 
Genesereth's abstractions may have more semantic 
content than an uninterpreted forma11sm. H. 
gave an example: "when one asserts that the 
organization chart of a corporation is 11ke a 
tree or like the taxonomy of animals in biology, 
what he is saying is that th.y are all 
hierarchies. With this View, the problem of 
understanding an analogy becomes one of 
recognizing the shared abstraction.­
(Genesereth, 1980, p.208). (Prior AI 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 b.tween the 
analogue and the subject are those of identity 
rather than sim1larity, 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 bu1lt into it, as well an 
orit.ria for choOSing and applying an 
abstraction in a particular problem situation. 
Thus, the id.a of analogy as shar.d abstraction 
supplies another m.thod of th.ory construction: 
Explicitly devise abstractions of theori.s or 
other things that might serve as analogu.s in 
th.ory construction. In the first stag.s of 
theory oonatruotion, search through the s.t of 
abstractiOns to see if an appropriate one 

'(according to some criterion) is found. If so, 
th.n instantiate it for the cas. in hand. It a 
single abstraction is inadequat., then try to 

, use more than one piecemeal. 

Before considering sci.ntific ex_pl.s of 
abstractions of theories, it is instructive to 
compere the direct mapping method that resul ts 
from comparing two analogues and the shar.d 
abstraction method. Although human.a can 
spontaneously see relations between two 
analogu.s, for an 1l system to be able to do 
dir.ct mapping, the two analogues must be 
.repres.nted in soae way. The repr.sentation, 
such as a treme system sugg.st.d above for 
wav.s, already bas an abstract fOnD bullt into 
it. Thus, the analogical reasoning that the 
system is able to do seems to be a relllult of 
building a shar.d abstraction into the 
repr.sentation schem.. Consequently, tbe dir.ct 
mapping aethod is not as d1tfer.nt trom the 
shared abstraction method as at first it s....d 
to be. The step of taking a concrete analogue 
and constructing a representaticn of it for use 

in the analogical reasoning becomes a key 
c,*ponent in the direct mapping method. It is 
d1tficult to see how an AI system, rather than 
the designer of the system, could carry out this 
abstracting step. 

Theory constr~ction invclves not only the 
original construction of a theory, but also its 
subsequent development in the light of new 
evidenoe aod anomalies. The direct mapping 
metbod 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 
construotion. If one is w'c:k1ne only trom the 
abstraotion, whicb conta1r~ only the shared' 
properties, then this additional source of 
information is lost. The direct mapping and 
shared abstraotion methods could be combined to 
use the best features of each. Bu1ld a system 
that has both the detalled analogues and the 
shared abstraotiona represented. If the 
abstraotion doss not contain sufficient 
information to resolve an anomaly, then conduot 
the search at the more detailed level by 
searohing through the negative or neutral 
properties in the detaUed analogue to see if 
any oan be of use. 

5. ABSTRACT FORM OF SELECTION THEORIES 

Althougb use ot analogies and use of formal 
mathematical models are colDllon methods in 
SCience, explicit use of semantioally rich 
abstractions is not. Thus, oase studies for the 
Use of abstractions are Iaoking. But it is very 
interesting to ask whether abstraotions could be 
devised and. to look at the ways they map onto 
aotual soient1tio theories. In devising an AI 
system to do theory construotion, a key question 
becomes whether this method could have been used 
to produce known soientific theories, even 
though the diacoverers did not use it. 

Once Darwin had oonstructed the theory of 
natural selection, he established a new type of 
scientific theory. We may consider one way of 
&bstracting the oomponents of seleotion 
theories: 

I. An array of variants is generated. 
1. Raber of variants 
2. Jfuaber of types of variants. 
3. Aaouat of difference between variants. 
II. Kecball18111 ot generation of variants. 

II. Seleotion of a subset of variants occurs. 
1. Asent of seleotion 
2. Criteria of selection 

Ill. Atter seleotion, the pool of variants is 
d1tterent. 

Bach ot these abstraot components can be 
instantiated in different ways. Some of the 

http:d1tfer.nt
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different possible instantiations yield 
al ternative evolutionary theories that have 
actually been proposed historically. 

For (I) I the generator or the cause of the 
variants will dete1"llline the number of variants, 
the number of different types of 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,n as the most important type of 
variation that natural selection acts on. Hugo 
de Vries, in his Mutation ~ (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 stUl 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 
rroperties 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 relation between steps 
I, II and III. If step I yields certain types 
of variants, then step II 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. If 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 resul t 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 tor such a mechanism for 
the inheritance of acquired characterS. 

Although 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 aaalogous 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 mechaniam of generation of variants; 
the need for the selective step is eliminated. 
Thus, when faced with a problem of explaining 
the origin ot 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 II, the selection mechanism has 
subproperties which include the agent of 
selection (that sounds a bit anthropomorphic; 
perhaps a more neutral te1"lll can be found) and 
the criteria on the basis of whioh 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 resul t 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 tbe 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 variabil1ty important for selection. But 
in the abstraotion of selection theories, no 
requirement for different generations is 
inoluded. I have chosen to express the 
components sufficiently abstractly so that they 
apply to additional theories that do not inolude 
difterent generations of organiSM but only a. 
difterent pool of variants at a later time. The 
abstraotion could be formulated at a lower level 
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and include tranamtssion ot select~ 
characteristics to a subsequent seoeration; but 
fewer theories would be inatanoes ot the lover 
level abstraotion. Anotber level of oo.plexity 
is introduced in tbe bioloaical caae, sioce the 
variants can be considered either senes or 

, phenotypes. Controversies about the level ot. 
selection (Lewontin, 1970; Hull, 1980) tocus on 
this question of what is to count aa the 
variant. Hull suagested a distinction between 
the "replicator- and the -interactor- in 
biological evolution; the abstraotion disoussed 
bere sUllests tbat -varator- should alae be a 
key abstract ccaponent. 

It steps I-III, oonaidered aa a temporal 
process, be&1n a seconcl tillie, with tbe poel of 
variants (or their descendants) produced by tbe 
previous run as the starting pOint, then 
seleotion continues in the same direotion. If 
the criterion Of seleotion cbanges (as in 
enVironmental changes), then the direction 
abifts. Sinoe the aenerator ot variants aDd the 
criterion of seleotion can change inclepenclently 
in sOlIe instantiations, the range ot variants 
produced is potentially very larae. 

In passing it is worth noting tbat Jchn 
Holland (1975) conatruoted an abstract torm ot 
adapUve theoriea that ditfers trca 1111 abatraot 
torm ot seleotion theories. Hollancl construoted 
hia abstraotion by drawing upon the oontemporary 
tbeory ot evolution. Its COIIponents include: 
the environment ot the syatem undersoing 
adaptation, tbe adaptive plan -Wbioh dete~ines 
sucoessive structural modifications in response 
to the environaent, - and -a measure ot the 
perfo~nce ot difterent structures in the 
environment.- (Bolland, 1975, p.20) He haa much 
more foous on the enviroDMnt that 1111 
abstraotion doaa; the enviroDMnt becomes the 
asent and provides tbe oriterion ot seleotion 
within my abstraction. It is d1ftioult to map 
my generator of variants into his soheme; the 
adaptive plan must contain the senerator. 
Holl ancl' 15 abstraotion may or may not be 
instantiated by a selective step; thus the 
adaptive theories whioh he is characterizing may 
or may not be seleotion theories. In tact, hia 
abatraotion alao oharacterizea the type of 
theories I called -tool-taahioning-: the 
adaptive plan baa a senerator that can fashion 
variants in response to the env1ronaental 
demancl; no seleotive step is necessary. 
Conversely, my abstraotion may or may not be 
instantiated to result in adaptive theories, 
depending on the criterion ot seleotion. It is' 
interesting to note that two people, both 
drawing on the theory of evolution, oonstruct 
markedly ditferent abstraotions. Could we dev1se 
an AI system that could conatruct different 
abstraotiona f~ the same particular theory? 

6. EUMPLES OF SELECTION mORIES 

, IIW'pris1ns mt.ber ot d1fferent theories 
are spec1alizations of the abstraot type of 
selection theory siven in steps I-III. A 
bioloaical theory thet fits this type 
beautifully is Jerne's (1955) natural selection 
theory ot antibody tormat10n, subsequently 
aod1fied bY Burnat (1957) to the theory of 

'cloDll seleotion tor the production ot 
antibodies. The problem 18 to explain how the 
body to~ antibodies that are able to 
deactivate larse nuabers of invading toreisn 
substanoes, oalled ant18ens, whUe not attacking 
the body's own substances. Jerne, in refleoting 
on the reaaoning he used in the tormation ot tbe 
theory, aa1d: -three mecbanisms must be 
aasWled: ( 1 ) a ranclca mecbani_ for ensur1ng 
the 11ll1ted synthesis of antibody moleoules 
poasesaing all poaa1ble cc:ab1ning sitea, in the. 
absence of antisen, (2) a purging mecbanism for 
repreasing the synthesis of such antibody 
1I01eoules that bappen to fit auto-antigens, and 
(3) a seleot1ve mecbaniam for proaoting tbe 
ayntbesis of those antibody moleoules that make 
the best tit to any ant18en entering the 
aniIIal. - (Jerne, 1966, p.301). Jerno's theory 
-y be expressed in our steps I-III. Jerne 
proposed (I) a mecbanism for prodUCing an array 
of antibodies, (II) both nasaUve seleotion to 
e11ll1nate antibodies asainst bodily substanoes 
and positive seleotion tor produotion of 
aDtibodies that tit an invading antisen, witb 
the (III) result that the original array ot 
aDtibod1es 1s al tered atter seleot10n. Jerne' 15 
theory proposed that natural antibodies 
ciroulating tbrough-out the body would attach to 
an ant18en, oarry it to a pbqooytic oell and 
cause that cell to produce more antibodies like 
the selected one. (Jerne, 1955, p.849). 

Althouah Burnat enclorsed much of Jerne's 
theory, be objected to tbe mechani_ ot 
produot10n ot antibodies ancl proposed an 
alternative at the level ot tbe oell rather than 
the moleoule. Burnet aaid: the -major 
objeotion 18 the absence of any precedent tor, 
and the intriDS1c unl1kelibood ot the 
suagestion, that a molecule of partially 
denatured aDtibody could stimulate a cell into 
wb10b it bad been taken to produce a series ot 
replicas ot the molecule.... It would be aore 
aatisfaotory 1t the replicating elements 
essential to any sucb theory were cellular in 
obaraoter .IR ..iJ:I1U.Il rather than extracellular 
protein which oan replicate onlY when taken into 
an appropriate oell•••• [this idea is developed 
bere] from what mi8ht be called the 'clonal' 
point ot view.· (Burnet, 1957, p.67). Burnet 
proposed that the meObaDi_ ot variation was 
eomatio autat10n, naaely ohanges w1tb1n oells ot 
the body. The selective mecbani_ operated by 
.aleoules on the cell surtace reoognizing 
ant18e.. Atter a type of cell reoogn1sed an 
aDt18en, it would be sUaulated to reproduce 
uto a clone of its type. Of thia theory Burnet 
aaid: -Such a point ot view ia buicallY an 
aU_pt to apply tbe OQncept ot population 
senetica to the olones ot ....nohymal 
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cells witbin the body.· (Burnet, 1957, p.68). 
Thus, Burnet expl1citly appealed to the allB.l.oay 
between mutation with natural selection and his 
theory of somatic mutation and clonal seleotion. 

Burnet argued against a prior theory of 
antibody formation 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 serves as the 
template. The Jerne-Burnet selection theory. 
not the template theory, was subsequently 
confirmed and expanded. (Golub, 1981). 

A number of other tbeor1es oan be seen as 
selection tbeor1es. Additional h1storica.l • 
research wUl be required to determ1ue wbetber 
d1reot mapping to Darwin's theory of natural 
selection, use of tbe abstraot type of selection 
theories. or other methods of theory 
construotion played a bistor1cal role in the 
construction of these theories. Here I will 
merely call attention to the fact that their 

. structure fits that of the abstraction for 
seleot1on theories. 

Darwin in .IbA .fmw:. SJt. MgYIIII.nt ..1..D .flJuWI. 
(1881) explaiDed, for example, the ooiling of a 
pea tendril around a wire as a result of natural 
complete circular movement of teDdrU being 
altered (selected) after encountering an object, 
so that subsequent movement was in the direction 
of the wire. The variant pool was oomplete 
circular movement. the objeot enoountered 
provided the selective agent in that direot1on, 
and the altered pool was the subsequent movement 

,only in that direotion. (Qhisel1n, 1969, 
p.196). 

Operant conditioning works by selectively 
reinforcing some behaviors out of an orig1llB.l. 
array to alter the subsequent behavior. The rat 
in a maze, for example, engages in random 
movements. Those in tbe direotion 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'eotion is movement toward the 
food bar. The altered array of variants 18 the 
movement after the reinforoement. Memory plays 
the role of heredity in supplying the altered 
pool of variants on which subsequent seleot1on 
steps act. 

Various attempts to apply seleotion theories 
to social phenomena have been made as far baok 
as social Darwinism in the nineteenth century 
and as reoently as sooiobiology in the last few 
years. Whether the mechanism for producing and 

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

A fillB.l. type of selection tbeory is 
evolutionary epistemology. Stepben Toulmin in' 
If.I.IIII&D U!!d.rl1;epd 1 OS argued for a view of the 

development of knowledge as a result of -a dual 
process of oonoeptual variation aDd intellectual 
selection.- (1972, p.200). Neither Toulm1n nor 
others witbin this epistemological tradition 
have had much to eay about tbe mechanism for the 
produot1on of new conoepts. 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 justity1ng theories. 
Whether eelection-type theories or 
tool-fashioning tbeor1es wUl ultimately be of 
use in understanding the growth of knowledge 
remains to be seen. 

Reours1ve eelf-reference is proving to be a 
powerful technique in artificial intelligence. 
Having now come full-circle to ml starting 
pOint, namely a discussion of tbe way analoa1es 
may be used as a mechanism to generate new 
ideas. it is no doubt time to stop. 

7. COICLUSION 

In conclUSion, I would like to suggest that 
AI and pbUosopby of science can work toaether 
in coming to uDderstand the heuristics in 
discovery or patterns of reasoning in theory 
oonstruct1on. AI is sometimes called 
experimental epistemology, and I believe it 
bolds tbe promise of making phllosopby of 
science an experimental discipline. If a 
pattern of reasoning can be bullt into an AI 
system that can construct plausible hypotheses, 
then tbat would serve as an experimental test of 
the pattern. Philosopbers will bave to be mucb 
more precise and detailed in tbeir 
speoifications of patterns of reasoning if those 
patterns are to be implemented in AI systems. 

Of tbe metbods of theory construction that I 
bave d18cussed, the oue that w1l1 probably be 
easiest to implement 18 theory construction by 
shared abstraction. PbUosophers of science and 
people in AI could cooperate in finding ~ SJt. 
theories, such as the seleotion type aDd 
tool-fasbioning type that I have mentioned. 
Alae, they could work together in developing 
criteria for when a particular type is to be 
evoked and instantiated in a part10ular problem 
dOlll8.1n. 

the method tbat holds the greatest promise 
for producing something new or creative is the 
piecemeal construction USing more than one 
allB.l.ogue. lew ideas often result from putting 
old ideas together in new ways. the 
implementation of piecemeal theory construction 
seems harder to me, but potentially very 
exciting. 

On this optimistiC note for future' 
1nterfield interactions, let me close. 

http:dOlll8.1n
http:MgYIIII.nt
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DISCOVERING PATTERNS IN SEQUENCES OF OBJECTS 
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Abstract 

A more general kind of sequence-prediction problem-the non' 
deterministic prediction problem-is defined, and a general 
methodl.logy for its solution presented. The methodology, called 
SPARC. employs multiple descript.ion models to g\dde the search for 
plausible sequence·generating rules. 'lbree different models are 
prescnted along with algorithms for instllntiating them 10 discover 
rules. The inslantiation process requires that the initial input sequence 
be substantially transformed to make explicit imponal\l features ofthe 
sequence. rour different data transformation operators are described. 
The arehitecture of a system called SI'ARC/E i.~ prescnted. which 
implements most of the methodology for discovering sequence· 
generating niles in the card game Elcusis. Examples of the execution 
ofSPARC/E are presented. 

1. Introduction 
Indoctive learning-that is. learning by generalizing specifIC facts or 

observations-is it fundamental strategy by which we acquire 
knowledge about the world. lliis form of learning is rapidly becoming 
one of the central research topics in AI. Most research on computer 
models ur inductive learning has addressed the problem of inducing a 
general description of a concept from a collection of independent 
inslances or that concept (the so-calll.'d training instances). Thus. the 
research has dcalt with learning concepts that represent a certain class 
of instances. '!be instances can be specific physical objects, 
interactions. actions, processes. and so on. The learned concepts arc 
general descriptions ofclasses ofsuch instances. 

teaming problems of this type include 

• learning 	a checkers evaluation function [Samuel. 1963. 
1967] that assigns to a given class of board situatioolt a 

certain value, 

• learning descriptions ofbillek structures [Winston. 1970]. 

• determining 	 rules for interpreting IDitSS 5pC(;trograDlS 

[Buchanan and Mitchell. 19781. 

• formulating 	 diagnoStic rules for soybean diseases 
(Michalski and alilausky.1980~ and 

• discovering heuristics to guide the application of symbolic 
integration operators [Mitchell, Utgoff, and Banerji. 1983J. 

In Samuel's checkers program. for example, each training instance 
was a board situlltian represented as n vector of 16 attributes. 1be 
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learned concept was an evaluation function that computed the "value" 
of any board position for the side whose tum it was to move. No 
relationships between different board positions were considered. 
Similarly, MiChalski's AQl1 program [Michalski and ChilaUSky, 1980) 
was given independent training instances. each describing a diseased 
SI)ybean plant in terms of 3S multi-valued attributes. Each plant could 
have one of 19 pos$ible soybean diseases. From several hundred 
training instances. the program inferred general diagnostic rules for 
each ofthese diseases. 

This type of inductive learning can be called instance-trrciass 
getleralization. A review of sever.al methods for such inslance·to-class 
generali7.ation can be found in (Michalski, Carbonell. and Mitchell. 
19831. A comprehensive review of learning researeh is given in 
[Dictterich, London. Clartson. and Dronley.1982). 

Anodler type of inductive learning involves constructing a 

description of a whole object hy obsc.... ing only selected parts of it 

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

hypothesize the description of the whole sccne. A very important case 

of such part-/rr whole generalization 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 hypothetical description of the whole 

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

used to predict the possible continuations of the given sequence or 

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

wiD 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 Ietter-scquence prediction, in which each object 
in the sequence is characterized by only one attribute: the name of the 
letter. For example, given a sequence ofletters such as 

ABXBCWCDV ... 

the learning program must discov,er a "pattern"-!hat is, a rule that 
governs the generation of lett~rs in the sequence. In this case, such a 
rule might state that the sequence is a periodically repeating 
subsequence of three letters in which the first two letters are successors 
of the Iener appearing in the previous period, while the third leiter is 
the predecessor of the correspondilig letter in the previous period. 
Early papers by Simon and Kotovsky (1963. 1972. 1973) show dlat just 
a few relationsilips (such as successor, predecessor. and equality) are 
sufflCicnt to represent most such patterns. Related work by 
Solomonoff [1964) anc Hedrick [1976} has investigated grolmmaticai 
approaches to describing letter sequences. 

1be sequence prediction problem becomes more difficult when the 
sequence consists not of simple objects with only a single relevant 
attribute (like the problem just described), but instead of objects with 
many relevant attributes. Further complexity is introduced if dlC 
pattern describing the sequence also involves a variety of relationships 
among these attributes. For example. the pattern may involve the· 
periodicity (If recurrence of certain properties or the dependence of 
the next object in the sequence on the properties of objects P~ 
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it at some' arbitrary distance in Ihe past. A sequence prediction 
problem exhibiting Ihe above-memioned complexities arises in Ihe 
card game Eleusi~ (Abbott. 1977; Gardner, 1977). Examples from Ihis 
game will be lIsed to iIIustrdte the general methodology of discovering 
paUrnls in scquences described in Ihis paper. The rules for Eleusis are 
briefly explained in section 2.1. 

Oefore we formulate precisely this problem of discovering patterns 
in sequenccs, let us first explain why it is important for current AI 
research. There arc three major AI problems Ihat must be addressed 
in any solution to Ihis discovery task: (a) the representation problem, 
(h) dle problem of performing model-driven inductive leaming wilh 
multiple models, and (c) the problem of reasoning about temporal 
processes. 11le specific representation problem of interest here is dlat 
of automatically determining an appropriate series of transformations 
of Ihe initial sequence description so iliat Ihe pattern can be found. 
The multiple-model inductive learning problem arises because no 
single model can provide sufficient guidance to the seareh for 
plausible descriptions in Ihis domain. The relationship of this 
problem to reasoning about time is not as strong as dle olher two 
problems. However, since temporal processes include a~ a special ease 
discrete-time linear sequences. some of Ihe techniques developed for 
sequence prediction may be relevant to Ihe more general problem. 

In ilie next two sections. we discuss in detail Ihe representation 
problem and Ihe problem of multiple-model induction as Ihey arise in 
this domain. 

1.1. Task-oriented transformation of description space 
The problem of transforming Ihe initial problem description arises 

in many practical domains in which Ihe given daUl (e.g.. Ihe training 
instances in inductive learning) are observations or measurements Ihat 
do not include Ihe information most relevant to Ihe task at hand. For 
example. in character recognition. Ihe input typically consists of a 
matrix of light intensities representing a chardeter. but Ihe relevant 
information includes poSition-invariant prOperties of letters such as 
the presence of a line on Ihe 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 Ihe raw data. 

An .:xample of a learning program Ihat performs task-oriented 
transfonnations is INTSUM (a part of the Meta-DENDRAL system. 
[Buchanan and Mitchell. 1978). INTSUM is presented with raw 
training instances in the form of chemical structures (graphs) and 
associated mass spectra (representcd as frllgment masses and their 
intensities). For each fragment in Ihe mass spectmm, INTSUM must 
determine Ihe bonds that could have broken to produce Ihat fragment. 
A simple mass spectrometer simulator is used to develop these 
hypolhesiled bond breaks. Each of Ihe resulting transformed training 
instances has Ihe form of a chemical strucwre and a set of bonds that 
broke when that structure was placed in Ihe mass spectrometer. It is 
Ihis information Ihat is provided to Ihe remaining parts of Ihe Meta­
DENDRAL system (pmgmms RULEGEN and RULEMOD). 

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

This description-space transformation problem has been called by 
various aulhors ilie data illterprelalioll pl'Oblem (Oielterich, et al.• }982) 
or Ihe refonllulalion problem IAmarel. 1968). We prefer Ihe term 
lask-orienled trails/annat/oil problem. since it emphasizes dlat Ihe 
proper choice of data transformations depends upon Ihe task being 
performed. In Ihe sequence prediction problem discussed in this 

paper. Ihe desired sequence-generating rules arc described in a 
language quite different from Ihe language used to describe the raw 
sequence. The learning system determines appropriate data 
tmnsformations from four general classes of transformations and 
applies them to Ihe 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 
algorilhms (e.g .• linear regression) determine the coefficients for a 
predetennined, fixed set of variables. Slightly more sophisticated are 
learning algorilhms. such as Ihe A q algorithm (Michalski and Kulpa, 
1971) or the candidate elimination algorilhm [Mitchell. 1978), Ihat are 
able to determine which tcrms are relevant and how Ihey should be 
combined (i.e .• with operators such as A and V). Learning algorilhms 
Ihat perform interpretative transformations (e.g.• Soloway (1981). 
Meta-DENDRAL [Iluchanan and Mitehell. 1978]) augment Ihese 
basic inductive algorilhms by applying a set of predetermined 
transformations to Ihe data prior to inductive generalization. Not yet 
developed arc learning a\gorilhms Ihat could select description-space 
transformations under guidance of special heuristics. And very few 
researchers have addres.~ Ihe problem ofdiscovering new descriptors 
(predicates. functions, operators. etc.). Table I-I shows Ihis spectrum 
ofinductive learning problems. 

1. Determine coefficients 

2. Select relevant variables and combine 

3. Apply predetermined transformations 

4. Select transformations under heuristic guidance 

S. Discover new descriptors 

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

diffICulty 

The method presented in Ihis paper falls under categOry 4. since it 
searches four general classes of transformations and employs heuristics 
reflecting domain-specifIC knowledge. 

1.2_ learning with multiple models 
The second major problem Ihat arises in sequence prediction is the 

problem oflearning using mUltiple description models. This problem 
has not received much attention in previous AI research. Most 
existing systems employ a single model that provides guidance to the 
induction algorilhm as it searches a space of possible descriptions. 
Many systems, for example. use conjunctive descriptions to represent 
concepts. By constraining Ihe search to consider only conjunctive 
descriptions. Ihe learning problem is greatly simplified. Michalski 
(Michalski and Kulpa, 1971) constrains descriptions to be in 
disjunctive normal form wilh ]ewesl disjunctive tcrnls. This constraint 
is satisfied (approximately) by having Ihe induction nlgorilhm 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 Ihe operation of 
Ihe mass spectrometer to guide its search for cleavage rules. In 
general. all of these systems usc a single model. and very few authors 
have made Iheir models explicit. 

One researcher who has employed multiple models is Persson 
{I966). He applied four different models to Ihe problem of 
extrapolating number- and letter-sequences. Brieny, these models 
were 
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1. a model that computes the cocflkients and the degree of a 

polynomial by applying Newton's forward-difference 

fonnula (the degTl)e can be arbitrarily large); 


2. an extended model that discovers exponential rules of the 

tllnn ABC, where A is a polynomial ofdegrce 4 or less and 

Band C are polynomials of degree 1 or less (i.e., 8 and C 

are of the fonnax + b); 


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

4. a generalization of the Kotovsky and Simon model for 

lburstone letter-series that can discover simple periodic 

and segmented sequence-generating laws. 


'fbcsc models are applied in an artiflCiallcarning situation in which 
the program is given a sequence of sequence-extrapolation problems. 
lbus, 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 tit 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 ofsequence that it is expecting. 

Persson's work shows the value of employing multiple description 
models to search for sequence-generating rules. 1be major limitation 
of Persson's approach. however. is that it is specifIC tu 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 tixed model. 'Ibis has been 
the common approach in Al thus far. The next step is to provide a 
learning program with a set of models from which it would choose the 
most appropriate ones. This is the approach used by Persson. 1be 
third level of sophistication would be to have the program generate a 
predctennined set of models, just as the learning program applies a 
predetermined set ofdata transformations. This could be improved by 
baving 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 learninl 
process. 

1. Single model 
2. Selection from a few models 
1. Predetcnnined generation of models 
4. Heuristically-guided generation ofmodels 
S. Discovery ofnew models 

TaMe 1-1: Spectrum of model-based methods In Increasing 
difflcuky 

The approach described in this paper seaJdles a . predetermined 
space of possible models in a depth-first fasbion, aDd hence, falls 
under point J of this table. 

It is the development of techniques for adcIRuing these two 
problems-of selecting task-orlenled transformations and of applyiDl 

multiple descriptilm modela--that is the main theoretical contribution 
of this research. In the remainder of this paper. we 

1. define the sequence prediction problem under 

consideration, 


2. dcscrib¢ the methods used for representing and 

transforming the initial training instances. 


1. present techniques for representing dle models and 

sequence-generatins rules, and tinally, . 


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

implements must of the described methodology. lbe 

program is illustrated by a few selected examples of its 

operation when applied to the inductive card game 

B1eusis. 


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

one after another. and arranges them into a sequencc. 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 call such a law a sequence-generating 
rule. rt is assumed that the law is expressed in tcrms of properties that 
are either ob!iCrvable properties of objects prescnUn 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 gencral kind of sequence-generating 
taw in which the law does not necessarily completely determin.: which 
Objects can or cannot appear next in the sequence. The law merely 
states some properties that constrain the next object to be a mcmber of 
a restricted set Thus. such a generating rule is nondeterministic. 'nle 
task of discovering such a generating law is a diffICult learning task. 
requiring task-speciflC data transformations and model-guided 
induction. We will call Ibis learning problem a non-detenninistic 
prrdiction problem (NOP. 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 (OP. for short). In the OP problem. it is assumed 
that there is no randomness in the generation of the next object. The 
next object is strictly a fwlction of the past objects. 

Many reseaR:bers have previously considered OP problems such as 
Ictter-sequence prediction, number-scries extrapolation, economical 
prediction. and prediction of the behavior of a computer system. Most 
recently. the BACON Syslem (Lanaley. 1980) bas addressed a wide 
range of OP problems that arise in scientific discovery situations. 
BACON 8Ad most of its predecessors mate strong use of the 
c:onsuaint that in a DP problem. all attributes of the next object in the 
sequence are determined by the previous objects in the sequence. The 
NOP problem is more difficult to solve, because only a partial 
description of the original sequence is soushl. Consequently, many 
more plausible hypotheses must be considered during the inductive­
learning procera. 

Let us illustrate a simple NDP problem by an·example. Suppose we 
are liven a snapshot of an ongoiDg process that has already generated 
!be objects (grapbs) shown in Figure 2-1. 

.1be observable properties of each graph are: the NUMB£R OF 

I\'ODI!S, the SHAPE of the graph (T-junction. square. bar. wheel, 
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triangle, star, diamond), the TEXTURE of each node (solid black, blank, 
and cm;s). and the ORIENTATION of the graph (applicable unly to 
graphs that arc el()ngated in some direction. expressed as degrees 
clockwise from vertic.tl). Suppose we would like now to predict what 
coulll be the next objcct. 

(o'igure 2'1: A simple 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 l'EXnJRE in the order <solid blact, 
blank. crOSS>. The SIIAPES 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 -45 degrees each time, 
while the ORIE!'<1'ATION of the bar increases by +45 degrees each 
time. Finally. the NUMBER Of NODFS 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 
sequen(;e will have 8 blank nodes, and then after that there wi11 be a 
graph that is a slanted bar with erossed nodes and ORlfNTATION of225 
degrc..::s (slant downwards to len), l1lUs, with regard to the first 
predicted object. we know only two properties (NUMBER and TEXTURE. 

of nodes), and with regard to the sec()nd predicted objcct, 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 "-3ch 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. One order of lettel'll in the 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), letter 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 I~obert Abbott (Abbott, 1977; Gardner. 1977]. Elellsis 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. F.ach player, in his or hcr turn, adds one cnrd to ttae 
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 arc penalized by having additional 
cards added to their hands. The goal of each player is to get rid of aU 
of the cards in his hand, which is only possible if correct cards arc 
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 main line at the card 
that they followed. Figure 2-2 shows a typical Elcusis layout for the 
sequence-generating rule "Play alternating red and black cards." In 

this game, the J of hearts was played first, followed by a 9 of spades, 
and a Jack of diamonds. Alt of these were correct. Following the 
Jack, a 5 of diamonds was played. It appears on a sideline helow the 
Jack, because it was not a correct exfension of the sequence. (At this 
point a black card is required.) The 4 of clubs was !hen correctly 
played, and so on. 

Main line: 
Side Hn.. : 

3H 9S JD 
6D 

4C JD 2C 10D 
AH AS 8H 
8H lOS 7H 
OD 10H 

2C 6H 

Figure 2-2: A sample Eleusis layout 

Eleusis provides a good domain for studying the use of task­
oriented data transformations to aid leanting. frequently, the 
generating taw for an Eleusis sequence is stated in terms ofdescriptors 
that are not present in the 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 arc expressed (e.g .• 
"strings of cards of the same suit", "alternating sequence") are quite 
different from terms such as RAI'iK and SUIT that described the 
original sequence. To bridge this difference, appropriate description­
space transformations have to be performed. 

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


heart, play diamonds; if last was diamond, play clubs; and 

if last was club, play spades. 


• 	The 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. 


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

E1eusis also provides a good domain for studying the use of models 
for guiding the induction process. 'I'he space of possible Eleusis rules 

using descriptors such as SUIT. RANK, COLOR, FACEDNr,ss. 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 expressionsl A breadth-first 
search of this space, such as is conducted by the candidate-elimination 

",. estimate is based on computing the space of all syntattkaUy legal VU 
conjuntls conlaininll the following set of deseriplOB (alll:r eacII descriptor is listed the 
number of dements in its value set and the number of possible scledorS that can be 
formed IlSing those elements): SUIT (4.9). RAm; (11. 91). COI.OR (2,3), I'ACEDNeIS (2,3). 
PAIUTY (2,3). PlUNI!N1!SS (2,3). RANKMOIll (1.7). IHU1TOI (4.9), DilJITOl (4,9). D-RANUI 
(25.300). D-IWIUl (25.300). S·RANIOl (25.300). S·IWIKOl (25.300), IHXlLOJUll (2.l). 
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algorithm. would dearly be impossible. Fortunately, the rules used by 
people tend to cluster into certain cla'\SCs dlat can be well-de<..cribed by 
three models: periodic rules, decomposition rules, and DNF rules. 
Thus, a model-directed approach can be used to discover seQuence­
generating rules in Eleusis. 

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

NDI) problem defined in section 2. 1he approach is a combination of 
bottom-up daL1 transfomlatioll, top-dowlI model specialization, and 
data-driven instantiation of the specialized models to fit the 
transformed dilta. These three processes can be briefly explained as 
follows: 

1. Rottom-up data transformation involvcs applying various 

transfomlation operators to the initial sequence 
description to obtain a derived sequence delCriplion_ We 

use four basic data transformations: adding derived 
attributes, segmenting, splitting, and blocking. Details of 

these arc described in section 4. 

2. Top-down model specialization involvcs specifying 

particular values for the parasneters ofgeneral rule models 

to obt<lin a parameterized model. We use three general 

models: the disjunctive normal form model (DNF). the 

decomposition model, and the periodic model. F.ach of 

these models has one or morc parameters. For example. 

both the DNF and decomposition models have a single 
parameter: the lookba,·k. L (I.e.. the number of objects 
back from the given object in the sequence that are 

assumed to determine the next object). The periodic 

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

period in the sequence. Details of the model specialization 
process arc described in section 5. 

3. The model-instanti.1tion process attempts to fit the 

parameterized model to the derived sequence description 

to produce an instantiated parameterized model. A model 

that has been parameterized and instantiated serves as a 
sequence-generating rule. This process is deseribed in 

section 6. 

The above three srcps are illustrated schematically in figure 3-1_ 

Model instantiation. as used in this paper. is an extension of !he 
well-known AI technique of schema instantiation. Schema 
instantiation has been applied. for example, by Schank and Abelson 
(1975) to interprrt natural language. by Engelmorc and Terry (1979) 10 
interpret X-raY diffraction data in protein chemistry. and by Friedland 
(1979) to plan genetics experiments, Model inSL1ntiation differs from 
schema instantiation in tho complexity of the instantiation process. 

IX'XlLORIIl (2.31. D·FACEDIfl.'SSIll (2.3). D-FACED_ (2,3). D-PAiUTYOI (2,3). D-PAIlrnu:! 

(2.3). D-PRIMI!I<I:SSIII (2.3). D-PRIMENI!SSOl (2.3). D-RANKMODH)I (3.7). D-RANKMODHI2 

(3.7). The surr and RANUIOD) descriplOOS arc cyclically ordered, while the RAlit 

desl:riplOlS are interval descripiOlli. All otbelSare nomin:tl. In ablock 0(dllcc adjacent 
cards (with Iookback L= 2). the first seven de<itrip10l'S appear three tirrlfS--OnOl: {or 
tIIdI card. lienee. ~ 1DI31 numberIi possible conjunCII is (9091·3·3·3·3"7) • 
(9*300·JOO"3"3"3jl*1) :: ll1~3110 . Ihbm are four conjullCls in a rule, then we 
obIain [2.11111"10 I :: 1.99*10 • 

0 __01 models 

Filmodel 

10 data 

Specific 

model 

sequence 

OrigInal sequence 

Jo'igure :r I: Schematic description of the rule discovery Pf()(A.'SS 

Model instantiation involves not only filling ill predetermined slots or 
substituting constants for variables. but also synthesiling a logical 
formula of an assumed type. For example. in ordcr to instantiate each 
of !he three models described below. the program must synthesi7.e ,l 
conjunction of predicates or a disjunction of such conjunctions dlat 
satisfies certain constraints. Model-instantiation methods share with 
schema-instantiation methods the advantage that they arc etrlcient, 
and also eflective with noisy and uncertain data. The constraints 
provided by the models (or schemas) drastically reduce the size of the 
space that the program must search. 

The principal disadvantage of model- and schema-instantiation 
methods is that they require substantial amounts of domain 
knowledge to be built into the program, In order to keep this domain 
knowledge explicit and easily modified, we employ a ring architecture 
in the design of the learning program, as described in section 6. 111is 
architecture facilitat, the :lpplication of the system to a variety of 
problems by simplify ng the process of changing me domain-specifIC 
parts of the program. 

4. Describing and Transforming Training 

Instances 


Now !hat we have defined the problem to be solved (!he NDP 
problem) and sketched the solution. we launch into the details of dlat 
solution. This section presents the description language for 
representing the original sequences and the transformation operators 
that can be applied to modify that representation. 

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

<Ql' Q2· ..·• QI? 
(t is assumed !hat the only relevant relationship between two objects is 
!heir ordering in the sequence. Each object is described by a set of 
attributes (also called descriptors) fl' f2' .... f • which can be viewed as . n
ntnctions mapping objects into attribute values. To state that attribute 
GofObject 'I; has value r. we write 

[f1(qj)-r]. 
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This notation is called a selec/or. for example. if ~ is color and r is red. 
then the selector 

[color(qj)-red] 

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

Each attribute is only permitted to !.'Ike on values from a finite value 
set called the dOll/ain, D(f.), of that attribute. This constraint is pan of 
the background knowledge tllat has to he given to the program. For 
example. in a deck of cards, the domain of the SUIT attribute is {clubs. 
diamonds. heart~. spades}. Additional knowledge about the domain 
set can be represented. In panicular. 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 are 
applied to the problem of representing eards in an Eleusis game. 

A complete initial dcscription of a single object, qj' called an event. 
is an expression giving th<' values for all of the attributes of qr 1bis is 
usually written as a conjunction of selectors: 

[fl(qj)-rl][f2(qj)wr2] ••• [fn(qj)-rn]. 

It can also he represented as a vector of attribute values: 

(r1• r2..... rn)· 

This vector notation suggests that each object description can be 

viewed as a point in the event space E: 


E = O(f ) X 0(9 x ... X O(fn)1


This event space contains all possible events. 


A complete description of the initial sequence is a sequence of 
conjunctions of sclectors (or alternatively. a sequence of attribute 
vectors)-()ne conjunction for each object in the sequence. lbe space 
of a1l possible sequences can be generated by selecting all possible 
sequences of events chosen from E. 

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

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

T : (S, Q, F> .-) (S', Q', P)
Pl'···.p\: 

where PI' .... Pl. are parameters of the transformation that control its 
application. We have found four basie transformations to be 
especially useful for discovering sequence-generating rules: (a) adding 
derived allributes. (b) .tegmen/ing, (c) splillillg into phases, and (d) 
blocking. Each of tllcse is described in tum. 

4.2.1. Adding derived attributes 
The simplest transformation does not change the set of sequences. 

S, or the set of objects. Q. but .only the set of attributes. F. For 
example. in Eleusis. 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). FACEDNr:.ss (faced or nonfaced), 
PARITY (odd or even), and PRIMENESS (prime or not prime In rank). 
The adding-derived-attributes transformation has no parameters. 

4.2.2. Segmenting 
The segmenting transformation derives a new sequence made up of 

a new set of objects, Q', and described with a new set of attributes. r~. 
The new 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 transformation is the segmentation condition that tells 

how thc original sequence should be divided into segments. 'Ibree 
types of segmentation conditions can be distinguished: (a) those that 
use propcnles of the origil/al objects to determine where the sequence 
should be broken, (b) those that use propcnies of the original objec/s to 
determine where the sequence should not be broken. and (c) those 
that use properties of derived objects to determine where the original 
sequence should he broken. 

For example, suppose the original sequenee consists of physical 
objects described by attributes such as WElOIIT. COlOR. and HElOIIT. 
An example ofeach type of segmentation condition follows: 

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

According to this condition, the original sequence is to be 
broken (between qj-l and qj) at the point where the weight 

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_! and qj) if tlle color stays the same 
and the weight remains above 10. It will be broken at any 
point whcre these conditions do not both hold. 

3. Break so that [1ength( q1' )-2]. 

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

The choice of attributes, p. for describing the newlY'derived 
objects. Q'. depends on the segmentation condition used to segment 
the sequellce. For example. if the [length(q1' )-2] condition is 
used. attributes ofinterest might include the sum of the VALUES of the 
two original objects. the maximum VALUE. ·the minimum VALUE. and 
so on. The LENGTH of the segment would not be of interest. since by 
definition. it is a constant. However, if the 
[color( q1 )-color( q1-1)] condition is used, the LENGTH of the 
segment could be quite interesting and should be derived. Also. the 
rcol.OR sharcd by all of the cards in the segment might be of interest. 
In our implementation. the user specifies which attributes should be 
derived. All user·specified attributes are derived uriless the program 
can prove from the segmentation condition that those attributes would 
not have a well-defined value for each segment in the sequence or else 
would he trivially constant for all segments. 

Often, a segmentation condition lcads to the creation of incomplete 
segments at the beginning and end of the original sequence. These 
boundary cases can create diftkulties during model instantiation. SO 

they are ignored durinz rule discovery. but checked during rule 
evaluation. 

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

of P separate subsequences: (phl, ph2, ... >. Sequence phj stang with 
object qj (the object at the i-th position in the original sequence) and 
continues with objects taken from succeeding pOSitions at distance P 
apan in thc original sequence. Each of the derived sequences is called 
a phase. P is the parameter of the splitting transformation that denotes 
the number of phases. Figure 4·1 shows Ihe splitting operation for P 
=3. 

http:FACEDNr:.ss
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Original sequence: (q1 qZ q3 q4 q6 
Derived sequence: (phi phZ ph3), where 

phi: (ql q4 
phZ: (qZ q6 
ph3: <q3 

q6 

q6 

q7 q8 q9) 

q7> 
q8) 

q9) 

FigureH: Splitting transformation with p= 3 

The objects within each phase retain the linear ornering that they 
had in the original sequence. The phases themselves can be 
considered to be cyclically ordered so that ph1 precedes ph2, which 
precedes ph), 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) 

'The 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 into subsequences. no new objects are created. 
Furthermore. no new descriptors arc defined. The set of descriptors 
used to characterize the objects in each of the phases is the same as the 
set of descriptors used to characteril.e the objects in the original 
SCQuence. 

TIle splitting transformation c.,n be applied to break one seQuence­
prediction problem into several subproblems-one for each phase. 
l1tis is how periodic rules are discovered. 

4.2.4. Blocking 
11te 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 Qj (called the head) and 
proceeding backwards to object Q\'L (where L is the lootbact 
parameter of the blocking transformation). Figure 4-2 shows the 
blocking operation for L= 2 (Block length of 3). 

Several attributes are derived to describe each block. For each 
attribute A applicable to the objects in the Original sequence. the 
attributes AD, AI..... AL are defined that are applicable to the objects in 
the derived sequence. AO(b.) bas the s.we value as A(qi): Al(b~ has 
the same value as A(q. I): a~d so on until AL(bj ), which has the same 
value as A(ql-L)' In other words, dIe original attributes arc retained in 

Original sequence: <ql q2 q3 q4 q6 q8 q7. q8) 
Derived sequence: <b3 b4 b6 b8 b7. be) 
wbere b

i 
arc derived objects defined as follows: 
b3: <ql q2 11) 
b4: <q2 q3 Ai) 
b8: <q3 q4 .sal) 
b8: <q4 q6 g§) 

b7: <q6 q8. JIl) 
b8: <q8 q7 II) 

The underlined object in each block is the head object 

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

the new sequence. 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 object q\ in block bi' 

For example. suppose we have the sequence <ql q2 q3 q4 q6) 
with attributes RANK and sun, where 

[rank(ql)-Z][su1t(ql)-H] 
[rank(qZ)-4][su1t(q2)-S] 
[rank(q3)-8][su1t(q3)-C] 
[rank(q4)-8][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. RANK1, RANK2. SUI1'O, sum, and sum 
will be derived with the values 

[rank2(b3)·2][SU1tZ(b3)aH] 
[rankl(b3)a4][su1tl(b3)-S] 
[rankO(b3)-6][su1tO(b3)-C] 

[rank2(b4)-4][su1t2(b4)-S] 
[rankl(b4)·O][su1tl(b4)-C] 
[rankO(b4)-8][su1tO(b4)-O] 

[rankZ(b6)-8][suitZ(b6)-C] 
[rankl(b6)-8][suitl(b6)aO] 
[rankO(b6)al0][su1tO(b6)-H] 

This transformation leads to 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 surro and RANKO of block b), surn and RANKl of block b4, and 
sUln and RANK2 of block bs' However, this derived sequence of 
blocks facilitates the representation of tlle relationships between 
objects in the original sequence. Many sequence-prediction rules 
involve such relationships. 

To represent relationships betwcen objeets. additional descriptors 

called sum and i/iflCrence descriptors are defined. In the case of the 

above sequence. the descriptors S·RANKOl, S·RANK02. D-RANKOl, 

D-RANK02, D-Surrol. and D-SUITOl are created. The value of 

S.RANKOl(b ) is the sum of RANKO(bj) and RANKl(bj). The value of 

IHtANKOl(b

j

j
) is the difference between RANKO(bj) and RANKl(b j). 


TI1US, in addition to the selectors shown above, the following selectors 

would also be derived for the new sequence: 


[a-rankOl(b3)-10][a-rankOZ(b3)-8] 
[d-rankOl(b3)-Z][d-rankOZ(b3)-4] 
[d-auitOl(b3)-1][d-auit02(b3)-Z] 

[a-rankOl(b4)-14][a-rank02(b4)-lZ] 
[d-rankOl(b4)-2][d-rank02(b4)-4] 
[d-au1tOl(b4)-1][d-suitOZ(b4)-Z] 

[a-rankOl(b6)-18][a-rankOZ(b6)-18] 
[d-rankOl(b6)-2][d-rankOZ(b6)-4] 
[d-auitOl(b6)-1][d-auitOZ(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 domaiil sets iIS well. For an unordered attribute 
such as COLOR. whOSf' domain set is {red, black}, D-COLOROI takes on 
the value 0 if the coloRO(bJ = COLOR1(bj ) and 1 otherwise. For' 
attributes with cyclically-ordered domain sets. 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 
SUITl(b~ to SUrro(bj). If SUITl(bj ) =diamonds and ~urro(b)=cltibs. 
D-SUITOl(b~=3. 

The sum and difference attributes make the ordering of the orisinal 
sequence explicit in the attributes that describe each block. 
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Consequently. it is no longer necessary to reprCliCnt the ordering 
between blocks. Hence. the model' fitting algorithms discussed below 
treat the derived scquence (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. ~pccially when it is combiued with a 
sum or difference prefix. Hence. we have developed an alternative 
representation that is more comprehensible. In this notation, sclectors 
Ihllt referto bloclc... such as [su1t1(b1 )·H].llre written as selectors 
that refer to objects in the original sequence, sueh as 
[Gu1t(q1-1)·H]. Similarly, sclectors such as 
[d-ranI{Ol(bi)"3] are written as 
[ran",(q1)-rank(q1-1)+3]. This notation makes the meaning 
of the selectors clear without having to explicitly mention the blocks 
bj' For purposes of implemenllltion, the first notation is better 
because it enables the program to treat all sequences-including 
derived sequences-uniformly. However, 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-gencrating rule is a function g that assigns to each 
sequence ofobjects, <ql' ql' .... q.? a non-empty set of admissible next 
objectsOk+1: 

g: (<ql' q2' .... qk)} --) {Ok+ l} 

Ok + 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 previolls card", g« ... 4C» =Ok+1 is the set of cards 
{5C, 50, 5H, 5S}. 

The set Ok + 1 may contain only one event, or it may contain a large 
set of possible events. If for all k. the sequence <q1' q2' ...• qk> is 
mapped byg into a singleton set, then the rule is a deterministic rule; 
otherwise, it is a IIOlIdetennillislic rule. This paper addresses the 
problem of discovering a nondeterministic sequence-generating rule. 
g, given the sequence <q l' ql' ...• qt)· 

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

ql E g«» 
q2 E g«ql» 

qm E g«ql' .... qm·t» 

These assertions are positive instances of the desired sequence­
generating rule. 

In E1eusis, negative instances are provided by the cards on the 
sidelines-that is, the cards rejected by the dealer for being incorrect 
A sideline card q) - played after card q) provides a negative instance 
ofthe form: 

q)- ~ g«ql' q2' q~) 

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

The preference criterion in our methodology (and in all learning 
systems) attempts to evaluate a candidate rule in terms of its 
generality, predictive power, simplicity. and so on. These semantic 
properties are difficult to compute, however. Instead, virtually all 
learning systems employ syntactic criteria that correspond in some way 
to these semantic criteria. Syntactic criteriHuch 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 (See McCarthy [1958]). As 
we noted in the introduction, most previous Al researeh on learning 
has employed a single re)rescntational framework or model for 
describing the rules or concepts to be learned. [n 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 !he 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 casc, scquence-generating rules). A model 
consists of mndel parameters llnd a set of cOl/stroiflts that the model 
places on dIe forms of descriptions. 'Ine process of specifying the 
values for the pammeters of a model is called parameterizing the 
model. The process of filling in the form of the parameterized model 
is called instantillli"g the model. A fully-parameterized and fully­
instantiated model forms a sequence· generating rule. 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. VL22 is an 
extension to the predicate calculus that uses the selector as its simplest 
kind of formula. The VL22 selector is subslllntially more expressive 
than the simple selector presented above in section 4.1. 'The simple 
selector has the form: 

[t1(qj)-r] 

whereas the VL22 selector has the form: 

[t1(xl. xl ••••• xn) - r1 v r2 v , •• v rill 

In the VL22 selector. attributes f; can take any number of arguments 
(Xl' x1, .... x.). Furthermore, the attributes Gcan take on anyone of a 
set of values {rr r2, •••• r }. The v denotes the internal disjunctionm
operator. Thus, the selector 

[rank(q1)-9 v 10 v J v Q v K] 
indicates dlat the mnk 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 )~9]. 

since the domain of the RANK attribute is known to be linearly 
ordered with a maximum value of K (King). To aid 
comprehensibility. VL22 provides the opcmtors <, >, S. ~,and ¢, in 
addition to the basic = operator. 

Examples of typical selectors include: 

[rank(q1)¢rank(q1-1}] 


(paraphrase: the RANK ofql is different from 


the RANK of<It-l) 


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


(paraphrase: the SUIT increases by one from qi-l to qi) 


[rank(q1)+rank(q1-2»10] 

(paraphmse: the sum of the RANKs of<It 


and qi-2 is greater than 10) 


Now that we have introduced the basic notation of VL22, each of 
the thrcc rule models is presented in turn. 

5.1. The DNF model 
The DNF model supports the broad class of rules that can be 

expresscd as a universally quantified VL22 statement in disjunctive 
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nOimal fOlm. l11C ONF mod~l has one parameter. the degree of 
lookback. L An example ofa ONF rule (with L=1) is: 

Vi ([color(qi)-color(qi-l)] V 
[rank(qi)-rank(q1-l)]) 

In general, a ONF rule is a colJ~don ofconjuncts of the fonn 

Vi (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 ofconjum:ts, k. should be close to the minimum that produces 
a d.: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: 

L1 .) R1 
L2 .) R2 

. 

.... • ) III 

where the .) sign indicates logical implication. 

The model states that the left· and right-hand sides. I, and Rj • must 
all be VL22 conjunctions. The left-hand sides must be mutually 
exclusive and exhaustive--that is. 

~ V~ V ... Lm==TRUF.,and 
Vj.k (j~k =) (11" ~ == FAlSE». 

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

Vi([color(qi-l)-black]-)[parity(q1)-odd] V 
[color(q1-l)-red] ·)[par1ty(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 Iookback parameter. L. that 
indicates how far back in the sequence the description "looks" in order 
to predict the next object in the sequence. The above rule has a 
Iookback parameter of 1. because is examines ql-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 lookback, 
L The period length parameter. P, gives the r,umber of phases in the 
periodic rule. A periodic rule can be viewed as applying a spllttill8 
transfonnation to 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 to predict the attributc1l 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-tupte of VL22 
conjunctions. The j·th conjunct describes the j·th phase sequence. 
The rule 

<[color(q1).red]. [rank(q1»>rank(q1-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 phasc is red; 
each card in the second phase has at least liS large a rank as the 
preceding card in that phase. Hence. one sequence that satisfies this 
rule is <2H lC 10H 5S 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-nodel(q1)-so11d blaCk] a 
[shape(q1)-T-junct1on] • 
[or1entat1on(q1)-or1entat1on(q1-l)-46]. 

[texture-of-node.(q1)-clear] a 

< [nu.oer-of-node'(q1)-4].


[nu.oer-of-node.(q1)-8] ). 


[texture-of-nodel(q1)-cro••] • 
[lhape(q1)-bar] • 
[or1entat1on(q1)-orientat1on(q1-l)+46] ) 

Notice that this is a periodic rule with three phases and a lookback 
of l. The middle phase of the period i.. 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 to describe more complex 

rules. Ilasic models can be joined by conjunction. disjunction. and 
negation. For example, the rule "play alternating red and black cards 
such that the cards are in non-decreasing order" is a conjunction of the 
periodic rule 

< [color(q1)-red]. [color{q1)-black] ) 
and the DNF rule 

[rank(qi) ~ rank(qi-l)]. 

5.5. MOdel EquIvalences and the Heuristic Value of 
MOdels 

The reader may have noticed that the decomposition and periodic 
models appear to be special cases of the DNF model. For instance, 
given that the clauses in a decomposition rule are mutual1y-exclusive 
and exhaustive. the decomposition rule 

~ =)R1&: 

~ =)~&: 

L",=)R", 

can be written as the DNF rute 

l1,. &:Rl ) V ~&:R2) V ..• V lLm&:R.J 

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

<C1·<;· .... <;> 
can be expressed as a decomposition RIte of the form 
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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)aeven] > 
(paraphrase: play alternating red and even cards) 

the different phases are overlapping. The above transformation into a 
decomposition rule 

[color(q1-1)~red]->[par1ty(q1)-even] • 
[par1ty(q1-1)-even]->[color(q1)-red] 

docs not work. because. for example, the sequence 

(3D 2D 4C ...> 
satisfies the second rute (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 ill the original sequence. called POSITION. that has the 
value i for ohject qr With this descriptor. the above rule can be 
encoded as 

[pos1t1on(q1)-odd] -> [color(q1l*redJ
[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 represellling all ofthcse 
rules. it is not helpful for discovering them. In shon, it is 
epistemologically adequate but not heuristically adequate (see 
IMcCariliy and Hayes. 1969: McCarthy. 1977]). Each model directs 
the anentiol1 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 wiili each model are incorporated into special 
model-litting 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 scauence. (b) 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 (see 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 parameterillng a model are performed in parallel. 
Then. specialized model-fitting algorithms usc the transformed 
sequence to instantiate the model to obtain a candidate sequence­
generating rule. These candidate rules are then evaluated to 

determine a final set 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 ofphascs I') needs to be applied 
to the sequence. 1bese two processes can be viewed as 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, thc program is stnlctured as a set of 
concentric knowledge rings (see Figure 6-2). A knowledge ring is a set 
of routines that perform a particular li.tnction using only lmowledge 
appropriate to that function. The procedures within a given ring may 
invoke oilier procedures in that ring or in rings that are inside the 
given ring. Under these constraints, the concenlric ring stnlcture 
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 by removing and 
rcplacing 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-interface functions and convert the initial sequence from 
whatever domain-specific nOl.1tion is being used into a sequence of 

Initial Sequence Model Space 

Search modelTransform by applying 

space to developadding attributes. 

a parameterized segmenting. 

modelspliUIng, lind 

blocking operations 

Evaluate r-.lling 

candidate rules 

Figure 6-1: 'lbe Model-fitting Approach 

Figure 6-2: The knowledge ring architecture 
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VL22 events. The inner-most ring perfonns the modeHiuing 
functions. Il expects the data to be properly transformed so that the 
dam have the SlIme fonn as the models to which they arc to be fitled. 
The intervening rings conduct the simultancous processes of 
developing a properly parameterized model and transfonning the 
input sequence into an appropriate fonn. 

The intervening rings also evaluate the rules discovered by the 
inner-most ring using the knowledge available in each ring. 

6.3. The Program SPARe (ELEUSIS version) 
SPARC (Sequential PAttem 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 the program. called SPARC/f, tailored specifically to the 
problem of rule discovery in the game Eleusis. SPARC is made up of 
five rings, as shown in Figure 6-2. 111is section describes the functions 
of each ring in the SPARCIE version of the program. To illustrate 
thesc ring functions, we use the Eleusis layout 5hown in Figure 6-3. 
Recall that in an Elcusis 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: 3H as 4C JO 2C 100 8H 7H ZC 
Side 11nea: JO AN AS 10H 

50 8H lOS 
QO 

Figure 6-3: Sample Eleusis Layout 

6.3.1. Ring 5: User Inter'ace 
Ring 5, the outer-most ring. provides a user interface to the 

program. It executes user's commands for playing the card game 
EJeusis. as well as commands for controlling the search, data 
transformation, generalil.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 transfonnation to 

convert the Eleusis layout into a sequence of V1.22 events. This 
involves creating derived attributes that make explicit certain 
commonly known characteristics of playing cards that are Utely to be 
used in an Eleusis rule: COLOR, PARITY, FACED versus NON·FACED 
cards. and so on. Figure 6'" shows the layoUl 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 seqnence-generating 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 Elcusis·independent ring. It applies the 

segmenting transformatinn to the sequence supplied by Ring 4. In the 
present inlplcmentation. the end points of each segment are 
detcnnined 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 ~ 

VL22 event positive or 
negative 

[rank(cardl)-3][su1t(cardl)-H] 
[parity(cardl)·odd][color(cardl)·red] 
[pr1.e(cardl)-N][faced{cardl)·Y] + 

[rank(card2)-0][lu1t(cardZ)-S] 
[par1ty(card2)·odd][color(card2)ublack] 
[pr1.e(card2)aN][faced(card2)-N] + 

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

[rank(card3)·5][su1t(card3).0] 
[par1ty(card3)·odd][color(card3)ared] 
[pr1me(card3)-N][faced(card3).Y] ­

[rank(card3)a4][su1t(cara3)-C] 
[par1ty(card3)-even][color(card3)-black] 
[pr1me(card3).N][faced(card3)-N] + 

[rank(card4)-J][su1t(card4)-0] 
[par1ty(card4)-odd][color(card4)-red] 
[pr1.e(card4)-Y][faced(card4)·Y] + 

etc. 

Figlile 6-4: Derived layout after Ring 4 processing. 

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

(rank(car~)= rank(cardi-l)] 
(rank(cardj)= rank(cardj-l)+ 1] 

(color(c,ard j) = color( cardi-l») 
(suit(cardi)=suit(card....1» 

(parity(card.):: parity(cardi-l») 

Other techniques for perfonning segmentation, such lIS providing a 
predicate that becomes TRUE at a segment boundary (sec seetinn 
4.2.2), are not inlplemented in SPARC/E. 

Ring 3 searches the space of possible segmentations using two 
search p~ning 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. In is 
more than half of the number of objects in the original sequence, the 
segmentation is also discarded because in this case many segments 
contain only one original objecL Segmented sequences that survive 
these two pruning heuristics are passed on to Ring 2 for further 
processing. 

One segmentation that Ring 3 always performs is the "null" 
segmentation-that is. it always passes the unsegmentcd sequence 
directly to the inner rings. Figure 6-1shows a sample layout and the 
resulting derived layout after segmentation using the segmentation 
condition: [su1t(cardi)·su1t(card1+1)]. The derived 
objects (segments) are denoted by variables strinlj. The negative 
event [au1t( string2) ·O][color( str1ngZ)-red] 
[length(string2).3] isobtainedfromthesegment<&D ZO 40). 

SPARCIE derives the descriptors COLOR, SUIT, and LENGTIf to' 
describe each derived object. The choice of which descriptors to 
derive involves three steps. First, LENGTIf is derived whenever the 
segmentation transfonDation is applied. Second, any descriptor that is 
teSted in the segmentation predicate (ill this case, SUIT) is also derived. 
Third. any descriptor is derived whose value can be proved to be the 
same for all cards in each SC!,l1lCnL In this case, COLOR is derived 
because, ifSUIT is a constant, then COLOR is also a constanL Using this 



Th~ layout: 

3H 60 
5S 

ZO 7C 
40 

AC 
AH 
7S 

9C JH 6H 8H QH KS 

The derived soquence: 

description of 
derived object 

positive or 
negative 

[Suit(str1ngl)mH][color(str1ng1)-red] 
[length(str1ng1)-1] + 

[su1t(stringZ)=O][color(stringZ)-red] 
(length(str1ngZ)-Z] + 

[su1t(str1ngl)-0][color(stringl)-red] 
(length(str1ngZ)-3] 

(suit(str1ng3)·C](color(str1ng3)-black] 
[length(str1ng3)-3] + 

[suit(string4)-H](color(str1ng4)-red] 
[length(string4)-4] + 

Figure 6-5: Sample layout and segmented sequence. 

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

[length(str1ng1)-length(string1-1)+1] 

111at is, the LENGTH of each segment of constant SUIT (in the main 
line) increases by l. 

6.3.4. Ring 2: Parameterizing the Models 
Ring 7. sean:hes the space of parameterir.ations of the three basic 

models. Each model is considered in turn. For each model. Ring 2 
develops a set of derived events based on each allowed value of the 
lookback parameter. L and the number of phases PJlrameter. 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 decompositivn model with I. :::: 0, 1. or 2. and the 
periodic model with P :::: 1 or 2 and L :::: 0 or 1. 

Specifically. Ring 2 performs the following actions depending on 
which model is being parameterized: 

A. For the decnmpositiDII model with look back parameter L. Ring 2 
applies the blocking transformation to break the sequence received 
from Ring 3 into blocks of length L. After blocking. a\l 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 arc derived to 
represent the relationships between adjacent objects in the original 
sequencc. 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' .... qH' qj>' Let Fj
denote the selectors of object qj_j renamed so that they apply to br 
For example, F1 could be the selectors 
[suitt( b 1 )-H][rank1( b1 )a3]-selectors that originally 
referred to object qj_' Let d(F.FJr.) denote all of the difference 
selectors obtained by \'subtractini' event Fit from event E. and let 
s(F., Fk) denote all of the summation selectors obWned by 
"sJmming" events Fi and Ft. For example. d(Fo' FJ could include 
the selectors [d-su1t01(b1 )-l][d-rank01(b1 )--3] obtained 
from "subtracting" Fl from "0' 
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With these definitions. the derived events for the decomposition 
model have the form: 

Fl Ie. ••• Ie. FL => Fo &. d(F ' PI) Ie. ... Ie. d(F • FL)&o o
s(Fo' F1) Ie. ... & s(Fo' FL) 

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-titting process in Ring I. 

B. For the DNF model with lookback parameter L. the sequence 
derived in Ring 1 is blocked in a very similar manner. except that only 
the selectors describing qj arc retained in the description of block b .. 
The derived events have the following form: I 

Fo Ie. d(Fo' F1) Ie. ... Ie. d(F ' FL) Ie. s(ro'F1) Ie. ... s(FO' FL)o

These events are very specific conjuncts that arc passed to the A q 

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

C. For the periodic model with period length P and lookback L, 
Ring 2 performs a splitting transformalion 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 oflength L+ 1. The derived events have the same form as the 
events derived for the DNF modlll. Note that because dle blocking 
occurs after the splitting. the look back 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 titting to a decomposition model with L:::.:: 1. 

6.3.5. Ring 1: The basic model-fitting algorithms 
Ring 1 consists of three separate model·titting algorithms: the A q 

algorithm. the decomposition algorithm and the periodic algorithm. 

The Aq algorithm [Michalski and Kulpa, 1971) is used to tit the 
DNF model to the data. Aq attempts to tind 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 maximal1y·general conjunctive expressions 
consistent with all of the negative examples is computed. 111i5 set is 

[rank1(bl)-3](suitl(bl)aH] 
[parity1(bl)·odd][colorl(bl)-red] 
[pr1me1(b2)-Y](facedl(bl)-N] -) 

[rankO(bl)a9][su1tO(bZ)-S][parityO(bl)-odd] 
[colorO(bl)-black][primeO(bl)-N] 
[facedO(bl)-N][d-rank01(bl)-+6] 
(d-su1t01(b2)-+1][d-par1ty01(bl)-N] 
[d-color01(bl)-Y][d-pr1me01(bl)-Y] 
[d-faced01(b2)-Y][s-rank01(b2)-1l] + 

[rank1(b3)a9](su1t1(b3)aS] 
[parity1(b3)-odd][color1(b3)-black] 
[pr1me1(b3)-N][faced1(b3)aN] -) 

[rankO(b3)-J][suitO(b3)-D][par1tyO(b3)-odd] 
(colorO(b3)-red][pr1meO(b3)-Y] 
(facedO(b3)-Y)(d-rankOl(b3)-+2] 
(d-su1t01(b3)-+l](d-par1ty01(b3)-N] 
[d-color01(b3).Y][d-primeOl(b3)-Y] 
(d-faced01(b3)-Y][s-rankOl(b3)-lO] 

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

decomposition L =1. 
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called a star, and it is equivalent to the G-set in Mitchell's [1978] 
version sl)aCe applOach. One element from this star is chosen to be a 
conjunct in the output DNF description, and all positive examples 
covered by it arc removed 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 
conjullctive terms is found. If the stars are computed without any 
pruning, then 1\q can provide a tight bound on the number of 
conjuncts tllat would appear in the optimal DNF description with 
fewest conjunctive terms. ~ 

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

[color(cardi-1)-black] -> [parity(cardi)-odd] V 
[color(cardi-1)-red] -> [parity(cardi)-even] 

decomposes on COLOR. Hence. COLOR is the single decomposition 
attlibute. 

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

decompositionattr1butes := {} 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 decomposit1onattr1butes 

end 

The process of generating a trial decomposition takes place in two 
steps. First, a VL22 conjunction is formed for each possible value of 
the decomposition attlibute. All positive events that have the same 
value of the decomposition attlibute on their left-hand sides are 
merged together to form a single conjunction of selectors. This VUl 
conjunction forms the right-hand side of a single clause in the 
decomposition rule. Within this conjunction, a selector is created for 
each attlibute 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 1 for the sample layout in Figure 6-3. the 
d~:omposition a1goridlm generates the trial decomposition shown in 
Figure 6-7 for the PARITY(cardi-l) attlibutc. 

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 mergill8 
all of the positive events for which [par1ty(card1-1)-Odd]. 
Tbere are four such events. The first selector in that conjunction. 
[rank( cardi )-9 v 4 v 2]. is obtained by forming the internal 
disjunction of the values of rank( card1) in each of the four events. 

The second step in forming a tria1 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. (Sec [Michalski, 1983] for a description of various rules 
ofgeneralization,) Corresponding attlibutes in the different clauses of 

[par1ty(cardi-1)-odd] ~> [rank(cardi)-9 v 4 v 2] 
[su1t(cardi)cS v C][par1ty(cardi)-even v odd] 
[color(card1)-blaCk][prime(cardi)-Y v N] 
[faced(card1)-N] 

[d-rank(cardi.cardi-1)-+6 v -5 v -7] 

[d-auit(card1.cardi-1)-1 v 2 v 3] 

[d-par1ty(card1.card1-1)-Y v N] 

[d-color(card1.card1-1)-Y v N] 

[d-pr1me(card1.cardi-1)-Y v N] 

[d-faced(cardi.card1-1)-Y v N] 

[s-rank(cardi.card1-1)-12 v 13 v 9] 


[par1ty(card1-1)-oven] -> 
[rank{card1)-J v 10 v 8 v 7] 
[auit(card1)-H v D][par1ty(card1)-even v odd] 
[color(cardi)-red][pr1me(card1)-Y v N] 
[faced(card1)-Y v N] 
[d-rank(card1.cardi-1)-7 v 8 v -2 v-I] 
[d-suit(cardi.cardi-1)-0 v 1] 
[d-par1ty(card1.cardi-1)~Y v N] 
[d-color(card1.card1-1)-Y v N] 
[d-prime(cardi.card1-1)-Y v N] 
[d-fftced(cardi.card1-1)-Y v N] 
[a-rank(cardi.card1-1)-16 v 12 v 18] 

Figure 6-7: Trial decomposition on the l'ARITY(card ) attribute
H 

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

[parity(card1-1)-Odd] -> 
[suit(cardi)-C v S][color(card1)-black] 

[par1ty(card1-1)-even] -> 
[suit(card1)-H v D][color(card1)-red] 

This is a very promising tlial decomposition. However, it has been 
developed using only positive evidence, and it bas 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 indced consistent with the negative evidence. 

After a tlial decomposition has been developed for each possible 
decomposition attribute. the best decomposition attribute is selected 
according to a heuristic attlibute-quality functional, The attlibute­
quality functional tests such things as the number of negative events 
covered by the tlial decomposition. the number of clauses with non­
nult right-hand sides, and the complexity of the tlial decomposition 
(defined as die number ofselectors that cannot be written widl a sill8le 
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 select a second attribute to add to the left-band sides of the 
if-then clauses. 'fbis has the effect of splitting each of die if-then 
clauses into several more if-then clauses. For example, if we first 
decomposed on PARITY(cardj-l) and then on FACED(cardi_!). we would 
obtain four if-then clauses of the form: 

[par1ty(card1-1)-odd][faced(cardi-1)-rJ] -> .,. 
[parity(card1-1)-odd][faced(card1-1)-Y] .) ••• 
[par1ty(cardi-1)-even][faced(card1-1)-N] -) ••• 
[par1ty(cardi-1)-8ven][faced(card1-1)-Y] -> .•• 

The periodic algorithm is nearly the same as the decomposition 
algorithm. For each ph~ of dIe peliod. it takes alt of the positive 
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events in that phase and combines them to fonn a single conjunct by 
forming the internal disjunction all of the value sets of corresponding 
Sell'Clors. Next, rules of generaliz1ltion arc applied to extend internal 
disjunctions and drop selectors. Finally, corresponding attributes in 
different phases are compared, and selectors whose values sets overlap 
arc dropped if this can be done without covering any negative 
examples. 

6.3.6. Evaluating the NDP rules 
Once Ring 1 has instantiated the parameterized models to produce 

a set of rules, tire rules arc passed back through the concentric rings of 
the program. l~.ach ring evaluates the rules according to plausibility 
criteria based on knowledge available in that ring. Ring 2, for 
example, checks to sec 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 sec 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 
arc: 

L Prefer rules with intennediate degree of complexity. In 

FJeusis, O<:cam's Razor does not always apply. The dealer 

is unlikely to choose a rule that is extremely simple.. 

because it would be too easy to discover. Very complex 

rules will not be discovered by anyone, and, since the rules 

of the game discourage such an outcome, the dealer is not 

likely to choose such complex rules either. 

2. Prefer rules with an intennediate degree of non­

detenninism. Rules with a low degree ofnon-detenninism 

lead to many incorrect plays, thus rendering chem 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. 111e 
remaining rules arc returned to Ring 5 where they arc printed for the 
tlSer. 

7. Examples of Program Execution 
In L11is section, we present some example Eleusis games and the 

corresponding sequence' generating laws that were discovered by 
SPARC/E. Each of these games was all actual game among people, 
and the rules arc presented as they were displayed by SPARC/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 Hearts and Diamonds; black for Clubs and 

Spades) 

• FACE (true ifcard is a faced. picture card. false otherwise) 

• PRIME (true ifcard has a prime rank, false otherwise) 

• Mom (the parity value of the card, 0 if card is even, 1 

otherwise) 

• MOD) (the rank of the card modulo 3) . 

• LENMOD2 (When SPI\RC/E segments the main sequence 

into derived subsequences, it computes the LENGTH of 

each of the suhsequences modulo 2) 

Three examples of the program execution are· 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 arc 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 adjaccnt values (e.g., 
[rank(card1 )-3 v 4 v 6], this is printed as 
[RANK( CARDI)"3 .• 6]. The computation times given are for an 
implementation in PASCAL on the CDC CYflER 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 10D JC AD 
Side lines: KD . 5S OD 

JH 

continued: 4H 8D 7C 9S 10C KS 2C lOS JS 
3S 9H OH 

6H AD 

The program only discovered one rule for this layout. precisely the 
rule 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)al]) 

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. CAROl refers to the loth card in the original 
sequence. STRINGI refers to the l·th string in the segmented 
sequence. SPARC/E discovered this rule as a degenerate periodic 
rule with a period length, P, of 1. Actually, L1le 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 TCquires the program to discover a fairly 

simple periodic rule. SPARC/E discovers three equivalent versions of 
it. 

Here is the layout: 

Ma1n line: JC 
Side lines: KC 

40 
6S 
7S 

OH 3S 00 9H 
4S 

OC 7H 
10D 

OD 

continued: 9D QC 3H KH 4C KD ac JD 80 

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 "PHASES: 0 
DECOMPOSITION MODEL 

[FACE(CAROI-l)-FALSE] .) 
[RANK(CARDI)~JACK] 
[RANK(CARDI»RAIIK(CARDI-l)] 
[FACE(CARDI)-TRUE] V 

[FACE(CAROI-l)=TRUE] -) 
[RAIIK(CARDI)-3 •• 9] 
[RAfIK( CAROl )<RANK(CARDI-l)] 
[FACE(CARDI) -FALSE] 

RULE 2: LOOKDACK: 1 NPHASES: 1 PERIODIC MODEL 

PERIOO([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)-TRUf]. 

[RANK(CARDI)-3 •• 9] 
[RANK(CARDI)y-RANK(CARDI-l)+6 •• 14] 
[FACE(CARDI)-FALSE]) 

Rule 1 is a decomposition rule with a lookback of 1. Rule 2 
expresses the rule as a single conjunction. lbis is possible because 
FACE versus NON....ACE is a binary condition. and there are precisely 
two phases to the rule. Rule 3 expresses the rule in the "natural" way 
as a periodic rule of length 2. 

Notice that, although the program has the gist of lhc rule. it has 
discovered a number of redundant conditions. For example. in rule 1, 
the program did not use knowledge of lhc fact that 
[rank(cardi)~jack] implies [tace(cardi)-true]. and 
therefore, it did not remove the fonner selector. Similarly, because of 
the interaction of the two conditions, 
[rank(cardf»rank(card1-1)] is completely redundant. 
SPARC/E already has enough background knowledge about the 
meanings of its attributes tu support these inferences. Additional 
routines need to- be written to actually perfonn them (as is done in the 
INDUCE·2 program-see (Michalsk~ 1983D. 

7.3. Example 3 
111e third example shows the upper limits of the program's abilities. 

During this game. only one of the human players even got close to 
gucs.~ing the rule. yet the program discovers 3 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 ac JS 2C 6S AC 6S 10H 
Side 	linea: 7C 6S KC AH 6C AS 


JH 7H 3H ItO 

4C 2C OS 

lOS 7S 

8H 6D 

AD 6H 

2D 4C 


The program produced the following rules aner 6.S seconds: 


RULE 1: lOOKBACK: 1 NPHASES: 0 DNF MODEL 


[RANK(CARDI)~5][SUIT(CARDI)-SUIT(CARDI-l)+1] V 
[RANK(CARDI)~6][SUIT(CARDI)-SUIT(CARDI-l)+3] 

RULE 2: LOOKBACK: 1 NPHASES: 1 PERIODIC MODEL 

PERIOD([RANK(CARDI).RANK(CARDI';1)-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.a.l0] - . 
[RANK(CARDI)--RANK(CARDI-l)+1.8.9.10]. 

[RANK(CARDI)-o •• JACK][SUIT(CARDI)-SPADES] 
[RANK(CARDI)-RANK(CARDI-l)+-O •• 6] 
[RANK(CARDI)--RANK(CARDI-l)+8 •• 14] 
[SUIT(CARDI)-SUIT(CARDI-l)+O •• 2] 
[COLOR(CARDI)-BLACK][PRIME(CARDI)-PTRUE] 
[PRIME(CARDI)·PRIME(CARDI-l)] 
[MOD2(CARDI)-1][MOD2(CARDI)-MOD2(CARDI-l)+O] 
[MOD2(CARDI)--MOD2(CARDI-l)+O][MOD3(CARDI)-2] 
[NOD3(CARDI)-MOD3(CARDI-l)+O] 
[NOD3(CARDI)--MOD3(CARDI-l)+1]) 

lbe 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)] 

There is a strong symmetry in this rule: the players may either play 

a higher card in the next "higher" suit (recall that the suits are 

cyclically ordered) or a lower card in the next "lower" suit. The 

program discovered a slightly Simpler version of Ihe lule (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. 


111e other two rules discovered by the program are very poor. They 
are typical of the kinds of rules thaI the program discovers when the 
model docs not fit the data very well. Both rules are tilled with 
irrelevant descriptors and values. The current program has very lillie 
ability to a.~ess how well a model tits the data. These rules should not 
be printed by the program since they are highly implausible. 

8. Summary 
We have presented here a methodology for discovering scQuence­

generating rules for the nondetenninistic prediction problem. The 
main ideas behind this methodology are 

1. the use of task-oriented transfonnations of the initial data 

and 

2. the use of different rule models to guide the search for 
sequence-generating rules. 

Four different taSk-oriented transfonnations (adding attributes, 
blocking. splitting into phases. and segmenting) and three models 
(DNF. periodic, and decomposition) have been presented. 

The main pan of the methodology has been implemented in the' 
program SPARC/E and applied [0 the NDP problem that arises in the 
card game Eleusis. 111e perfonnance of the program indicates that it 
can discover quite complex and interesting rules. 

This methodology is Quite general and can be applied to other 
nondetcnninistic prediction problems in which the objects in the 
initial scquence arc describable by a small set of finite-valued 
attributes. The main strengths of the method are (a) that it can solve 

http:RANK(CARDI)--RANK(CARDI-l)+1.8.9.10
http:PERIOD([RANK(CARDI)-ACE.2.a.l0
http:RANK(CAROI)--RANK(CARDI-l)+4.6.7.11.13.17
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!.:arni;'g prohlo.!lTls in which the initial t!'aining inst.1nccs require 
SlIb,WlIlial t,,~k-oriented tran~formation aud (b) that it can search very 
iarge :;p.II;es of possible ru'c~ using a set of rule models for gUid.1nce. 

MatlY aspects of this lTlethodology remain to be investigated. We 
haVe not r.ollsidered NDP problems in which (a) Ihe training instances 
arc noisy, (b) the training instances have internal structure so Ihat an 
attrihutc vector reprcsentation cannot be used, and (c) the ~qllence­
gcnef:l(ing rules arc permitted to have exceptions. Application of Ihis 
methodology to real world problems will probably also require the 
de\"elopmellt 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 oflhe melhodology in program SPARC/E has 
demonstrated that the method can be lIsed to discover many Eleusis 
secret rules. 'Ibere arc some shortcomings of the implementation. 
however. 'Ibe program presently conducts a nearly exhaustive dcplh­
first search of the possible models and transformations. Much could 
be gained by having Ihe program conduct a best-first heuristically­
guided search instead. Another weakness of SPARC/E is its poor 
ability to evaluate Ihe plausibility oflhe rules it discovers. It is also not 
able to simplify rules by removing redundant selectors, nor is it able to 
estimate the degree of nondcterminism of the rule. 80th of these can 
be implemented without too much dilliculty by including inference 
routines thJt make more complete use of the background knowledge 
already available to the program. Finally. an important weakness or 
the program is it~ inability to form c0mposite modelS. SPARC/E is 
not presently able to handle the NDP problem shown in Fi~\Ire 1. 
because it involves a periodic mle in which one of Ihe phases contains 
an imbedded periodiC sequence (see section 5.3). 

In addition to Ihese specific problems, Ihere are some more general 
prublems that further researeh in the area of sequence-generating laws 
should address. First, in some real world problems, Ihere arc several 
example sequences available for which the sequence-generating law is 
believed to be the same. Such problems occur, in particular, in 
describing tlle process of disease development in medicine and 
agriculture. A specific problem of this type tllat has been partially 
invc$tigated involves predicting Ihe time course of cutworm 
infestation in a cornfield and estimating the potential damage to the 
crop (sec [Davis, 19811, [Baim, 19831. and (Boulanger. 1983]). In this 
problem. several sequences of obscf\"ations are available-one for 
each field-and there is a need to develop a sequence-generating law 
lhal predkt~ all of these sequences. 

A second general problem tor further research is to handle 
continuOliS processes. AI research has so far given little attention to 
this case. 
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APPENDIX 

Notational conventions 

The following notational. conventions are cmployed in Ihis paper. 
In gencral. lowcrcase letters 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, and so on (Q. F, S) 
as well as parameters of models lind transformations (L. Pl. Small 
capitals denote attributes (COI.OR. RANK) and their values (RED, 
KINO). 

o 	 Angle brack.ets denote sequences of objects, e.g., <2 
4 6 8> and also periodic rules, e.g., 
<[color(qi)= redl,[color(qi)= black]>. 

nle i-dl object in an input S\.'quence. 

'Ibe j-Ih object in a dcrived sequence. 

An object that constitutes an incorrect extension of 
dlc sequence after object ~. 

The i-Ih block in a sequence 
blocking transformation. 

derived by the 

The i-th phase 
transrormation. 

derivcd· by the splittillg 

F 'fbc starting set ofattributes for a transfonnation. 

S lbe starting set ofsequences fhr a transformation. 

Q lbe starting set of objl.'Cts for a transformation. 

F 1be set of derived auributes from a transformation. 

S' The set of derived sequences from a transformation. 

The set of derived objects from a transformation. 

The set of selectors describing object qi-j in block br 
The sequence-generating function tbat maps a 
sequenec into a set of objects Q k ~ 1 th:!t can appear 
!IS continuations of the sequence. 

The set or objects that can appear as continuations 

ofthe sequence <qt' ql' .-. 'lie>. 
p TIle number of phases parameter of to'le spUuing 

transformati9n and the periodic model. 

L The lookback parameter of the blocking 
transformation lind all three models. 

[f.(qj)::;r • ..J or ['1 (qj)·..kJ 
A simple selector. which asserts that feature fj of 
object qj has the value ft. 

..2 V ..3J 
A selectOf containing an internal disjunction. It 
asserts that ~ can have the value rt or r2 or r 3' 

The d prefix on an attribute name indicates that it 
is a difference attribute. Hence,. D-RANK(qj,qH) is 
equal to RANK(qt) - RANK(qH)' 

The I prefix on an attribute name indicates that it 
is a summation attribute. Hence, S'RANK(qj,qH) is 
equal to RANK(qj) -+- RANJC(qH)' 

The set of difference se\cctors obtained by 
"subtracting" selectors F from Fi.j 

The set of summation se\cctors obtained by 
u"adding" selectors Fj and Fj' 

Logical implication. 

I 

[f1(qj)·..1 v 

d prefix 

I prefix 
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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 
mskes 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 

Australia 

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 tske the form of decision trees 
that examine an object's values of some attribu~ 
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 experiments 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, Al•••• An. If attribute A 
were tested, 5 would be partitioned into subsets 
51, 52, ••• 5n so that Si contained all objects 
from S with value Ai of A. The expected informa­
tion requirement for a classification rule of this 
form can be expressed as 

n 
B(S,A) • E Wi • K(Si) 

i-i 

wbeu the. weight Wi is the proportion of the 
objects iOn 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 errors "compli­
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, esch lesf 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 ar& 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(S) "B(S.A) for all attributes A. 
the decision tree for 5 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 5i of S whose objects have the 
itb value of the selected attribute A. 

Althougb it looks reasonable, this approach 
leads to nonsenaically large decision trees. To 
illustrate the problem. let S be a training set 
containing objects of botb 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 K(S) and it will appear that testing 
attribute A is worthwhile. 

The obvious expedient of requiring that 
B(S,A) be less then M(S) - b for some tbresbbold 
b does circumvent the problem. This introduces 
anotber complication, tbough, because values of 
b large enough to prevent irrelevant attributes 
being tested also manage to exclude useful tests. 
As a result, using a thresbbold cauaes tbe proce­
dure to generate trees that make more classifica­
tion errors than previously when the training set 
containa no noise. 

The solution to this problem comes from the 
chi-square test for statistical independence. 
Conaider again a set 5 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'litc] that we would expect to find is 
given by 

T'[i,c] .. T[ i,*] • T[ *,c] I m 

where * denotes summation over a parameter, e.g. 
T[i,*] is T[itO] + T[i,l). Then the statistic 

n 1 
1; 1; (T[i,c] - T'li,cl )2 I T'[i,cl 

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 that 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 Tt, 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. 

TIlE 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 avera'ge 
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 
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Figure 1. Classification error as a function of 
noise: attributes 2, 32, and averaqe 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 fro. the 
data, so preventing its use in the decision tree. 
Under this definition the importance of attribute 
2 is 8.0 percent, attribute 32 is 0 (since it is 
redundant), and the average of aU 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 _xi-. 
error observed at any noise level. the three 
cases seu to fit a single curve as deaonstrated 
by Figure 2. 
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Fiqure 2. Normalized error for sinqle-attribute 
noise (Bxpt. 1) 

When noise is used to corrupt' the ciass info­
rmation in the training set. quite a different 
picture emerges. If class is treated as another 
attribute. its importance would necesaarily be 
50 percent for every two-class classification 
task. ('ftlis is because. if the class information 
in the training set is replaced by a Tando. vari ­
able, the resulting classification rule would also 
be rando. and so would be expected to be correct 
half the time.) Figure 3 shows experimental 
agreement with this result, but also d..:lnatrates 
clearly that the degradation varies nearly 

• 


Noise(') 
Pigure 3. Classification error from noise in 
cl88s inforaation (Bxpt. 1) 

linearly with noise in the clas. information. 

Figure 4 shows the effect of noise applied 
s11llultaneoualy to all attributes. Notice that the 
error does not tend to SO percent. It might see. 
that. if the description of all objects was rand­
o., we would get the s_ result as destroying 
class information. But in this case the training 
set still contains class frequency information 

20 40 60 80 100 

Hoise(') 

PiCJU.re 4. ClaSsification error frOll noi" in 
all attributes siaul.taneously (1Ixpt. 1) 
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which will be reflected in the resulting decision 
tree. Since 74 percent of the 551 objects belong 
to class I, 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, Le. 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 average 
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 
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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 
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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 experiments and correspond­
ingly poor curve fits. The effect of noise on 
attribute 2 again produced the higbest degradation, 
with a peak value of 21 percent. The results of 
noise on the average single attribute. all attri ­
butes together. 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 membership 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. 
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Fiqure 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 S. If the 
noise in the average attribute is greater than 
4S 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 
gives no indication of the noise to be expected 
in practice. Even with the lower levels of noise, 
the performance 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 



64 

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 the classificationaccur­
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 ~mpirical. 
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 Sys­
tems Report (Moto-oka. 1982). setting out tbe 
explicit goal of dominating information tech­
nology world-wide. has brought. home to countries 
further advanced in most of theae skills than tba 
Japanese how easentially frasile 18 their lead. 

This paper advances aOllle propositions which 
are in danger of being overlooked as we rush into 
action. 

PAIlT I: SEVEN PROPOSITIONS 

It is coavenient to list the following prop­
ositions concerning Intelligent Knowledge Based 
Systems (IDS). 

Proposition I. 

With the possible exception of UDage-process­
ing. VLSI research is relevant to IDS only in so 
far as VLSI design-automation offers to IIBS an 
interesting and. important application area. 

Proposition 2. 

Novel architectures are usually conceived as 
departing in kind. frail the von NeUlllllIUl scheme. 
But even quantitative shifts of emphasis (e.g. 
towards very large cheap maaories) 1liiY introduce 
qualitatively new issues. 

Proposition 3. 

Proposition 4. 

Language debates have so far ignored IIBS' 
most pressing requirement. namely a means of gen­
erating progr... that are analysable aDd execut­
able by IIIIICbine aDd hUIIIIln brain alike. 

Proposition 5. 

For every feasibly caaputable function it is 
often assumed that a compact specification in some 
form of logical language is always what the pro­
gram-writer (bUIIIIln or IIIIIchine) really needs. But 
it is somett.es possible to generate an extension­
al specification which offers him/it an endre new 
fty of proceeding. 

Proposition §. 

Automating the construction of knowledge­

bases is pre-requisite to the viability of any 

future lKBS iDdustry. Feasibility of computer 

iDduction has been shown in more than one labor­

atory. Vilorous follow-up is iDdicated. 


Propodtion 7. 

IDS will fiDd itself eDd-stopped unless 

IIIIIcbine-executable concept-deacription languages 

are implemented and. made available. based on a 

new view of prograadng: the Principle of Sym­

IDetrx. 


We t'IOW venture a (limited) definition of 

lKBS: 


"Intelligent Itnowledge-based systau are 
capable of improving their own Itnowledle 
bases via precept. eDIIIIIle and discovery." 

Aa a human counterpart for the IIBS we sel ­
ect the apprentice. - an abnormally articulate 
one. able to expound. the ..ster's teaching. once 
assiailated. better than the ..ster can. 

PART 2: INDUCTIVE LEARNING 

A nuaber of computer programs have been dev­
eloped which "learn" by generating rules from ex­
aples. i.lII. by iDduction (Michalski aDd Chilaua­
ky. 1980; Quinlan. 1979, 1982; Shapiro aDd Nib­
lett. 1982; Niblett aDd Paterson. 1982; aDd papers 
in MiChalski, Carbonell and Mitchell, 1983). 

The distinction between languages aDd rela­ Aa a result of a long-established aDd sus­
tional database systems is becoming artificial. tained interest in ..chine learning (see the CoII­

http:somett.es
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puter Journat, Michie, 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 classif ication task. These are known 
as "primitive attributes". The last field is en­
tered with the name of the decision 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 class1fy 
new ~est examples. Whenever a new example is 
found which refutes the current rule, ACLS can be 
asked to restructure the rule so as to acconmod­
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 ruleit 
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 conment: "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: 

(1) 	 the possibility that a learning program, such 
as the one described above, can be used to 
extend the mental grasp of the human user; 

(2) 	 the use of the machine-synthesised programs 
as instructional texts; 

(3) 	 measurement of the "knowledge" (see later) 
contained in machine-synthesised programs; 

(4) 	 development of a human-intelligible "con~ept 
description language" as a mandatory veh1cle 
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 co~tr~lled 
experiments are less possible, so that 1t 1S de­
sirable that knowledge enhancement in the context 
of chess be looked at before use of this powerful, 
but as yet poorly understood, 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 writina 
programs to fall into category (5). or. more pre­
cisely, that sub-category 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 mem­
ory-sparing to be understood and sufficiently 
processor-sparing to be hand checkable. They lie 
within the human window. 

Can machine optimality be combined with brain­
feasibility? This is determined in each case 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. 

"SuEer=programs" 

Recent results have shown that programs con­
structed by systems such as Quinlan's ID3 can be, 
in one sense, "super-programs" alld at the same 
time quite incomprehensible to people.' By a super­
program we mean one that is 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 algoritbaic approach. The secoDd 
was the fastest pattern-coded solution which J.R. 
Quinlan. author of ID3 aDd a180 an outBtalldina pro­
grlllSer, could achieve after many montha 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 usina the original primitive attrib­
utes. thamaelves 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 
VMrSUS King and Rook (Pawn on a7), generating a 
complete alld 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
tory~eory 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 VAl-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 

Cl...1f1cat1oa CPU time 
..tbocl (••ee) 

Minimax search 265.0 

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 eDdina kina and knight v. kina 
alld rook. 

Lower part compares run-time perform­
atlCe of two haDd-made and one machine­
r,rntbesised recogniser. 

(from Quinlan, 1982) 
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PART 3: A KNOWLEDGE REFINERY 

Expert systems now have commercial promise. 
surprisingly in view of the limitations 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 fi.rst 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 correr.t, unlike grandmaster codifications 
which turn 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 some 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 
scientis t, Harry Pople (Pople et aI •• 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, AQII, 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 at., 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. 

Lymphatic cancers 

In the differential diagnosis of lymphatic 
cancers Ivan Bratko successfully used an Edinburgh 
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learning program derived from Roas Quinlan' a ID3, 
which was in turn based on Earl Hunt' a CLS (Con­
cept Learning Syatem) developed in the 1960' a. The 
Edinburgh program waa developed uaing the domain 
of chess. Strategies for chaaa end-gamea were 
conveyed by examples. The resulting correct and. 
complete theory of King and Pawn againat King ia 
itself of intereat to chess ma.ters. 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 a. if he 
were a clinical expert, although knowing nothing 
about medicine (Bratko and Mulec. 1980). 

Requirement. for a refinery 

What are the necessary ingredients for know­
ledge refining? 

(I) 	 Knowledge-engineering software: i.e. "advice 
languages", "inference engine." (that part of 
an expert system able to make inferences from 
data supplied. and to retrace and display the 
lines of reasoning). and "induction modules" 
(that part of an expert system able to gener­
ate rules from exaaple.). 

(2) 	 A good development envirODlllent. e.g. UNIX or 

INTERLISP. 


(3) 	 Trained knowledge engineers familiar with the 
above material. 

(4) 	 One or more expert.. Even with inductive 

knowledge generation automated to the limit 

of current technique. an expert i ••till 

needed to choose the repertoire of primitive 

mea.urements or attributes to evaluate as 

relevant to the given problem domain. 


Originally designed to deliver interactive 
advice, it now appears that expert system. have a 
by-prodUct which i. even more important - the fin­
i.hed knowledge-ba.e itself. 

To recapitulate, expert sy.tems can be u.ed: 

to get knowledge into the machine 

to test it 

to debug it 

- to fill gap. 

- to dtend it 

to modify it 

and finally 

- to put the knowledge back into human 
hands in improved form. 

Thu•• the po.sibility now exi.t•. of .uper.ed­
ing (as the automobile ha••uper.eded the horse) a 
craft which has been going on for thousand. of 
years - namely, the writing of mauual. and texta 
on how to do thing•• 
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EXPERT rules. and runs the cases in theABSTRACT 
data base against the resul.ting model.Learning teclmiques are frequen t1y de­

emphasized 'in b.li1ding expert systems 
When disagreements between the expert'sbecause it is assumed that a human expert 
conc1usions and those of the trodel arewi11 provide the know1edge base. Yet. 
detected by SEEK. it suggests as set ofrare1y are such know1edge bases comp1ete experiments that can be carried out toor accurate. an::1 much testing and refine­
trod ify the trode1' s rules that have thement is needed before expert performance 
potential of improving performance. Thesecan be achieVed. A data base of prob1em­
experiments usuall.y consists of suggestionsso1ving examp1es with independent1y vaH­
to genera1ize or specia1ize the logical.dated conc1usions can be very usefu1 to a 
scope of a rul.e or group of rul.es. Rathera) induce reasoning ru1es using partia1 
than carry out these experiments automa­know1edge of causa1 an::1 hierarchica1 re1a­
ticall.y, SEEk presents the model. designertionships atrong data and hypotheses. and 
wi th a ranking of the experiments. andb) suggest improvements (genera1izations 
the designer must interact with the systemor specia1izations) in the ru1es provided 
to make the fina1 choice. The experimentsby the human expert. Two such systems have 
are generated by ru1e refinement heuristicsbeen deve10ped to help cnnstruct and 
whiCh make use of the performance of therefine ru1es for the EXPERT cnnsu1tation 
prototype reasoning trode1 to instantiatescheme. They have been succesB'f'lll11Y'used 
specific advice on the trodification ofto construct and va1idate know1edge bases 
predicates or uncertainty levels in thein severa1 medica1 domains. 
rules. Experiments are typical.1y tried out 
on an incremental basis. trodifying one rule 
or a s~t of related rules at a time. andSEEK a A System for EmpiriCa1 
compar1ng the new with the previous per­Experimentation wi th Expert 
formance. Because the overal.l performanceKnow1edge 
of a trodel. depends on the interaction of 
many rules. modification of a few of themExpert know1edge for so1ving cnmp1ex 
will onl.y change part of any faultymedica1 consu1tation problems 
resul.ts. so various heuristics in SEEKchanges frequent1y as new advances in 
have been developed to propose and eva1uatec1inica1 researCh appear. and as practica1 
the priority of the di~~erent specializa­experience with the management of diseases 
tions and generalizations based on expectedis accumu1ated. Jus t as the human expert 
improvements in performance.must keep up-to-date wi thin a spec:til.:Lty, 

so must any of the expert sytems that we 
Once an experiment has been selected anddeve10p. We have designed the SEEK system 
carried out, SBBK gives fUrther advice on[1,2.3) to enabl. e the bui1der of an expert 
hoy to re~ine the lUles. '!be designer villconsu1tation trode1 to quick1y and easi1y 
typical1y go through a sequence o~ experi­update and improve the performance of the 
aents be~ore settling on a ~inal stlUcturereasoning mode1. based on reSu1ts from 
~or the model. And even then, as new andmedica1 cases with wel1-estab1ished diagno­
lOre COliplex cases are incorporated wi thinstic and therapeutic end-points. 
the data base. SEEK can be used repeatedl.y 
to see i~ they warrant any changes in theSEEK prompts the trodel bui1der to enter 
reasoning rules.the description of reasoning ru1es in 

the form of a tabl.e. where each cnnc1usion 
Because EXPBR'l'IlIOdels are compiled. we arecan be defined in terms of classica1 medi­
able to run many experiments against quitecal terminology (major and minor findings. 
substantial data bases (many hundreds o~as we11 as necessary and exclusionary , 
cases). keeping all in comp,lter memry.requirements). Each concl.usion can have 
which is needed to carry out the kind o~levels of cnnfidence attached to it. such 
global performance assessment that we areas definite. probable or possibl.e. to 
doing. In the past year. SBBK has beenaccount for the uncertainties and ambigui­
tested vi th a large JenoY1edge base in theties in the reasoning. SEEK automatica11y 
area of rheumatolOgy developed by ourconverts the tab.l1ar description into 
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collaborators in rheumatology at the 
University of Missouri - Columbia (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 model. 

Knowledge-based Induction 
of Rules 

When the knowledge base designer lacks the 
time to construct 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 ani hypotheses) 
and their interrelationships (JlDstly 
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 wi th such a 
structure I in glaucoma and urheumatology. 
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 intermediate hypotheses. Competing 
ir;terpretations can PC! proposed by having 
dJ.fferent knowledge sources view the data 
as manifestations of different physiolO­
gical processes. A knowledge source has 
both declarative and procedural components. 
The d€<:larative part is a static relatio­
nal netw rk of elements, each of which 
represents a particular state of dysfunc­
tion. They are, observations JlDst closely 
attributable to a state; taxonomic links 
to subsystems J and causal rules linking 
one state to another. The procedural part 
consists of three functions I PBOR>SE, 
EXPECT and GOAL. The PROFUSE 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, with 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 instances which match the rule grapl
and a numerical evaluation function. . 

The 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 bl ack­
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 JlDre 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
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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 focuss:lng on an example object for the 
concept and forms hypotheses, which it tests by 
showing obj acts to the trainer and ask:lng 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 objects, 
relationships between objects, functions which 
transform objects, or any other predicate. 

Key Terms: Learn:lng, mach:lne learning, induction, 
artificial intelligence, predicate logic, 
automatic programming. 

1. INTRODUCTION 

When we characterize 1earn:lng 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 
desc ipt ion. 

3. There is a set of generalization rules for 
transforming states :Into new states. 

4. A strategy for us:lng t he set of examples as a 
guide to choose a useful sequence of 
transformations which leads one to the goal state. 

The prob1em·of learning is to search through the 
space with a sequence of generalizations until 
a path to the goal is found. Learn:lng systems 
such as LEX [Mitchell. 1982]. INDUCE [Michalski, 
1982] and HIS [Shapiro, 1981J have a fixed set of 
generalization rules. In prograns such as 
CONFUCIUS (Cohen, 1978] and HBrv:ln [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 
transformations operated on single sentences :In 
the state, :In our work the rules take the whole 
state into consideration. This mak.es for a 

significant difference :In the efficiency of the 
descriptiong 1esrned 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 genera1izat ion 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 descript ion language, 
indicating what kinds of expressions are more 
general than others. Thus, the designers of LEX 
have supplied it with a lot of background 
knowledge to enable it to lesrn 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 "biss" 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 enrichnent 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 
"subtr1g(x)". However, terms like sin(x)cos(x) can 
only be generalized to transc(x)cos{x). 
ain(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 
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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, add it ion is taught as a concept 
before multiplication 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 
sc ient ist (student) must deal with an ind iff erent 
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 diff iculties 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 seneraliza­
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 ~ 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 less 
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 specific 
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. 

When 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 
interpretat ion 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_alue (called "value" below). 

playing_card(X) <­

suit(X, S) & 

any suiteS) & 

val~e(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) • 

Marvin's memory is' a database of such clauses. 
Predicates are also used to describe objects. for 
example, 

auit(a. s) & 

atom(s, hearts) & 

value(a, v) & 

atom(v , queen) 


describes an object "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: 

Sl <- MI 

Sk'<: ~k 
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' .. C + o{Si} 

We treat atomic predicates in a conjunction as 
members of a set. "<-", "ir", "+" 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(CG) = en, representing the set of all predicates 
implied by co. 

If. in the original description of the object we 
replace "atom(s, hearts)" by the concept it 
implies Le. "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, 0, 

M .. oM' then we define a replacement operation 
which will create a new trisl, Ti+l, such that 

Ti+l .. Ti - M + oS 

T1+1 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) & 
playin&: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 
trisl, 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. 

Definition 4: If TO •• Tk is a sequence of trials 
such that T:tgeneralizes to T1+1 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 lib" refer to 
the same 0 bj 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+1, 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) bas not been replaced because it 
is still part of the description of "b". T1+1 is 
too general since the value of cal'd "a" is no 
longer related to value of cal'd "b". When an 
inconsistent generalization is pl'oduced. we must 
find a way of cl'eating another, more specific 
trial. 
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A geni:lralizatiDn 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. (I), 
"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 + SI 
and T2 - T - M2 + 82 
where Ml it M2 '" tI 

then Tl + T2 is a restriction of T1. 

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 T1+1, Marvin shows the trainer an 
instance of Ti+l. If the program can create an 
object which does not belong to the target then 
Ti+l is inconsistent. The obj ect will satisfy all 
the predicates in Ti+l but not satisfy any 
predicates in A(Ti) except those implied by Ti+l. 
Thus, "same value(a•.b)" must be false so that the 
equality of-values can be tested. 

Definition 7: Let Ti+lbe a generalization of Ti. 
Any obj ect which satisfies Ti+l but negates each 
element of A(Ti) - A(Ti+1) is called a crucisl 
object. If T:i.+l is inconsistent and T' i8 the 
target then no crucisl object of Ti+l satisfies 
the target. 

Let us now summarize Marvin's learning algoritbn: 

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: 
Let 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 t he replacement to obtain Ti+1. 
(see defn 3). 

- Try to "qualify" Ti+l. 
- Ti+1 cannot be qualified, abandon this 

general izat ion. 
- Repeat this procedure with the next operation in 

the list. 

To qualify a trial Ti+l: 
- Construct a crucisl object which staisfies T1+1 

but does not satisfy A(Ti) - A(Ti+l) (defn 7), 
- Ask trainer if obj ect satisfies target. If it 

does then Ti+1 has been qualified. 
- If not then restrict T1+1 to new trial Ti+2. 
- Try to qualify Ti+2. 

To restrict a trisl, Ti+l: 
- Search list of replacement operations for an 

S2 <- M2 such that HI it M2 '" tI. HI is the 
replacement for Ti, 

- Perform replacement on Ti+l to obtain the new 
trial Ti+2. (see defn 6). 

To construct an example from a trial, Ti+l: 
- 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(Ti+l), 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 Marvin has been able to learn. 


Since concepts are represented as Horn clauses in 
first order logic, they may be regarded as logic 
programs. Thus Marvin is able to perform as an 
automatic programming system as well as a learning 
system. 

Marvin has learned aritbnetic concepts, including 
representing nuabers as strings of bits, comparing 
those nuabers and adding them. Also in the domain 
of program synthesis, Marvin has learned what 
lists are, how to append lists. reverse them, and 
sort lists of nuabers using an insertion sort. 
Sorting requ:lred that the knowledge of nuabers and 
lists be combined so that the elements of the list 
could be compared. 

All of the programmin concepts above are 
disjunctive and recursive. To illustrate how such 
concepts are learned. consider the definition of a 
list of alphabetic characters. A list is either 
nil or an obj act which has a head (a letter) and Ii 
tail (a Ust). 

The learning algorithD 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 nil. 
The term "value(n, nil)" is an atomic predicate 
which has no interpretation. This will be stored 
in memory as: 

list(X) ~ value(X, nil). 

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, nil). 


Matching predicates in this example with the right 
hand sides of clauses stored in memory, the 
program will generalize "value(h, a)" to 
"letter(h)" and "value(t, nil)" to "list(t)", 

In a different domain, Marvin is capable of 
learning simple grammars, such as: 

S -!> NP VP 
NP -> Pnoun 
NP -!> DET NOUN 
Pnoun -> John 
Pnoun -!> Mary 
DET -!> a 
DET -> the 
NOUN -> apple 
NOUN ->giraffe 
VP -> IVERB 
VP -> rvERB NP 
IVERB -> sleeps 
IVERB -> dreams 
TVERB -!> dreams 
rvERB -> 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 
CHayes-Roth, 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, itA 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 physkal objects with 
the properties: orientation, shape, being on top 

of another object, 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. 
Th.ls, 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 obj ects 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 choke of learning strategy will 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 heuristks 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 wothwhile 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 s:lJnpl ify the learning task to "royal pair" 
rather than royal flush. Given the concepts we 
introduced earlier, Marvin could learn: 

royal-pair(X, Y) <­
play ing_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, 
l.e. it discovers a negative example such as: 

not(royal-pair(X, Y» <­
suit(X. SX) & 
atom(SX, hearts) & 
value(X, V) & 
atom(V, 10) & 
suit(Y. SY) & 
atom(SY, diamonds). 

Our problem now is to identify which generaliza­
tion 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 replaCElllent 
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 prElllise must be false, or at 
lesst must be qualified by additionsl 
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 roysl pair. If the negative 
example used the value, 10, then we may add the 
qualification that the cards must have the same 
value as long as it is not 10. E.g. 

royal-pair(X, Y) <­
playinLcard(X) & 
playinLcard(Y) & 
value(X, V) & 
value(Y, V) & 
not (atom(V • 10». 

Assuming less confidence in "any_value". we may 
decide that any reference to it in "royal"'psir" 
must be rElllOved. 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 generalized to a pair of any 
value. If the generalization "any. value" is 
then the program may return to a c:oncept with two 
disjuncts: "a pair of kings or a pair of queens". 
A furhter example involving a jack would add a 

third disjunct. 

Now we run into another problem. Will we allow an 
arbitrary number of disjuncts to be added when­
ever contradictions in the model occur? With some 
introspection, Marvin may see that disjuncts 
involving kings, queens and jacks are created 
often. Therefore, it might be worthwhile to create 
a new concept for them, thus eliminating some 
disjuncts. 

For example, if there are two clauses: 

W <- Q & R & S. 
W <- Q & R & P. 

then they may be rewritten as: 

W <- Q & R & SP. 
SP <- S. 
SP <- P. 

Throughout this discussion we have used very vague 
terms such as "confidence" and "it mll"y be 
worthwhile". This is because we are considering 
lesrning 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 experisnce. Thus. we propose 
that a system which learns by discovery must also 
leal'll "confidence 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. A more complex example would 
have been more convincing 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 initislly to describe obj ects, 
there is no assurance that the descriptions of 
object classes will rEIIISin conjunctive. The major 
difference between Marvin and many previously 
designed programs lies in the fact that it can 
handle disjunctions with 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 advantages 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 rEIIISins is to 
weed out the unnecessary predicates. An easy way 
of doing this, especially if these predicates are 
independent, is to creste test objects which 
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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 ir­
relevant. 

Things get somewhat complicated if the statements 
are not independent. But as long as the deacript­
ion remains conjunctive, the problems are not in­
surmountable, as our above discussion of Marvin 
has sh01oll. As a matter of fact, we have also s'lloa 
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 flexibilities 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 :1n­
itial thoughts about how one can try to keep mem­
ory hierarchical while trying to learn concepts 
without the help of a benevolent teacher. 
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ABSTRACT 

11 this paper we intend to show that learning 
is closely related to problems of generalization 
of expressi?ns and changes in description langua­
ge~. ~e clalm that one must use properties of des­
cr1pt~on.,:,ithout fCtrgettiq anything. during the ge­
ner~llz~tlon process. So the definition of gene­
railzatlon we propose here is the one used in classi­
cal logic. One the other hand the forgetting addon. 
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 change 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 fallure. 
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.I. 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 &Al. 81) since ~ 
own paper criticizes and refines the generalization 
concept used.by these authors. . 

The ideas more or less implicitely found in 
[Hayes-Roth a At. 78] and [Vere 81] are presented 
in a more systematic way and their consequences 
are analysed. Our main point is that generalizadon 
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

sentatlon 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 iave~on 
o~ the correct description language because it 
glves 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.~,*).(V,~).(*).(V.D») 
and S2·«V.~.*.D).(V.*).(~.+).(~.*». where SI is 
a set of examples and S2 a set of counter examjes. 

• The problem is : find a description of S 
whlCh excludes S~. The generalization algoritAm 
we shall use hasDeen 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.~.*) 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 ~. the third 
one to *. the fourth one to 0 and the fifth one 
to +. The representation of S and S becomes : 
SI-(AI-(I.I.l.0.0.).A2-(I.I,O!O,O.).13.(0.0.I.o.O). 
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A4-(l ,0,0. 1,0» • 
S2-(RI-(I,I.I.I.0),B2-(I,O.I.0.0).B3-(O,I,O,O,I), 

B4-(O,I,I,O,O» 

Let x. denote the name of a variable in the 
ith place af the quintuplets (otherwise stated the 
Ai's and the Bi's have the form (xI,x2,x3,x4'xS)' 

The least generalization of AI,A2.A3.A4 is 
such that the first four places are variables but 
such that the fifth place is always equal to O. We 
shall write this as : GI - (xs - 0). In Vere's ge­
neralization algorithm. the fIrst approximation 
to the solution API is API - GI • (xS - 0). 

Following Vere. we delete the Bi's which 
are not instances of GI , here B3 only and consider 
the least generalization of S2- (BI.B2.B3) It is 
G2 • (x3 - I) & (x5 • 0). 

Following Vere, one says that the second ap­
proximation to the solution is 
AP2 - G1 &I (G2 - GI ) 

-(x5 - 0) &I (x3 - I). 

We now delete from 5 the Ai's that are ins­
tances of AP2• i.e. those t6at are not instances 
of G2 - GI , namely A2 and A4. The least generali ­
zation of Sj • (AI,A3) is 

G3 -(x3 • I) & (x4 - 0) & (x5 - 0) which gives the 
third approximation 
AP3 - G1 & I «G2 - GI ) &I (G3 - G2» ­
(x5 a 0) &I «x3 - I) &I (x4 - 0». 

One deletes from 52 the B,'s that are not 
instances of G1 - G2, namely B~. The least gene­
ralization of . 52 - (82,B4) is still G3• The pro­
cess is therefore stopped and the reader can 
check that AP3 is not a good description of 
SI&-:52 since it recognizes B2 aDel B4 which should 
be rejected. 

One standard reaction to this failure is to 
take into account the presence or absence of a 
pair of patterns. The description of the examples 
is no longer a 5-uplet but a 15-uplet 
(x1..... xI5) where we associate : XI and V, x2and ~, x~ and *, x4 and 0, Xs and t, x6 and VA, 
x7 and V , Xs and VOl X9 ana Vt, xlD and A*, 
XII and 60, x12 and At, xI3 and ~; x14 and *+, 
x I5 and 0+. 

The examples and counterexamples are now 

described by : 


- (AI - (1',1,1,0,0,1,1.0,0.1.0.0,0,0,0,),
81 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» and 


52 - (Bl • (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 API - - - 0) & (x9 - 0)C1 «xS& (xII· 0) & (x12 - 0) & - 0) & (x14 • 0) (x13 
& (XIS - 0». 

One deletes from S the Bi's that are not 
instances of GI : B3 ana BI and one obtains
s; - (B2. B4). 

The least generalization of B2 and B4 is 
G2 • «x~ - !) & (x, - 0) & (xS - 0) & (x6 - 0) 
& (xa - 0) & (xg • 0) & (Xli - 0) & (x12 • 0) 

- 0) & (x14 • 0) & ~xIS - 0),& (x13 

It follows that AP2 - GI & I (G2 - GI ) 
with G2 - - - I) & (x4 - 0) & (x6 - 0)GI (x3 
& (xa • 0). 

One deletes from 51 the Ai's that are not ins­
tances of G2 - G1 • namely A2.A~.AI. One is left 
with 5' • (A3) tnerefore G - A3 and 
AP3 • ~I & I «G2 - GI ) & ~ (G3 - G2» with 

- - (XI • 0) & (x2 • 0) & (x7 - 0) & (XIO-O).G3 G2 

It is easy to see that there is no instance of! 
- G2 in 52' so the algorithm is finished andG3

tfte result is AP3 which can be rewritten as 

(xS - 0) & (x9 ·0) & (XII - 0) & (x12 - 0) & 

- - 0) & (XIS - 0) & «x3 - 0) v(x13 0) & (x14 

(x4 - I) v (x6 • I) v (xa • I) v «xI· 0) & 

(x2 - 0) & (x7 - 0) & (x lO • 0») 

The reader can check that AP recognizes S 
and rejects 52 as it should be. Nivertheless, it 
is not the best generalization (it is easy to check. 
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 the more general. As we shall see, 
we try to avoid this situation by a description 
completing whenever possible. For instance. let us 
consider the two descriptions Dl - (BLOCK A) & 
(BED A) and D2 - (BLOCK B). The classical way to 

generalize DI and D2 is DG • (BLOCK x) where x is 

a free variable. The free variable is here to in­

dicate that (BLOCK x) takes the value TRUE when 

x • A or x • B and the value FALSE when x takes 

an other value. 


This reaction can be well adapted to the pro­
blem. but we claim that it may also happen that 
one has SOlll8 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 

k.oows that each BLOCK has some color, i.e. the 

data basis contains the two pieces rI. information: 

'Ix ay(COLOR y x) and iBD is a COLOR : 

:U:(COLOR BED x). 


It is therefore possible to transform Dl into 
DI' • (BLOCK A) & (COLOR RED A) and D2 into 
D2' • (BLOCK B) & ay(COLOR y B). 

In that ease, DG' • DC since 'Ix! y(COLOR y.x) 
i~lies iy(COLOR y x).But if one considers 

http:A2.A~.AI
http:S2-(BI.B2.B3
http:AI,A2.A3.A4
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D & (BLOCK A) & (RED B)
D~ = (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 
DG"..3(BLOCK4x) & Jy(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 
& A1. 8lJ .(Vere 80J •••• ). 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 &aDa 
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 (Kodra­
toff 82J : 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 '!RUE 
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 d1at 
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 te.uins in learning 
versus classical 10gics.systems. 

3.1.2. The classical definition leads to dif­
ficulties due to the necessity of introducing ope­
rstors that separate variables during the genera­
lization process (Rayes-Roth & A1. 78) (Vere 81J • 

It is easy to see (an example follows) that 

this problem is linked to the idempotency of logi­
cal AND. A. 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-BQUARE(A)&RED(A)&SMALL(A) (There is a small red 

square) and 
E2-SQUARE(B)&RED(B)&SQUARE(C)&SHALL(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 1eadleitherto 
Eg I-SQUARE (x) &RED(x) &SHALL (y) or to 
Eg2-SQUARE(y)&RED(x)&SHALL(y) 
which are. for x ~ A,y ~ A. both instances of El 
but. for x ~ B.y ~ C. only partial instances of E~ 

An alternative solution is the use of & idem­
potency relative to SQUARE(A), stating that: 
EII-BQUARE(A)&RED(A)&SQUARE(A)&SHALL(A) 
is totally equivalent to II (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-BQUARE(x)&RED(x)&SQUARE(y)&SHALL(y)which has El 
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)&SHALL(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
Rath & AI. 78].IKodratoff 82Jan~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 
DIPFERENT(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-BQUARE(x)&RED(x)&SQUARE(y)&SMALL(y) since it is 
always implicitly stated that x and y can be ins­
tantiated by tbe same value. whicb happens in 
Ell-El. On the contrary, the generalization of E2 
and E3 should be : 
Eg'-BQUARE(x)&BED(x)&SQUARE(y)&SHALL(y)&DIFFE­
BENT(x,y) since the instances of x and yare dif­
ferent in E2 and E3 which implicitly contain the 
information DIFFERENT(B,C) and DIPFERENT(D,E) lhicb 
sbou1d 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 DIPFERENT 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 tbe HBS(Hay Be the Same) relation­
ship. So two variables which are not marked are 
imp1icite1y 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)&SMALL(y)&MBS (x.y) 

aud the generalization of E2 and E3 should be 

Eg=SQUARE(X)&RED(x)&SQUARE(y)&SMALL(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 81] or [Martelli & AI. 82]) and matching 
in an equational theory (even a complicated one) 
is quite possible [Costa 81]. 

This kind of problem comes down to the re­
search of a canonical form of terms. Instead of 
changing the classical definition of generalizQio~ 
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) ifi there is a sub­
stitution a such that otl-t2. 

A substitution has the form 0 - (x. + t.) 
where each Xi is a variable and each tiLis aLterm. 

Example : E g - SQUARE(x)&RED(x)&SQUARE(y)&SMALL(y) 

E2 • 	 SQUARE(B)&RED(B)&SQUARE(C)&SMALL(C) 

E is more general than E2 since there exists a 
g 

substitution cr such that a E - E2 where 
g 

o - (x + B. y + C). 
- SQUARE(x)&RED(x)&SMALL(g)Egl 

Eglis not comparable with E2, indeed there does 
not exist any substitution such that OE - E2.gI 

3.2.2. 	Vere's definition of generalization 
[Vere 80) 

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 

1A} - {AI •••••An}. 

Then A is more general than B iff there is a 

substitution such that aA-B' where {B'} C {B}. 


Otherwise stated. OA 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 


a. a • (x + B. y + C). such that aE = E2. which 

implies E < E2. On the other hand,g {E2} being 


. the set alsociated with E2. and {aE I} thesetasso­
ciated with aEgl • {aEgI } C {E2}. sag Egi < E2. 

3.2.2.2. For disjunctions of conjunctions. 
this definition becomes : 
let Ga-gal V .•• V gan • Gb-gbl V ••• V gbm 
then Ga is more general than Gb iff ¥jJi gai<gbj. 
Example : 
FI • (SQUARE(x)&RED(x»v(SMALL(y)&BLOCK(y) 

&GREEN(Y» 

E2 • SQUARE(B)&RED(B)&SQUARE(C)&SMALL(C) 

Fl • Fj v Fi and there exists 0 such that 


Fj • 	 E2 with {Ei}c{E }.a • (x + B)
2

Therefore Fj is more general than E2• and applying 
the above definition we can conclude that Fl is 
more general than E2• 

IV. OHTAINMENT 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 formaof tl and t2. Each of them is 
the least generalization of tl and t2 which struc­
turally matches with t and t • (Structural mat­
ching is defined in 4.~.1.). lctually if t struc­
turally matches with tl and t 2• then t is one of 
the generalizations of the learning canonical 
forms of tl 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 GI 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 ••• SMALL MEDIUM LARGE ••• 

If we take the same properties of descrip­

http:another.We
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tiohs 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 mstchin~ 
Using this strategy the generalization of Gi and 
G2 should be : 
G' ~ (CIRCLE x ) & (SIZE SMALL x ) & (SQUARE y ) 

o 0 0 

&(SIZE u y) & (CIRCLE z ) & (SIZE Vo Yo)&
000 

(ON x y) & (ON t w) & (HBS z x ) (MBStox \ o 0 0 0 0 0 G 
& (HBS t z) & (HBS w y) & (MBS to Yo) &o 0 0 0 


(HBS wo zo)' 


On the other hand, if one wants to generalize 
GI 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: 
Gn-(FORM CIRCLE x ) & (SMALL x ) & (FORM U Yo) &o o o 


(LARGE Y ) & (FORM v z) & (SMALL z ) & 

o 0 0 0 

(ON x t) & (ON z y) & (MBS x z) & 
o 0 0 0 0 0 

(HBS 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 HBS 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 G", 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 pr~ctice. this can be. taken 
into account also by US1ng operators assoc1ated 
with numbers so that PERSHINGMISSILE(x,n) is dif­
ferent from PERSHINGMISSILE(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
nerali zations. 

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 which order some terms relative to genera­

lization : 

4.1.a. 3 xP(x,y) < P(x,y) 

4.1.b. peAtY) < ¥zP(z,y) 

Axioms 4.I.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 EI and E2 are two expressions, that 
Xl' x2' ••• xn are the free variables belonging 
to El, and YI' Y2' ••• , yare the free variables 
belonging to E2. p 

If El and E2 have the following properties
* El < E2 
* {YI' Y2' ... , yp} C {xl' x2 ' .... x }n

Then. for all(xl , x2, •.• , x ) E2 is true 
n

implies that there exists same distribution of free 
variables wbichare not present in E2 such that EI 
is true. 

Example 1 : 

El - SQUARE(x)&RED(x)&SMALL(y)&SQUARE(y) 

E2-SQUARE(x)&RED(x)&SMALL(x)&SQUARE(x) , 

*EI < E2 because there exists C1 such that C1EI -E2: 


C1 - (x + x, y ~ x) 
*x which is the only free variable in E2 is pre­
sent in EI.por each x E2(x) is true implies that 
there exists y (y - x) such that EJ(x.y) is true. 

Example 2 : 

Another example may be more convincing : we shall 

demonstrate (see 4.2.4.) that (LOWER xy)is more 

general than (EQ x I) & (EQ y 2). Thi! pr~p~sidon, 

not surprisingly, corresponds to our 1ntu1t1ve 

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 : 1xP(x,y) < P(x.y). Applying the 
last assertion to this axiom leadaus to : for all 
x and for all y P(x,y) -> ixP(x.y) which is alw~s 
true. 

*Axiom 4.I.b : peAtY) < ¥z P(z,y) 

Similarly axiom 4.I.b leads to : for all y 

Vz 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 10 
section 2.2. indicates that learning canonical 
forms structurally match each other as faT 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 ' .. 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 altl - t2 or a2t2 - tl. 

4.2.4. 	Using knowledge of descriptors 

When two expressions do not structurally matci\ 
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 these 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 : 

(1) ¥ X(EQUAL X X) - True 
(2) (LOWER I 2) - True 
(3) (LOWER X Y) (EQUAL X Z) - (LOWER Z Y) 
(4) (LOWER X Y) (EQUAL Y Z) - (LOWER X Z) 

Now let us suppose that : 

Tl - (LOWER Xl YI) 
T2 - (EQ X2 1) & (EQ Y2 2) 

There is no substitution a such that crTI - T~ 
In order to demonstrate that TI is more general 
than T2, first we generalize TI and T2. 

Let T the least generalization of TI and T2. 
Then we try to prove that T - TI. In fact T < T2 
and T - Tl implies that TI < T2. 

Obtainment of T : 

We attempted structural matching between TI 

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 : 

Tj - (LOWER XI YI) & YX(EQ X X) 


Ti - (EQ X2 I) & (EQ Y2 2) & (LOWER 1 2) 

As there is no universal quantifier in Tt, 
we make it disappear by using the axiom 4.I.b2: 
T'i < Ti 
Ti - (LOWER XI YI) & (EQ Xl XI) & (EQ YI YI) 

Ti - (LOWER I 2) & (EQ X2 I) & (EQ Y2 2) 

We try to detect the match between TI 
a - (X + XI,I ; Y + YI,2). " 
T'i - (LOWER X"I.) & (EQ Xo X.)& (EQ I. y,,) 

Ti - (LOWER X.Y,,) & (EQ Xl Xo)& (EQ Y2 y,,) 

. There is no match because, in T', X2 appears 
1n the (EQ X2 X.) and the only varia&les in Til are 
X~ an~ Y". So Tl is too particular, and we geAera­
llze 1t by creating two new variables : 
T,n < T"

I I 
Ti'- (LOWER Xo Yo) & (EQ X3 X.) & (EQ Y3 y,,) & 

(SAME X3 Xo) & (SAME Y3 Y.) 

Now we may obtain T which is the least gene­
ralization of TI and T2, by using the substitution 

- (Uo + 13,X2 i V. + Y3,Y2)a2 
T - (LOWER X" Y.) & (EQ U. X.) & (EQ VO y,,) & 

(MBS X. U,,) & (NBS Yo Vol 

The reader can check that T is more general 
than.TI and T2, Now, using rules (3) and (4) we 
obtaln 
T - (LOWER U" V,,) Which implies : 
T(X",Y",Uo,V,,) - TI(U",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 for·m of t2 is t2' - p(x)&Q(A). In 
each case, the learning canonical forms of tl and 
t2 are brought to structural matching, 

4.2.6. 	Description transformation 

One may bring tl and t2 to structural matcmng 
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 C such tbat C(P,x) and C(Q,x) have the same 
interpretation than P(x) and Q(x). This is useful 
when one has some information about O(y,x). For 
instance, consider the assertion BED(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 tbat all the objects in our uni­
verse are colored, i.e. ¥x)y 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 01 and 02 leads either to C' which intro­

l 
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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 "Fahe" less general. 

For instance, let E1 • 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 & AI. 81]) leads to 
E2 < EI. On the other hand in our theory, if P-Q 
then E1 < E2 (see 4.4.8.), unless P .,. Q. However 
if P and Q belong to the same predicate taxonomy 
then the two formalae E1 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 < E1 (see 4.4.4.). Lastly 
if P and Q do not belong to the same predicate ta­
xonomy than E2 < El (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 E1, this impli. 
if p(x) =True that True < Q(z) & True. Therefore, 
using the fact that Q(z) & True· Q(z), this lell1s 
to True < Q(z) whatever Q may be. In the same way, 
it is easy to demonstrate that with Vere and Mi­
chalski's 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 permissable 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 conseguences of our defini­
~ 

We give examples into a universe of colored 

shapes so that RED(A) can be rewritten 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. IED(A) < lED(A) &BLOCK (A) 

*4.4-2. IED(A) < > IED(A)&BLUE(A) (in general) 

4.4-3. RED(A) < lED(A) &BLOCK(B) 

*4.4-4. RED(A) < RED(A)&BLUE(B) 

4.4-5. RED(x) < RED(y)&BLOCK(y) 

*4.4-6. IED(x) < > IED(y)&BLUE(y) 

4.4-7. RED(x) < RED(y)&BLOCK(z) 

*4.4-8. IED(y)&IED(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. IED(y) V BLOCK(y) < IED(x) 

*4.4-13. 	RED(y) V BLUE(y) < RED(x) (under 
some conditions) 

4.4-14. RED(y) V BLOCK(z) < IED(x) 

4.4-15. IED(y) V IED(z) < RED(x) 

Proving 4.4-2. 

In general, lED (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 IED(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 tit - COLOR(IED.A) and t2 becomes 
t2' - COLOR(IED.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 tl and t2 would",then be uncom­
parable). Le. )xCOLOR(x,B) • TRUE. 
tl' becomes tl" • tl' &TRUE 

• COLOR(IED,A)& ~OLOR(x,B) 
• ix(COLOR(IED.A)&COLOR(x,B» 


which is more general than t2' by 4.1.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 crtl-tZ, 
where cr = (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. 

Vx COLOR(x,A)=TRUE, then tl < > t2 
or A is not spotted by all colors, i.e. 

Vx COLOR(x,A)=FALSE and it follows 
t2 ....t2' V FALSE 

-COLOR(RED,A) V V x COLOR(x,A) 
-Vx(COLOR(RED,A) V COLOR(x,A) ) 

and tl' < tZ" because of 4.I.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. 
Vx 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 sttate­
gy may depend itself on the kind of problem we 
have to solve. It indicates the order in which des­
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 descriptomby 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 Z, en each 
example, in order to compute the different possi­
ble generalizations. 

Example : 

Let us suppose that our strategy leads us to ge­

neralize examples Ei. Ei and E3 on the descriptor 

SMALL : 

Ej - (DB)~& 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)&(Q H)&(& I)&(LARGE H)&(SMALLf)~MALL6) 

&(INSIDE I H)&(ABOVE G H)&(ABOVE G I) 

We may firstly generalize on SMALL 
l

, SMALL3and SMALLS' or on SMALL], SMALL4 and SMALLs, or 
: we nave to envisage 8 possible ways ror 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 Xo on at least one example, we make 

disappear this occurence on all the examples in 

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 MBS rela­
tionship. Two variables which does not appear in 
any SAME or MBS 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 El, E2 and E3 the three examples which 
have been presented in [Hayes-Roth & AI. 78] 

E 2 E 3 

@

H@ 
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 : Awhich means 
triangle, 0 square, & circle, SMALL small size and 
LARGE large size. There are 2 descriptors for 
spatial relation : INSIDE and ABOVE. 

El '" (6 A)&(O B)&(& C)&(LARGE A)&(SMALL B)&(SMA.LLC) 
&(INSIDE B A)&(ABOVE A C)&(ABOVE B C) 

E2 - (A E)&(O D)&(& F)&(LARGE E)&(SMALL D)&$MALU') 
&(INSIDE F E)&(ABOVE D F)&(ABOVE D E) 

E3 • (& H)&(O G)&(& I)&(LARGE H)&(SMALL G)&$MALLl) 
&(INSIDE I H)&(ABOVE G H)&(ABOVE G I). 

Let us asaume that there are two predicate 
taxonomies. The first relates the predicates des­
cribing the shape of the objects (A, 0, a). We cam 
it the FORM taxonomy. The second relates the predi­
cates describing the size of the objects. we cal k 
the SIZE taxonomy. 

F!JRM SIZE 
/1' /'\
A & 0 SHALL LARGE 

We shall omit the & in the following. 

Step 1 

The descriptor A which appears in El and E2 

does not appear in E3. The predicate taxonomy of 

FORM permits us to transform the description : 

EI • (FORM 6 A) (FORM 0 B)(FORM & C)(LARGE A) 


(SHALL B)(SMALL C) (INSIDE B A)(ABOVE A C) 
(ABOVE B C) 

E2 • 	 (FORM A 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) 

(SHALL G) (SHALL 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(E., D) the number of occurences of descriptor D 
in !he example E •• The number of way. to gener_he 
on D is equal toll N(EI,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 x. to A, E and H in all the 
examples : 
El • (FORM A x.) (FORM 0 B)(FORM & C)(LARGE x.) 

(SMALL B)(SHALL C)(INSIDE B x.)(ABOVE x. C) 
(ABOVE B C) 

E2 • (FORM A x.) (FORM 0 D) (FORM &F) (LARGE x.) 
(SHALL D)(SHALL F) (INSIDE F x.){ABOVE D F) 
(ABOVE D x.) 

E3 • 	 (FORM &x.)(FORM 0 G) (FORM &I)(LARGE x.) 
(SMALL G)(SMALL I)(INSIDE I x.)(ABOVE G x.) 
(ABOVE G 1) 

Step 	5 

Occurences of x. for each example 

(INSIDEBx.) (ABQVEx.C) 

(INSIDEFx.) ~OVED~ 

E3 (LARGEx.) (FORM&x.) (INSIDEIx.) 

(LARGE x.) (INSIDE x.) 

But (ABOVE x. h) appears only in EI and 
no ·-.rule permim to make appear it in E2 and 
E3. in the same way (ABOVE h x.) appears in E2 
and E3 and does not appear in El. 

We have to make disappear (ABOVE x. C) from 
EI, (ABOVE D x.) from E2 and (ABOVE G xo) from El. 

El • (FORM A x.)(FORH 0 B)(FORM & C)(LARGE x.) 
(SMALL B)(SMALL C)(INSIDE B x.)(ABOVE u. C) 
(ABOVE B C) (SAME tie x.) 

E2 • (FORM A x.){FORH 0 D)(FORM & F)(LARGE x.) 
(SMALL F)(INSIDE F x.)(ABOVE D F)(ABOVE D v.) 
(SAME v. x.) (SHALL D) 

E3 • (FORM &x.) (FORM 0 G)(FORM & I)(LARGE x.) 
(SHALL G)(SMALL I)(INSIDE I x.)(ABOVE G Wo) 
(ABOVE G I)(SAME x. w.) 
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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 b). 

I - Generalization on (FORM &b) 

y .... C, F, I 

El 	 (FORM ~ xo)(FORM 0 B) (FORM &yo)(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 xo) 
(SMALL D)(SMALL yo)(INSIDE y. xo)(ABOVE D yo) 
(ABOVE D vo)(SAME Vo xo) 

E3 	 (FORM &xo)(FORM 0 G) (FORM & yo)(LARGE xo) 
(SMALL G)(SMALL y.)(INSIDE y. xo)(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 Yox.) 
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 ~ x.) (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 ~ x.) (FORM 0 D) (FORM e y.)(LARGE xo) 
(SHALL D) (SMALL yo)(INSIDE Yo xo)(ABOVE D yo) 
(ABOVE D vo)(SAME Vo xo)(SAME Zo yo) 
(ABOVE to yo)(SAME t. D) 

E3 	 (FORM &x.)(FORM 0 G) (FORM &Yo) (LARGE xo) 
(SMALL G)(SMALL yo)(INSIDE z. xo)(ABOVE G wo) 
(ABOVE G yo) (SAME Xo wo)(SAME Zo yo) 
(ABOVE to y.)(SAME to G) 

2 - Generalization on (FORM 0 b) 

Yo ... B, D, G 

Using the same rewriting steps leads us to 

the following generalization : 


EI = (FORM ~ xo)(FORM 0 yo)(FORM &C)(LARGE xo) 
(SMALL yo)(SMALL C)(INSIDE ZO xo)(ABOVE u. C) 
(ABOVE y. C)(SAME u. x.)(SAME Zo yo) 
(ABOVE y. to)(SAME to C) 

E2 - (FORM ~ xo)(FORM 0 yo)(FORM &F) (LARGE x.) 
(SMALL y.)(SMALL F)(INSIDE F x.)(ABOVE Yo F) 
(ABOVE Yo v.)(SAME v. x.) 

E3 - (FORM &xo)(FORM 0 yo)(FORM &I)(LARGE xo) 
(SMALL y.)(SMALL I)(INSIDE I xo)(ABOVE y. w.,) 
(ABOVE Yo I)(SAME x. Wo) 

If we pursue the generalization process we 

obtain two possible generalizations. 


The first one corresponds to the first gene­
ralization on (FORM &~) : 

EI -	 (FORM ~ xo)(FORM 0 ko)(FORM &y.)(LARGE xo) 

(SMALL ko)(SMALL y... ) (INSIDE z. x.) 
(ABOVE a. yo)(ABOVE ko yojSAME uo xo) 
(SAME ko zo)(ABOVE ko Po)(SAME p. yo) 

E2 • 	 (FORM ~ xo)(FORM 0 ko)(FORM &y.)(LARGE xo) 
(SMALL ko) (SMALL Yo) (INSIDE ZO xo) (ABOVE ko~ 
(ABOVE ko vo)(SAME Vo x.)(SAME ZO Y.) 
(ABOVE to y.)(SAME to ko) 

E3 • 	 (FORM &x.) (FORM 0 ko)(FORM &Yo)(LARGE xo) 
(SMALL k.)(SMALL Yo) (INSIDE Zo x.) 
(ABOVE ko wo)(ABOVE k. y.)(SAME x. wo) 
(SAME ZO YG)(ABOVE to yo)(SAME to k.) 

This leads to the following generalization 

formula: 


EGI- (FORM UO xo)(FORM 0 ko)(FORM &yo) 
(LARGE xo)(SMALL ko)(SMALL yo)(INSIDE Zo xo) 
(ABOVE t. y.)(ABOVE k. y.)(ABOVE ko vol 
(HBS to xo)(HBS Vo x.)(HBS v. yo)(HBS Yo z.) 
(HBS ko zo)(HBS ko to) 

We can verify that EGI is more general than 
EI, E2 and E3 

at • 	 (u.... ~, x.... A, Yo ... C, ko ... B, ZO ... B,I v..... C, to .... A) 
a' • (uo .... ~, Xo .... E, yo .... F, ko .... D, ZO .... F,2 Vo ... E. to .... D) 
a' • (uo .... &, Xo .... R, yo ... I, ko .... G, ZO ... I,3 v..... R. t ..... G) 

The reader can easily check that 
aiEGI - EI. a2EGl - E2 and a3EGl = E3 

The second possible generalization which 

corresponds to the first generalization on 

(FORM 0 h) is equal to EGI. 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 xo)(FORM qo k.){FORM ro yo) 
(LARGE xo)(SMALL k.)(SMALL y.)(INSIDE y. x.,) 
(ABOVE WO to)(ABOVE Uo vo)(HBS u. x.) 
(HBS w. yo)(HBS kG v.)(HBS to ko) 
(HBS to vo)(HBS to xo) 
(HBS VO yo)(HBS Uo ko)(HBS Wo ko) 
(HBS u. wo) 

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, cZaasifier 8!J8tems, 
that attempt to meet these criteria. 

Key terms: Apportionment 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 
models 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 situation 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 combinator-ics. 
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 
sine 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 
si tuations in which the hypotheses are used. This 
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makes it much easier for the system to incorporate 
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 Systems (see Waterman and 
Hayes-Roth [1978] for many examples), but with the 
following major differences: 

1. Any number of rules, called ctaBsifie1.'s, 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 UcDet'l!lOtt and Forgy [1978]), 
allowing the system to use many rules concurrently 
to summarize and act upon a situation. The rules 
become "buUding 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. liessages are binary strings of fixed length k. 
Classifiers, following the usual convention for 
productions, consist of a condition part and an 
action 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,I} where the II plays the role of a "don't 
care" symbol. IfH - mtmi"'~ is a message and 
C. CtC2 ••• ck' c e {l,O,Il, is a condition, then 
the message H satisfies condition C just 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 systema 
are 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 
useful 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 lesrning 
procedures (see LEARNING PROCEDUP£S below) can be 
imposed, without disturbing well-established (use­
ful) proc.edures. 

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 1l011and [1980)). These addi­
tions are important, but the essence 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 clessifier system is to adapt to changes in 
the domain and 80als 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



lem"}. This section describes one example of the 
first kind, called the buaket-brigade algorithm 
and one example of the second kind, called the 
genetia a~gori th:m. 

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(C,t) 

where R(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(C,t) - B(C,t) 

(Each winner pays for the privilege of posting a 
message.) The classifiers {C't 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),2 

where a· l/(no. of members of {el}). (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 com­
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

S4 

sumers. Its strength is a kind of capital. If a 
classifier receives more 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 a~gorith:m 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 
s"h~ta) 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 situat1.liln; 
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 coqtinually 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 arbitrarily shaped "Vision cone" 
that views a local part of the surface (typically 
less than 1000 grid points) and uaes 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 about 
0.1 second•. The overall system runs in close to 
real-time, making it convenient to run long learn­
ing sequences 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 restrictiol'l8 
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 conjunctions 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 
identity 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 ai .....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 
oonfirm H if E does not confirm H; E discontrris 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 arbit;.rary logical E logically entails a certain var iable-free 
form would be a significant step towards a sentence determined by H and the individual 



constants occurring usentially in E. This 
sentence, the development of H for ai ,•••,an, cen 
be obtained by iteration starting with the first 
quantifier occurring in the formula, deleting 
that quantifier and, if the quantifier is 
universal, conjoining all formulas obtained by 
substitut1ng one by one the constants 8.t ,"'80. 
for all ooourrences of the freed variable, or if 
the quantifier is existential disjoining the 
substitution instanoes. Equivalently, the 
development can be represented as a tree with the 
hypothesis as root, eaoh vertex other tban the 
root and leaves correspondinl either to a 
conjunction or to a disjunotion, and atomio 
sentences or their nellltiona (basio sentences) as 
leaves. So represented, tbe development of VxEy 
Pxy for the conatents a, b is 

VxEyPxy
I .. I 

~Pay' ~Pby'

I v I I v I 
Paa Pab Pba Pbb 

Our program estimates Hempel1en oonfirmation 
provided three oonditiona are met: tbe evidence 
sentenoe is a singular oonjunotion; tbe 
hypotbesis to be tested is expressed so that no 
quentitier occurs witbin the scope of a nellltion; 
and the bypotbesis to be tested contains no 
predicates not ooourrini in tbe evidenoe 
sentenoe. The prolram exeoutes a depth tirst 
search ot the development tree of the hypothesis, 
returning "T" tor a leaf if tbe oorresponding 
formula is found amonl the oonjunots of the 
evidenoe sentenoe, and Woll" otherwise. Vertices 
whoae daUlhters are obtained by instentiating en 
existentially quantitied Variable are counted as 
disjunctive vertioes, and analolously tor 
universal quantitiers and conjunotive vertices. 
A disjunotive vertex is evaluated as "'fIt if &Del 
only it at least one of its daulbters is 
evaluated as "T", and a oonjunotive vertex is 
evaluated as "T" it and only it all of its 
daugbter vertioes are evaluated"TW. tfeptiona 
are distributed so as to bave tbe smallest 
possible scope. The depth first searob strateU' 
is such that whenever tbe trasment ot the tree 
already evaluated sutfioes 10lioally to determine 
a trutb value tor tbe hypothesis to be tested 
(under the valuation determined by the evidence 
sentence), the pneration and evaluation ot the 
development tree 0.... &Dd tbe appropriate value, 
T or nil. is returned. Woll" s1p1ties that t.be 
hypothesiS is not oontirmed; it does not 
neoessarily mean that the nelation ot the 
hypothesis !! oontirmed. 

The program contains a parameter m that can 
be adjusted by the user when larle boelies ot 
evidence or hypotheses with lI&I1y quantitiers are 
to be oonsidered. Tbe parameter oan be set to 
any value less tban or equal to the number ot 
individual oonstanta ocourring in the eVidenee 
sentenoe. Witb the value ot m less tban the 
number ot individual oonstants. tbe' prolram 
behaves as desoribed above, exoept that at eaoh 
quantitier vertex, tbere are only m randomly 
seleoted daulbter vertioes. Instead ot 

97 

instantiating eacb quantified variable with all of 
t.be iDdividual oonstants. only m randomly selected 
oonstants are used. The selection of the m 
oonstants is pertormed independently at each 
quantifier vertex. When m has a value less than 
the number of individual constants the program 
output is no longer certain to be the result that 
Bempel's confirmation theory would give, but is 
only an estimate of that result. COincidentally, 
ot oourse, the prolram oan return the "correct" 
result even thoue;h some ot the data are in error. 

When the prolram is liven as evidenoe all 
conjunota Paiai+l" -Paiaj with i, j ,. 1,2,3.4,5 
and j ; i+1, the hypothesis characteristic of 
disorete order, VxVy (Pxy'" -Ez(Pxz" Pzy» is 
oonfirmed in 0.4 seconds with m .. 5, and in 0.27 
s800nds with m .. 2. The same instance tails to 
oontirm tbe hypothesis charaoteristic of dense 
order and likewise fails to contirm transitivity. 
With m or 5 these determinationa require 0.24 and 
0.1111 seoonds respeotively. 

Cantield (1962) pOinted out, and Hempel 
(19656) himself qrees, that Hempel's confirmation 
theory is exoessively striot. It fails to allow 
oonfirmation by partial instanoes. Thus Paa .. Pab 
.. Pba taUs to contirm VxVypxy because the 
oonjunot Pbb does not oocur in the evidence. The 
oomputer program shows the same teature. The 
evidenee seatenoe oonsisting ot all conjunots 
Palai with i,j - 1,2,3,4,5,6,7,8,9,10 and i<j seems 
as tnougb it oUlht to lend some support to the 
hypotheSis ot transitivity -- that is, to 
VxVyVz«Pxy .. pyz) ... pxz» -- but in taot tbe 
bypotbe.is is not oontirmed with m ,. 10. (Tbe 
deoision takes about 0.3 seoonds). With m or 2 
twelve trial. produoed no oontirmation ot tbe 
hypothesis &Dd with m .II 1 seven ot thirteen trlals 
produced no contlrmation. Hempel's confirmatlon 
theory is too oonaervatlve to be useful. 

III. TBB PlRTIAL IlfSTAHCBS PROGRAM 

There are many tormal ways in whioh to 
develop a conflrmation measure that will extend 
Bempel's ideas by &lving some weight to partial 
Instances. One can let the degree ot contirmation 
ot BonE equal the proportion ot the models ot E 
(In wb10h eaoh element ot the domain is named by 
an Individual oonstant ocourring essentially in E) 
that are alao models ot B. The result is a 
oonditional probability measure, but It has the 
unattraotive oonaequenoe that the delree ot 
oonfirmation ot a universal hypothesis cannot be 
sreater than 1/2 unless it is 1. We develop a 
dlrterent Idea, derlving tram tbe intuition that 
since the evidenoe Paa .. Pab .. Pba provides tbree 
ot tbe tour oonjunots neoesaary tor Bempellan 
contirmation ot the hypothee1s VxVyPxy. the degree 
ot oontirmation ot that bypotbesia on tbat 
evidence ahould be 3/11. One tormal measure that 
captures tb1a intuition is obtained by putting the 
developmeat ot B In full oonjunotive normal torm, 
oall It B-. In Y-, live a sentential component 
that ls elther atomio or the Dellltlon ot an atoml0 
tormula the soore 1 it that component is among the 
oonjunots ot E, 11ve It the aoore - it ita 
Degatlon is among the oonjunots ot E, and 11ve it 
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the soore 0 otherwise; give a disjunotion the 
soore 1 if at least one of its disjunots has the 
soore 1, give it the soore * if all of its 
disjuncts have the score *, and give it the soore 
o otherwise; give a conjunotion (that is. H*) a 
degree of confirmation equal to the proportion of 
its oonjunots that have the soore 1, provided 
none of its oonjunts have the soore *, and 
otherwise give it degree of oonfirmation O. 
Another measure of the same sort oan be obtained 
by oonsidering the minimal oonjunotive normal 
forms of H and, because the minimal conjunotive 
normal form is not always unique (Hohn, 1966). 
applying some choioe funotion. 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 oonfirmation of H on E 
and the oonfirmation of -H on E, need not be 
unity by any of these measures. They are closer 
to Shafer's (1976) belief funotions than to 
probabilities. We find no powerful theoretioal 
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 praotical actually to determine 
oonjunctive normal forms of developments of 
hypotheses, and the Partial Instanoes Program we 
have implemented is only a crude approximation to 
any of the measures desoribed above. The program 
distributes negations so as to give them the 
smallest soope or canoel them, and it distributes 
oonjunction over disjunotion, but it does not 
oonvert a formula suoh as (p v Q) &, (-p v r) into 
the equivalent but shorter (Q v r). Because of 
the scoring prooedure, the Partial Instanoes 
Program, unlike the Hempel Program in all but the 
worst oase, must typioally 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 sooring prooedure 
approximates the normal form measures by 
requiring that the oonfirmation of a disjunotion 
is the oonfirmation of the best confirmed 
diSjunct, by requiring that the oonfirmation of a 
conjunction is in the simplest case the ratio of 
oonfirmed oonjunots to unconfirmed oonjunots, and 
by working recursively on the logioal struoture 
of the development of the hypothesis to be 
tested. More exaotly. the sooring prooedure of 
the Partial Instances Program is as follows: a 
leaf (an atomio sentenoe or its negation) is 
soored (1,1) if it is among the oonjunots of the 
evidence sentenoe, * if its negation is among the 
conjuncts of the evidenoe 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 
soore * otherwise; a disjunctive node is given 
the score xly if x/y is the maximum ratio of the 
components of the soores of daughter nodes, 
provided some daughter node has a value other 
than *, and is given the score * otherwise. A 

score * at the root indioates that the hypothesis 
has been disconfirmed 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 oonjuncts 
Pajai with i,j = 1,2,3,ij,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.ij 
seconds. The price of avoiding the computation of 
normal forms is that the program gives different 
degrees of oonfirmation to logically equivalent 
hypotheses, on the same evidence. We believe that 
this inooherenoe will prove harmless so long as 
hypotheses are generated for testing in a standard 
form. No loss in the possible expressive power of 
oonolusions generated by a maohine learning system 
is entailed by restrictions on logical form, if 
every hypothesis is logioally 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 onoe by any model of the 
evidenoe sentence. For each open sentence, the 
sentences in prenex form that oan 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 
oonfirmation 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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ABSTRAC'l' 

This p1per describes LP, a program that learns 
new techniques for solving equations by examining 
worked ex8lllples. 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 at 18, and are used for 
university selection.) 

In order to be able to successfully use a new 
technique, LP learns many different types of 
information. At the lowest level, LP cOlllpares 
consecutive lines in the worked example, finding 
differences beween them. This allows the 
progr8111 to learn new rewrite rules. 

LP also tries to discover the strategic 
purp:>se of each step, expressed in terms of 
satisfying preconditions of following stepe. 
lrolll this viewp:>int, the worked example can also 
be considered as a typa 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, mOLOG. 

I. IJITRODUC'l'IOII 

This p1per describes LP, a program vhich 

learns new techniques for solving sJlllbolic 

equations. LP learns the new techniques by 

examining worked examples. '!'hese techniques can 

then be tested on SOlDe new problems. LP is buil t 

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, [Bundy and Sterling 81 ]. 


'!'he equations uaed by LP are aJlllbol1c, 

transcendental, non-differential equationa, e.g. 


9NW, U.K. 

1.1. lotivation 

The motivation for LP aroae frOID our equation 
solving program PRESS, [Bundy and Welham 
81, Sterling et al 82]. This is a non-learning 
progr8lll, 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 haa 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 with learning 
equation solving methods, but our interests are 
somewhat different. 

Most of the other 
(B]razdil 78, .evee 78, 

B2 , have concentrated 
such as 

2.x + J • 5. 

vork in this field, e.g. 
Cotton et 81 81, Langley 

on very simple equations, 

The machine learning comaunity have 
undoubtedly found such vork interesting. It has 
been daaonstrated that 
learn to solve equations, 
little knovledge. Also, 
prove interesting 
particularly the programs 
childrens' errors. 

cOIIIputer progr8llls can 
building up frOID very 

some of this work may 
to educationalists, 
that attaapt to model 

Hovever, not only beginners learn, so do 
experts and peo ple in between these tvo extremes. 
Ve required a learning program vith abilities 
nearer the expert end of the apectrWl. While it 
vould be nice for the program to build up to 
expert performance ftom a beginners knovledge, ve 
felt that auch an approach vould be impractical. 
A more realiatic goal is to build a progr_ that 
atarta vi th abilities aro\1l1d the ~fa1rly good" 
mark, and learnato the standard of "very good". 

LP ia able to laarn a new method by ez_ining 
a worked ez_ple which uses the new technique. 
Ve feel that a 8ingle ex_ple should be 
aufficient. Ae .eve8 pointa out in [Bevee 78], 
many textboob pre.ent just one worked ez_ple 
before proceeding to the ezerci88a. 
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This consideration rules out many concept­
learning methods, e.g. [Winston 75. Mi tchell et 
al 81, Young et al 77], as these programs 
generally need to process several instances 
before a concept is learned. 

1.2. Worked Examples 

A worked example should contain enough detail 
so that the reader (either a human or a program) 
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 1P: 

cos(x) + 2.cos(2.x) + cos(3.x) - 0 ( i) 

2.cos(2.x).cos(x) + 2.cos(2.x) z 0 ( ii) 

2.cos(2.x).(cos(x) + 1) o (iii) 

cos(2.x)= 0 or cos(l() + 1 o 

cos(2.x) = 0 

x = 180.nl + 90 

cos( x) + 1 0 

cos( x) " -1 

x " 180.(2.n2 + 1) 

The key step in this worked example is the 
transformation from equation (i) to equation 
(ii) • 

II. THE METHODS or LP 

In this section we describe .the basic 
operators of 1P. 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 equa tions 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 Factorization and ChaDge of Unknown. 
Factorization transforms equations of the form 

*If the number can be reduced to one, another 
method, Isolation, can be appl ied to solve the 
equation. 

into 

and solves each factor separately. 

The Change of Unknown method transforms 
equa tions 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 chaDged 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 82]. we 
call this control information. The control 
information includes preconditions, fac ts which 
muat be true before the method can be appl ied , 
and postconditions which must be true after the 
applica tion of the method. The postcond i tions 
are used both to ensure tha t the method has 
achieved the desired effects, 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 lODger true after the application of the 
operator. If the precond itions are satisfied the 
Operator can be applied. 

In contrast, 1P methods do not have this 
desirable property. The preconditions 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 seema that this might be a problem in many 
domains. 

http:180.(2.n2
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Similarly, the effects of a method ar.e 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 trua. 

2.1.~LP~..P2~ 

In order to learn a "new technique", LP may 
need to learn at several levels. At the lowast 
level, it may need to learn new algebraic 
identities. These will be used as rewrite rules. 
We are no t perticularly 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, 
and aSSOCiating with it some rewrite rules. 
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... The schlllla 
record 13 how the equation is solved, and can be 
used to solve new equaUons. The plans ma7 be 
equation dependent. For enmple, the plan 1118.7 
record that the solution involved appl;ying method 
M fo1loved b7 method I. In the general case 
however, even if method M can be applied, it 1187 
not be the case that metii.Od I will then be 
applicable. 

III. LBlUIIG PRe. EIAlIPLBS 

LP learns by ex_ining worked ex_ples. LP is 
givan a worked ex_ple that above how s 
particulsr equa tion is solved. We will call this 
equation the generating equation. 

~.1. Step Justification 

The first task for LP is to diecover how each 
line in the worked ex_ple is transformed into 
the next. We call this step ~uat1fication. To 
do this, it ex_ines consecutive peirs of lines. 
tr;ying to find the method that transforms each 
line to the next. 

Suppose that LP is working on th4! step from a 
line p to the next line, called q. LP first tries 
to see if an existing method can eccount for the 
step. To do this, LP computes the characteristic 
tuple. henceforth CT, for each of the lines p and 
q. 

The C'1' is a tuple of meta-level 
characteristics of the equation, consisting of 
facts such as the nUlllber of occurrences of the 
unknown. the t;ype ot function slllbola occurring 
in the equations, e.g. trigonometric, wsther 
ths equation is a siJlfJle equation or a 

diSjunction etc. For example, the CT of 

cos(x) + 2.cos(2.x) + cos(;.x) • 0 

is 

[ooc(mul tiple,;), trig, eq, functor( +,2) J. 

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 
ths is ft+" of arity 2. 

LP then looks for a method that can transform 
the CT of p into the CT of q.- Use of the CT to 
constrain sesrch is an example of the technique 
of .eta-leyel inference that is used extensively 
in the PRESS, IMPRESS ( [Bundy and Sterling 81]), 
and LP projects. 

If it finds s 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 euitable). 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. It no 
more poaaible methods can be found. LP 
conjectures a rewrite rule that would explain the 
step. 

The rewrite rule is obtained b7 rlllloving 
cOlUllon tems- from p and q and eq"ua ting the 
r_aining tems. leves, [Ieves 78 J, uses a 
similar technique. For ex_ple, consider the 
lines (i) and (11) in the worked ex_ple shown in 
aacUon 1.2. Both linee contain the additive 
teN 2.cos(2.x) and the right hand side of both 
is O. DeletiJlfJ these and equa tiJlfJ the remainder 
produces the conjecture 

cos(x) + cos(;.x) • 2.cos(2.x).cos(x). 

LP asks the user if the conjecture is correct, 
and if it is. the user is aaked to provide the 
general rule. In this case. the user gives LP 
the rule 

cos(A) + cos(B) -> 

2.cos«A + B)/2).cos«A - B)/2». 


4IThie information is part of the control 
infomation of the .ethods. 

tHtJ.,P uses its knowledge of properties of 
functions to decide whether tems are ccaaon or 
not. lor example. A can be dsleted trOll the 
equations A + 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. as the two 
argUlllents of the logarithmic function do not 
cOUlute. 

http:metii.Od
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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 78], it is 
no longer suffic ient just to replace numbers wi th 
variables. However, we do not worry about this 
problem. As mentioned sbove, we are not 
particularly interersted in the learning of 
rules, we are more concerned with the learning of 
methods and schemas. 

3.2. Creating!!! Methods 

Once every step has been processed, LP 
examines its analys is 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 st line i, but 
satisfied at i + 1, call this set ~.** 

If U is non-empty, LP assumes that the purpose 
of applying B. is to sstisfy ~ so that II can be 
applied. The set U 1s called the ma30r effects 
of the rule. 

If LP finds that all the preconditions of M 
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 M 
can be applied, although no new preconditions are 
satisfied. This kind of behaviour occurs because 
the methods are not STRIPS type operators (see 
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 M. The 
preconditions of the method are S, plua any
preconditions of rule. The postcondilions of the 
method are those of M. 

3.3. 1!!! .Division..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 sstisfied at i + 1 or M 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 Unknown (see sec tion 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 
Unknown 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. The 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. 

3.3.1. Macro Formation 

Each section consists of a sequence of stepe. 
LP now creates a macro operator from the 
sequence. The process is ai.mllar to that for 
creating new methods, except that the purpose of 
the sequence can be described differently. Thus 
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 rBsul ting equation is of the form 

so that Factorization..!:!!! be applied. 

The new macros are like MACROPS in STRIPS, 
[Pikes et a1 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 fa11s, 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 ex8lllple, 

-and the body of the schema. 

The body is a list consistiQg of all the methods 
used in the worked eX8lllple. Each step is tagged 
with the conditions that it is used to satisfy, 
Le. 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 used to solve new equations. 

IV. SOLVlllG lEV EQUA'l'IOIS 

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 same C'l' 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 unsec tioned, i.e. tbe worked 
example vas of type normal. 

Suppose that the current line in tbe schema 
suggests the application of method I. LP uses the 
followiQg procedure: 

1. 	 Try to apply method I. If tbis succeeds, 
continue with the next step in the schElllls. 

2. 	otherwise, try to find anotber metbod that 
has the same major effects as I, 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 alreed, 
satisfied conditions, and apply it. If 
th1s succeeds, go to 1. 

4. 	 If none of the ab01\e steps bave succeeded, 
and if Jil has no major effects, omit the 
step entirel" and proceed with the next 
schema step. 

It none of these attempts are successful, LP 
tries to solve the equation without the schema, 
in a similar vay to FIlESS. 

If the schema is divided, i.e. tbe worked 
example vas not of type normal, there is one 
addition to the above account. Each division in 
the schema has a purpose. For example, the first 
section of a factor type schema consists of the 
steps that transfol'lll the equation so that 
Factoril!l8.tion can be applied. At each step LP 
checks for fortuitous ciretastances. For 
example, if LP is executiQg the first section of 
s factor type schema, it checks to see if the 
Factoril!l8.tion can be applied to the current 
equation. If it can, LP assllles that tbe purpose 
of tbe section has been achieved, and ignores tbe 
remainiQg steps in the section. It then proceeds 

to 	the next section. 

The schema scts as a simple plan that can be 
executed in a flexible wey. 

4. ,. Learning!l Doing 

Neves, [Neves 78], has written a program ALEX 
tbat alao learns b, examiniQg worksd examples. 
He calls this approach learniQg by eX_ple. ALEX 
Can also learn duriQg tbe equation solving stage, 
usiQg the learniQg by do1Dc technique. We have 
found it preferable to centralize tbe learning 
process. New schemas, macros, methods and rules 
are fOl'llled only when LP is analyzing a worked 
example. However, when LP solves an equation it 
produces a trace of tbe solution ps tho This 
trace is just a list of the equations produced 
duriQg the solution process and can be used as a 
worked example. III this vay LP can produce new 
macros and schemas to help it solve fUture 
problems. 

4.2. Generating!!! Problems 

Like LEX, [Ii tchell et al 81, Hi tchell et al 
82 J, LP is able to create new probl_s for it to 
solve. After LP has completed its examination of 
tbe worked example, it produces a set of 
equations that differ in only one feature from 
tbe generating equation. The simplest chaQge is 
tbe replaciQg of one nlllerical coefficient by 
anotber. Another consists of replaciQg a 
function by a sibliQg function, e.g. replaciQg 
sin by cos. '!'be probl_ ganerator allon LP to 
test the applicability of the schema. At 
present, LP simpl, notes if tbe schema allcnred it 
to solve the test problem or not. A fUture 
Version could incorporate s concept-learniQg 
mechani_ that would ensble modification of the 
scb_a. 

V. RESULTS 

LP bas learned several new techniques from 
worked ex_ples. One result is that LP has been 
able to solve difficult equations after ex_iniQg 
much easier examples. For inatance, after LP haa 
been given worked ex_ples for tbe equations 

sin(x) + sin(2.x) • 0, 

sin(4.x) • cos(2.x), and 

coa(x) + cos(,.x) • 0 	 (Vi) 

it 	is able to solve 

sin(2.x) + sin(,.x) + sin(5.x) • O. (vii) 

In the second equa tion tbe coeffic ient of x in 
the sin tel'lll- must be twice that in the cos tel'll, 

-rhe ntaber 4 in our example. 
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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. CONCLUSIOliS 

In this peper we have described LP, a program 
that learns equa tion-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, [Hi tchell et al 
81, Mi tchell et a1 82] learns heuristics for 
symbolic integration. LEX solves integrals by 
applying a sequence of operstors. Each operator 
transforms the integral into another (hopefully) 
simpler one. This process is very similar to 
equation solving. It appeara that LP could 
easily be adapted to learn how to perform 
symbolic integration, a1 though 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 veIl in the 
algebra domain, even when the equations are much 
harder than those considered by earlier workers, 

[Cotton et al 81. Neves 78]. 
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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. 'lbe 
heuristics represent bias that the concept 
learning program employs when forming an 
inductive generalization. We present a model ot 
bias adjustment and report our experience with 
an implementation ot 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 ot a program that 
can accept training data, apply knowledge, and 
form inductive hypotheses ot the concept, all 
without human intervention. 'nIB learning 
program searches a space ot hypotheses tor those 
that are consistent with the observed examples, 
and which classify the unobserved instances as 
indicated by heuristics. 'lbe heuristics, which 
we call bias, determine the inductive 
generalizations that the program will form, 
given some set ot training examples. 'lbe 
initial bias may be appropriate for one learning 
t.ask, yet inappropriate tor another. 

We see two basic approaches to using 
heuristics for inductive concept learning by 
example. 'lbe first approach is to use a 
relatively large space of hypotheses, and to 
employ bias to intluence how the space is 
searched. An example ot this approach is 
Michalski's STAR methodology [Michalski 831. 
Michalski defines a large hypothesis space via 
a comprehensive description language. 'nIB 
program uses bias provided by hand to determine 
whether one consistent hypothesis 1$ to be 

* 'lbis work was supported by National Science 
Foundation Grant GMCSSO-08889, Rutgers 
University Laboratory for Computer Science 
Research, and Siemens Research and Technology 
Laboratories. 

** Current address is Siemens Research and 
Technology Laboratories, 105 College Road East, 
Princeton, New Jersey 08540. 

preferred to another. Often, the bias is 
specified as a meta-statement about 
descriptions, e.g. preference for a simpler 
description. 'lbe 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 ot this approach is Mitchell's Candidate' 
EUmination Algorithm !Mitchell 771. His 
algorithm uses a restricted space of hypotheses 
to limit those that the program can consider. 
'lbe program prunes every hypothesis that has 
been retuted by a training instance. 

Whichever approach is adopted, the common 
fundamantal problem is to obtain and use bias so 
that the learning program guesses the 
classification ot unobserved instances on the 
basis of appropriate heuristics rather than 
simple chance. In IIIOst research to date, the 
search tor bias is done by hand. A particular 
bias is encoded, the program is tested. 
pertormance noted, new bias formulated t and the 
cycle repeated until acceptable performance is 
achieved. 

Automation ot the search for appropriate bias 
1$ a major problem to be solved. Vere's 
countertactual technique [Vere 801 uses a biased 
hypotheSiS space, and an unbiased search. When 
no consistent description can be found, the set 
ditterence 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. 'lbe 
new description C is then added to the space of 
hypotheses that can be searched by the program. 

Lenat· s EURISICO ILenat 831 addresses the same 
problem. 'lbe goal of EURISICO 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 ot concepts that we call the concppt 
description language. We use "language" in a formal 
sense; a set of legal sentences in SOllIe given 
fonaal1S111. 
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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 
consistent with the training instances. 'nlat 
set is called a u!'rsion ,~/)(ll'e. When the trainer 
supplies a positive instance I 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 Version Space 
Instance not Empty 

Candidate 
Elimination 

Verllion Space Version Space 
f:mpty Hcinitialiwd 

Figure 1 Learning Element 

Figure 2 shows the relationship of the 
version space, the concept description language, 
and the formalism for the concept description 

'language. As the version space shrinks, the 
complementary set of refuted hypotheses grows. 
If the version space becomes empty, then all 
descriptions in the concept description language 
have been refuted. A refuted concept 
description 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 
specification for the new concept. 

2. 	Translate the membership 
specification into a description 
that uses the formalism of the 
concept description language. 

3. 	Assimilate the new conoept 
description into the hierarohy of 
the conoept description language. 

Concepts Describable 
in Formalism 

Concept Description 
Language 

~:nlal'gemel1t 

\ via Bias 
~ Ad,iustmenl 
'1 

["igure 2 - !\todel of Bias 

A membership !;pP.cification 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 description language. 
The translation step may reqUire creation of new 
desoriptive 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. Assimilation is the 
process of inserting a new concept description 
into the hierarchy of descriptions in the 
concept desoription language. Assimilation is 
necessary so that we oan use the matoh predicate 
to evaluate whether one concept is more specific 
or equal to another. 

III. AN EXAMPLE 

We have implemented a program that models 
bias adjustment as part of the LEX program 
[Mitchell 83). LEI 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 calculus. The program is initially 
given a set of problem-solving operators. Each 
operator has a domain of applicability, a 
rewrite rule, and a range of producible states. 
For each operator. the legal domain of 
applicability describes states to which the 
operator can be applied. For each operator, the 
heuristic domain of applicability desoribes 
states to which the operator should be applied. 

LEX solves a problem by prodUCing a state 
that contains no integral. The solution tree is 
then critioized. Each operator application 
along the minimum solution path is labelled as a 
positive instance showing a state to which the 
given operator should be applied. Each 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. The training instances 
are then used to update the heuristics being 
learned tor 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 tor Membership 

Deciding the membership of a new concept is 
the essence ot induction. Which instances 
should be included, and which should be 
excluded? We employ a heuristic: 

The 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 wi th that operator. To 
describe the disjunction, we can start by being 
able to describe the disjuncts. To cOlllpUte a 
specification of the domain of an operator 
sequence that produces a state in a given range, 
in this case the set of solved problema, 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 OPi to some set of 
states R(;;Range{Opt}, and then apply the inverse 
operator OP- 1i to R, then we deduce a 
constrained set D(;;Domain{OPi> such that 
0pi{D)=R. For example, an operator 1'-[1'-21 has 
the set ot real nWllbers 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 OPI can produce a state that 
is a solved problelll, we can cOlllpUte Op­
' i 
deduce 

(Inte
a constrained set 

rsect(SolvedProblem
D. 
a, Range(OPi») 

D is then the 
to 

set 
of states to which application of Opl 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. 
The nested expression must be translated from a 
IEllbership specification into a concept 
description that uses the formalism of the 
concept description language. Our translation 
_thod is to evaluate the meIIlbership 
specification. To let this work, we have 
defined a description of the set of solved 
problema, an Intersection function, and inverse 
operator deflni tions. Hew 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 descr iption language. For example, 
consider an operator r-rr-21. The [1'-21 indicates 
that, as part of applying the operator, the 
bound value of I' should be multiplied by 2, and 
the result used in the rewritten statl!. 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 1'-11'-21 
to the set of Integers k produces a description 
[k-2). This is a description in the operator 
language, but not the concept description
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)(_teb f- 1(y) x»} and then 
search for a tel'll with the salE 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)(_teb y/2 'k»}, which we could associate 
with a new term "even integer." 

3.3. An Assl1ll11ation Method 

Our present method is imprecise. In general, 
it we are to assilll11ate Z={yI(A.{y)(_teb f-1(y) 
x»}, then we .ake Z a specialization of y. This 
method is correct only In the sense that no 
false _tell relation is asserted. For example, 
our llethod .y assert that "even integers" is a 
speCialization of "real nWllbers" , but fail to 
assert that "even integers" is also - a 
specialization of "Integers". At the same tille, 
the method does indicate y as a IIIOSt general 
bound on where Z should be assimilated. If the 
set of possible assllllilatlons is SEll, we would 
expect that a JDeChanical procedure could prune 
these by empirical refutation, but we have not 
pursued this. Below we show an example of 
deducing the correct aasilll1latlon. 



3.11 .. Experiments 

We present three experiments with the 
implementation. Several problems came to light. 

3.11.1. Experiment II 

As in JUtgoff 821, LEX found a solution for 
Icos7(x)·dx similar to that shown in Figure 4. 
LEX was then given Icos5(x)·dx, for which the 
same solution sequence, and Icos6(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 Icos7(x)'dx and Icos5(x)·dx and excluded 
Icos6( x )dx, the heur isUc for Op51 could not be 
described. Bias adjustment was invoked, and 
constraint back-propagation was expected to 
proceed as shown in Figure ll. The 
implementation was successful for the last three 
propagation steps through Op- 152, Op- 150, and 
Op- 151 . Back-propagation through Op- l 13 failed 
because our formalism, a modified context-free 
grannar, 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. 

: Icos7(x)·dx . . Icm;lIdd(x)·dx . 

~.i·· ••i~.5.1: .• ·:.· .• ·· •• ·.~(.x~~~.I(Xl:~~;·.·····.···.··.·..·.·.·~~·~:;i~····..t·.. 
· Icos6(xl·cos(x)·dx : fcoseveo(x)·cos(x)·dx . 

'.·1.. o.P50.·.· ~(X)_(rl(x))~12· ..... .... .. r' 
,......... .. . , .... .. ..:O~'150... • 


• f(cos2(x))3·cos(x)·dx. • f(cos2(xllk·co!!(x)·dx : 

;,·.·r··~)~·5~:············· ··C~~;;XI_I-Sin2(~.I·· ....... :: .... ':~~:p~:;~~ .::: t:: 

. III-sin2(x))3·cos(x)·dx : Ipolyk(f"lx))·C·(X)·dx 

Op13: IPOly(f{XlH·(X).dx ....fpoly(~;:~~~·~·~·~;~;·(;~:,·~·3·1· 
f(I.u2)3.d~ ... ~,;,:~i~(~)· :j~i;k(~).du. u=n~i' 

....................................... ................................. . 
multiply polynomial Cactor polynomial , 
Figure 4 - Solution and propagation fOf I (,1l!;7( xl·dx 

Back-propagation of the set of integers k 
through the exponent in Op-150 caused a new 
description {xl(A(x)(_tch x/2 'k»f 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 
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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 (3xElntegersly=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. 

In this experiment, the set of real numbers 
"I''' was to be back-propagated through Op22 as 
shown in Figure 5. The result of the back­
propagation step was I'll· (1'3/1'10 • 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: . q·lf:11f4) 

J··.·.·.OP22: rl·r2f'+[rl·r21 :Op-122 :J. 
:~ i ~ 
• ••••••• 4o 

Figure 5 - Evaluating Product with Op22 

Nevertheless, the back-propagation failed 
because the deduced set rll-(r3/r4) did not 

. satisfy a safety check requiring that a deduced 
set, in this case r/!'(r3/rll), match the state 
that occurred in the original solution sequence, 
in this case 5-6. Although I'll matched 5, r3/rll 
did not match 6. The concept description 
language did not include knowledge that 1'3/1'4 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 
computation; division. 

3./!.3. Experiment 13 

A problelll Ix2·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 "r" through the exponent in Op- 12. The 
code created a description {XI(A(x)(match x+l 
'r»f, and assilllilated it as a specialization of 
r. This produced a description with infinite 
recursion ot the forlll "x is a real number if x+1 
is a real nWllber". If the program could have 
applied knowledge that the real numbers are 
closed under addition, 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. 

that f' be the derivative ot f• The constraint 
a test within the operatoris encoded as 
within the domain descriptiondetini tion, not 

itself. 

http:j~i;k(~).du
http:IPOly(f{XlH�(X).dx
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: " ................
~ 

• fx2·dx ; fur".I·du 

',r~~·. I ,"'d_,'" ''',+ II +~~;-';l: 
: x313+r: . urllrl + r2 
~ •••••. " , •••• 1 

Figure 6 - Solution and propagation for fx'.!·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 formali8111 of the 
concept description language was weak, or 
additional knowledge was needed to determine 
whether or where to assimilate a newly 
constructed description. Wbere these problema 
were not a fac tor, 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, i.e.. 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, operationalization, 
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 follow 
advice poses several difficult problems. This paper focusses on 
the problem of handling advice that is non-operational, i.e.• 
expressed in terms of data or actions unavailable to the learner. 

My dissertation [Mostow 81] [Dietterich et al 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," 

'This research _ aupported by DARPA Contracl MOA-II03-8'·C-0335. The 
viewS and conclUliona contained in this dOcumenl are thole of !toe authors and 
should nol blinterprllled .. representing !he oIIicial policies. "!her e.preued or 
implied. of the Detenae Advaneed ReMarch Prolecls Agency or \he US 
Govemmenl. I am grateful to JeIf Bemel\. Martin Feather. Matthew MorgensIem. 
Bill Swartoul. and eapeeialy Don COhen lor \heir comments. to the Gis! project .. 
lSi for its intellectual influence. and to my dillert.ation commillee (Rick Hayes· 
ROIh. Allen Newell. Jaime CIrbOneII, and Sob Belzer) lor manifold COnIribUliona to 
Ihieresearch. 

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 operationallzation 
strategy; the rest of the steps "jittered" the advice to match the 
form required to apply the strategy [Fickas 821. 

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 of transformations from its knowledge base. 
Automating what was done by hand in FOO raises several issues: 

1. Model of operationality: how can operationality be 
decided automatically? 

2. Goal strl.lctl./re: 	 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 BAR 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 BAR'S abstract plan generator addresses the contact 
problem. Section 5 presents an extended example to illustrate 
BAR'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 BAR'S approaches to the issues. and concludes by 
putting this work in perspective. 

2. The Problem Space 
This section describes BAR'S problem space [Newell 79] for 

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. operationality. and 
transformations. BAR'S control component is described later. 

2For "First Order Operationlli%ar." 

3For "BasicaUy Automatic RefonTIuletor." 
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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 aide 
effects are actions that change the state of the environment. A 
complete definition of this language is outside the scope 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 aet S 

For example, the' initial edvice "avoid taking points in a trick" is 
encoded as (Avoid (Take-points ME) (Trick», where the constant 
ME denotes the advice reeipient and the other symbols are 
funetions. 

2.2. The Goals 
BAR considers a procedure to be operational tor an agent" it is 

expressed entirely in terms ot the dllta and actions available to 
the agent. In this model, the agent interaeta with its environment 
(which may contain other. autonomous agents) via a. two-~y 
channel: it can sense obserVable data, and it can act In certain 
ways to change the state of the environment. The mOdel 
assumes that the agent can remember any condition or event it 
could observe in the past, and derive any computable value of 
observed or remembered data. 

This model of operationallty leads immediately to two types of 
gOBis: 

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 solving such problema, BAR generates subgoaJs 
of the form 

3. Transform an expression to match the left side of a 
specified rule. 

These goals could be represented formally as the goal of 
proving (constructively) that 

3l~P{e')AR(e,e'). 

where e is the initial expression. P is a predicate that describes 
the desired syntaetic 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 aJllts transformations are equivalence· 
preserving; since they are not, it sometimes produces heuristic 
solutions. All three types of goais are represented In BAR as 
transforming an expression to match a pattem expressed in a 
pattern language. 

BAR'S pattem language includes the following conatruets: 

. I.iterals: a literal expression matches itself. 

• Variables: 	 an expression E matches a pattern 

variable ?II, binding ?II to E. If ?II is unbound; 

otherwise E matches ?II only if E matches ?II's 

binding. 


· Sequences: a l8quence (f e, ... en) (normally a 

function application) matches the pattern 

(~... pattn) if f matches patta and ei matches patti 

for 1~~1I. 


· Ellipsis: the segment pattem ...... matches zero or 

more consecutive elements of a sequence. 


• Kleene star: the segment pattem patt· matches zero 

or more conaecutive l8quenee elements all of which 

match pall. 


- Tests: E matches the pattem @P if P(E) is true. 

Notice that P is a predicate on syntactic expressions, 

not on their referents. The tests in the language 

include l&Achievabie. l&Computable, l&Predicate. 

lsConstant, laQuantifier. etc. Tests act like variables, 

i.e.. INdching E to @P binds @P to E. so multiple 
instances of a teat in a pattern muat be matched by 
the same expression. Tests can be bound to 
different expressions by giving them dillerent 
auffixes. Thus the expression (. 3 4) matches the 
pattem (. @laConstant1 @lsConstant2) but not the 
pattem ( • @lsConatant @lsConstant). BAR 
automatically generates such suffixes to distinguish 
among dlffer.nt instances of a teat inside a Kleene 
star: this allows (. 34) to match (@lsComputabie 
@lsConstant"). 

- Containment: an expression matches the pattem 
[ ... 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. BAR'S current set of 
transformations and the way it uses them have so far 
prevented this deficiency from causing any vacuous 
solutions. 

• Independence: 	an expression matches the pattem 
( .....y •••] If it contains no references to the variable v. 

• Conjunction: 	an expression matches the pattem 
(patt, .•.~...] if it matches both patt, and 
( ... ~...], and simllar1y for [patt .....y ...). More 
general conjunctive patterns have not been needed 
yet. 

2.3. Model of Operatlon811ty 
BAR'. knowledge about operatlonallty includes a description of 

the advice recipient', capabilities In a given environment. For 
example. BAA knows that the predicate Has(Player.C8Id) Is 
evaluable when player • ME. but not in general, since player ME 
(the learner) can ... ita own carda but not its opponents'. This is 
Implemented by defining Has·ME(card) • Has(ME.card) and 
attaching the property l&Computable to the function Haa-ME but 
not to Has. Similarly, the faet that player ME chooses Its own 
card but not its opponents' ean:ls Is represented by attaching the 
property IsControIlable to Carc!.played-by.ME, defined 88 Card· 
played·by(ME). but not to CercI·played-by. 

http:Carc!.played-by.ME
http:dlffer.nt
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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 fact that an evaluable constraint on a controllable 
variable is considered operational is represented as 

(@lsConstraint l@lsEvaluable ... @lsControliable...]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 (L.ow (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 1M - rtls 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, •.. en 
for 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 (fx 
1 

·.. xn) (fy, ... Y,,))- (And(= x,Y,). .. (" X"Y,,)) (4) 

This transformation rule rewrites a reflexive 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 [Teltelman 
7e}. 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 eequenee 

of transformations that rewrites a given expression to mateh 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 turther 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 ...): I 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 [ ...I...] 

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 MOWS 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 of f as an instance of some g that 
matches P. This is accomplished by abstracting the original 
problem space essentially as follows: 

. Abstract a state (f ...) as f 

- Abstraet a goal (P ...) as P 

• Abstract a rule (L ...) - (R ...) as L - R 

BAR then searches for a eequence of abstracted rules leading 
from f to P; this eequence constitutes an abstract plan for 
rewriting (f ...) to match (P ...J, i.e.. carrying out the plan generally 
requires additional transformations to fully match the left side of 
each step. 
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Somewhat more precil8ly, BAR searches for a path from f to P 
(without repeated symbols) consisting of the following kind, of 
steps: 

'-un'old- g. where f's definition has the form (g ...) 

'-'oId- g. where g's definition haa the form (f ...) 

L-rule- R, where rule haa the form (L ...) - (R ...) 

f-matches- @P.wherelsatilfiesthe .... p4 

, -Iact- @P. where fact has the form 
(I ... ) -matches- @P 

To find such plans. BAR uses straightforward depth· first seerch 
up to a preset depth limit. currently 10. The recursive seerch 
procedure FindRephrasePlan(expression. pattern. depth) can be 
described as follows: 

If expression matches pattern 
then return the one·step plan 

expression -matches- pattern 
else il depth • 0 then fail 
else if there is an allowable step 

expression-next such that 
FindRephrasePlan(next, pattern, depth·1) returns 

a plan 
then return CONS(step, plan) 
else fail. 

To prune the search, FindRephrasePIan UIeS memo 
functions [Marsh 70j in several ways. First. it remembens 
successful calls; if it has earlier found a path from g to p. and 
encounters g while searching for a path from f to p. It will lIM it to 
form a path to P. Second, it remembers unsuccessful calla and 
their associated depth limit. If FindRephrasePlan(g.P,n) falla. 
subsequent calls of the form FindRephrasePlan(g.P.k) with k~n 
will fall Immediately. BAR further prunes the seerch 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 trias to cover the set of POSSible plans by finding IdI 
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 plana if the fi,.. step faI". If 
BAR gets atuck partway through a plan, It tries replanning from the 
current expression. If this falls. BAR backs up to the original 
expression and tries a different first step. This arrangement 
reduces the search for plana at the coat of replanning whenev« 
the chosen plan strays from the correct path after the first _po 
To generate only one path with a given firIt "'p, 
FindRephrasePlan rejects the fi,.. step If a plan that sIarts with It 
has already been found for reduCing the current difference. 

In the case at hand. FindRephrasePlan find, one plan for 
eliminating the semantic difference between (Avoid (Tak.poims 
ME) (Trick» and the pattern @lsAchlevable: 

Avoid -unfold­

Prohibit -matches­
@lsConstraint -Fact 2­
@lsAchlevable . (IS) 


"To mike thIIlblll"Ktion work. lIAR" .... _ ......y ~ 10 Ihet • the 
.....01' If ...) IIIIrIIIee 1II1II. e.g.• 1IPnIdIca1il, 10 doli.. function t. 

Actually. thiade8cription Is over-simplified .. a plan can contain 
more Information than a series of atomic symbolS connected by 
rules. FindRephraaePlan tries to preserve as much information 
as pouibIe about the ..xpression resulting from each atep. If a 
rule in a plan can be applied without aubgaaling. 
FindRephruePlan does so. If not. It tries to lorce a match 
between the expression and the left side of the rule. and then 
lUbltitute the resulting bindings in the right side of the rule to 
produce a partial instantiation. These bindings represent 
subproblems to be soNed. Only as a last resort does BAR abstract 
an expression as its topmost symbol. 

Although BAR applies its transformation rules procedurally, a 
procedural rute representation makes It difficult to identify the 
SUbgoats 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 
thlIa kind of reuoning. BAR uses rule knowledge expressed in the 
pattern language. For example, Rule 4 is described as 

ttllsRf!fleNive (?f ..) m..J) - {And (" 1)('?yJ") 

This is an abltraction: it lacks information contained in the 
procedural ,..presentation. but captures several facts useful in 
deciding when to try Rule 4: 

• Rule 4 rewrites a reflexive predicate as a conjunction. 

• The 	 two arguments of the predicate must be 
inatanaet of the same function. 

• Rule 4 	eliminates the reflexive predicate and the 
function. 

Thus plan 5 lICtua/ly looks like this: 

(Avoid (Take-points ME) (Trick» 
-unIofd­
(Prohibit (During (Trick) (Take·points ME))) 
-matches­
(OlaConatraint [@lsEvaluable ..•@laControilable ... j) 

-Fact 2­
@lsAchievabie (6) 


Executing this plan will require solving the subproblem of 
rewriting (During (Trick) (Take-points ME)) to match 
(...Evaluable....ISCOntroilable ... ]. This subproblem takas 
eaveraI dozen steps to solve. and Illustrates the benefit of 
planning in the abstracted problem space [Sacerdoti 74]: it 
prunes the ...,ch by trying only those transformations that lead 
to a solution in the ebetraction apace. Otherwise BAR could waste 
Iota of time aoIving such subproblems along the way to a dead 
end. 

5. Reduction Strategi•• lIIu.trated 
BAA'S Itnltegies for reducing each kind of difference are now 

illustrated by I1I4Iena of an extended example: the 
operationalization of "avoid taking points." This takas about eo 
transformation steps. but the rusoning can be loosely 
paraphrased aa follows: 

1. I want to avoid taking pointllin 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 • 

mailto:f-matches-@P.wherelsatilfiesthe
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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 @lsAchievabie 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 60). Thus Reduce now calls Transform to rewrite 
expression 7 to match (@lsConstraint (@lsEvaluable 
..@lsControl!able ... ]). and Transform calls Reduce to reduce the 
differences between them. 

Given an expression (f e1 ... en) and a pattern (P patt1 ..• patt )n
where f matches p. Reduce uses recursion to reduce the 
differences between them by Transforming each ej to match the 
corresponding subpattern patti' Thus Reduce now calls 
Transform with expression 8 and the pattern 
(@lsEvaluable...@lsControliable...]. 

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 paints. 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 lett side of the rule. each conjunct 
must match @lsEvaluable. To simplify this example. Trick-has· 
paints 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 unevaluable because Winning-card cannot be predicted. To 
make this expression evaluable. BAR decides to apply 

(1t (The x S Px) c) - (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: 

(@lsSymmetric ?)( ?y) - (@lsSymmetric ?y?)() (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-Ied) 
(Forall?x (Cards·played·in·suit-Ied) 

(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» 
(Foral! ?x (Cards-played·in-suit-Ied) 

(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 ISd. 

BAR considers the first conjunct of expression 15 to be 
evaluable. but the second conjunct is quantified over (Cards· 
played-in-suit·led). 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 

(@lsQuantifierP,edicate?)(?S [@lsPredicale ~ ... ?x...J) 
- @lsPredicBle (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 trom an expression, BAR looks for rules 
that have a pattern variable in an argument position on the lett 
side but not on the right side. One such rule is abstracted as 

(@lsComparative ?e "tv) - (@lsPredicafe ?e) (18) 

Rule 18 approximates a binary ordering relation as the 
corresponding unary predicate. thereby deleting?Y. BAR decides 
to use Rule 18 to delete ?x trom 

(Higher "hi (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) ?xl and then applies Rule 18. redUCing 
expression 19 to (Low (Card·played-by-ME)). That is. to make my 
card lower than somebody else's. I should playa low card and 
hope fQr the best. 

The final result of Transforming expression 8 to match 
@lsEvaluableisthe expression 

(And (Trick-has·points) 
(In-suit-Iee! (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 ... ] in 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 eearch that 
resembles FindRephrasePlan but allows steps that go from an 
expression to one of its subexpressions. 

At this poinl the overall expression is 

(Prohibit (And (Trick. has· points) 
(In·suit·1ed (Card·played·by·ME)) 
(Not (L.ow (Card·played·by·ME»)))) (21) 

This expression matches the left side of Fact 2, 

(@lsConstraint [@IsEvaluable ...@lsControliable...]) 
-matches- @lsAchievable 

@lsAchievable 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 several plana for reducing a given 
difference, it faces a combinatorial search problem that will 
worsen as more rules and concepts are added. It uses several 
techniques to deal with this problem. 

BAR rates the plans it finds according to their estimated chance 
of success, and tri.es them in order until it finds one that 
succeeds. The rating depends on the number of steps in the plan 
that require additional problem-solving 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 UserSelectPlan that 
allows the user to guide the search. In this mode. whenever 
Reduce finds multiple plans it asks the user to eeIect 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 search in cues where a single plan is found and 
fails. 

BAR caches the results of all calls to Transform and Reduce in 
the course of sofving a given problem [Lenat 79] [Marsh 10]. 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 generat .. !tiel! as its own 
subproblem. When a problem is first attempted. a failure result is 
cached; if in the course of solving the problem, a subproblem 
identical to it is encountered, the subproblem will fall 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 ..arch and to rate plana once 
they are found, allowing BAR to tune its feasibility estimates even 
during the course of a single problem. This simple form of 
learning generalizes experience gained in the course of problem· 
solving, and allows BAR to tune its own performance within and 
between problems. It is compatible with user guidance: in 
UserSelectPlan mode. the plan ratings have no effect. bllt 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: learning to discriminate between successful and 
unsuccessful attempts to apply a rule would be much stronger. 
However. predicting whether a rule cen 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 
operationalized only in UserSelectPlan mode. Even though the 
right plan is frequently the only one found or is scored higher 
than the £ltematives, 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 rules. 

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 selects among competing 
methods. 

As implemented. BAR'S model of operationalily ignores 
preconditions and state dependenCies .. il does not handle 
procedures that cen 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·polnts 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-eKpression to be 
transformed. Also. the model assumes that all computation is 
free. 

A more realistic model would acknowledge that operationality 
is relative: some methods are more reliable than othera. some 
computations are more expensive than others, and the 
operationalily 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 
operationalization 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 
search 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 pattern. its top-level goal is to change the top-most symbol 
of the expression to match the top· most 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 those for which some abstract path 
to the solution exists. However. this scheme generates vacuous 
plans when the top-moat 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 evaluation of an expression. For 
example, the fact that BAR lackS a definition for During would 
motivate ita deletion trom expression 8. 
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To constrain the search. BAR assumes that an expression (f ...) 
can be transformed to match a pattern (f ... ) without 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 8) into (Union 8 A) if one didn't 
know Union was commutative. one might have to unfold (Union A 
B) as (SeIOf x Universe (Or (In x A) (In x 8))). 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· fi rst, 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 espects of the current 
expression. 

8. Conclusion 
BAR is still in a relatively early stage of development; so tar 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 operationalization, 
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 alreedy been formalized. 

A promising candidate for such an application. arises In the 
course of transforming a formal closad system 
specification [Feather 83] into a compilable 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 
gen9ralization 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 difficuit--that when hun1ans face such 
generalization problems, they typically have some goal. or 
purpose for attempting to learn, a particular concept . Our 
main point is that explicit knowledge of this learning golll. 
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 "heuristics 
that recommend problem solving steps which lead to 
solutions". LEX2 interprets each of its positive training 
instances in terms of this l..-ning goal. in order to 
determine which features of the instance are essential. and 
which are irrelavant to the heuristic to be learned. In LEX2. 
we have found that introducing explicit knowledge of the 
learning goal ieads to two ilTlpOrt..-lt new capDlities: 111 the 
ability to form a justifiable generalization by "yzing 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 [Utgoff 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 natu'e of the 
generalization problem. In particular. we have told the 
system the concept Ie.g.. "problem solving steps that lead 
to solutions") that it is to learn! Without explicit knowledge 
of its learning goat. 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 principle the classification of every 
possible training instance. But while the leaming goal 

~o~stitutes 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 83] II successor 
to the FOO system [Mostow 82] I which learns effective 
strategies for playing the card game Hearts. BAR starts 
with knowledge of its lea-Ming golll (for example to learn 
"which cards to play to avoid taking points"l. 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 players hand 'e.g. "lead 
with a card having higher point value than any card of the 
...". 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 
example, there are rTWIy 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 probltbilistic methods to determine the 
best card to play. 

• 	 s..ch tirough a space of possible scenarios 
in which one might envision taking pOints. 
AVoid any such scenarios. 

Mastow'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. 

tlThis IS an extended abstract of a forthcomming paper 
to be presented at the Second Interrlational Machine 
Learning Workshop. ThiS work is supported by the National 
Science Foundation under grant MCS80-08889, and by the 
National Institutes of Health under grant RR-64309 
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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 X. 
so tnat the heUristics suggest problem-solving steps leading 
10 solutions' In such cases. goal-directed learning 
corresoonds to learning by being told by onesel f. The 
t:uris"o program [Lenat 82] prOVides one example of a 
:.: .'st€-I"""'. !qa: r"',oni"iors asoects of It~ o~:n periorman~E. In 
:xde~ t~ formUlate certa;n tvpes ot useful learning taSKlr. 
We suggest that such learning tasks are naturally suited to 
goal-directed learning. 

[Keller 83J 

[Lenat 82J 

(Mitchell 81 J 

[Mitchell 82] 

[Mitchell 83] 

[Mostow 82] 

[Mostow 83] 

[Utgoff 82] 
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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 has been clear for 
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. Thel?ry 
formation capabilities are necessary for problem soIvmg 
systems that can improve their performance by le!L"nin, 
from experience; in particular, sys~ that can ahift ~he 
representation of the problem on which t~ey are work~, 
via the efrective use of new knowledp d18covered durm, 
their problem solving activity [See Amarel, 1982). 

The specific focus of our work has been on the 
interactions between p'roblem representations and 
methods for searching/building solutions in thel?ry 
formation problems, and alao on processes for movm, 
between alternative problem representations. Weare 
exploring these iss~es in t~e context 0 a sp~ific pro~am 
formation (synthesl5) task In the mathematical domam of 
finite partially ordered structures. This is an ~tremely 
rich domain with many applications to computIng. In 
particular, we are considering the follow~ng ~roblem: 
given a language of programs, and the specification of a 
function (such as Infimum) in the form of a table of 
associations between data elements in the domaini build a 
program that defines the function. 

The problem that we face here is how to search in the 
given language of programs for ': program that ~at~es 
the constraints imposed by the pven at of 88IOCtatlons. 
This can be regarded as a constraint ...tisfaction problem, 
where the constraints are presented in a data space, and 
the possible solutions are presented in a .econd space 
- the program space;, and f~rthermore, the initi~ body of 
available knowledge 15 not In a form that permats useful 
links to be readily established betweell the two spaces. 
An errective solution method requires the development of 
strong links between the two spaces, and the 

·This research Willi supported ill par' b, 'he Di"ilioll 01 R_arch 
Resources, NIH, GraD' RROOCI4a &0 &h. RlI&aen a-.reh RtIoaree 
OD Computer ill Biomedicill•. 

**Viai&iDI R_arch Fellow a' &h. AI Ceaur. SRI lDunaatioDaI, 
Mellio Part. Calilonaia. duriea &~ Sprilla 01 10113. 

establishment or a stragey for good coordination between 
tbe search/reasoning activities in these spaces. Problems 
of this type have been studies by Simon and Lea [1914). 

In previous work, we developed two approaches lor 
solving our program formation problem. The first 
approach [See Amarel, 19621 started by specifying a 
grammar for the language of programs, which provided 
rich racilities lor a hierarchical description of the 
structure or programs. The choice of the grammar was 
essentially arbitrary, We then assumed that certain types 
of regularities exist between structured descriptions 01 
prograRUI obtained in the grammar and the functional 
behavior of these programs; and we formulated an 
evaluation lunction 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 regularity, we formulated a 
-Generate-and-Test- procedure, which was 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 candidate 
program/hypothesis, and only very weakly for ! Ei2!! 
control or program generation. Even though a moderate 
level or performance was obtained by this approach, it 
became clear very soon that performance was highly 
sensitive to tbe choice of program grammar. Small 
changes in the way of specifying the grammar had strong 
erfects on overall system performance. This experience 
convinced us of the centrality of the problem of 
representation in the formation process; and it led ua to 
the development of a second approach for handlin, the 
problem. 

The second approach (See Amarel, 19711 is bued on a 
model of program space which enables us to reason about 
prop'ams in terms of their functional characteristic •. We 
constructed such a model in the form of & modified 
algebra of relations whose terms correspond to structural 
descriptions 01 programs. Given the model, it was 
possible to formulate a strategy of search in problem 
space which is more goal-directed than in our flllt 
approach. The search involves obtaininl estimates of 
-distance- in program space between candidate programs 
and the goal program, and applyinl -distance reduciD,­
moves in program space that are chonn on the bam of 
al,ebraic properties of the model. In this a.pproach, a 
considerable amount of specific knowledp about program 
space had to be used - to constrain the choice 01 program 

http:Uniwr.il
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grammar, and to provide a more solid basis for the 
assumptions of structure-function regularity that are 
n<.'eded in the problem solving process, This approach 
resulted in a more robust (and an improved level of) 
performance in solving our problefll by impr~ving the 
representation of program space relative to the given task. 
Again, no direct reasoning in data space was involved. 

In reC<.'llt 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 cOfllbi~e t~e 
• computational paths· of several data assoCiatIOns 10 

order to infer a single program that can be seen as 
generating them; and bow 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 of dependence between the 
conditions (or the goals) of a problem is of fundamental 
importance for the choiee of a problem solving method. 
More research is needed on methods lor handling 
conjunctive goal situations, not only (or. planning or 
design problems but also lor theory formatIOn problems. 
Also it became evident that the notion of problem
ror~ulation in t.heory formation is somehow nuid and 
open-ended. While. our present forlD:ulation of ~h~ .theory 
formation task is oriented to the find10g of a defInition for 
a given concept in terms of a given language, this 
represents a special ease ?~ theory forma:tion. In our eas.e, 
the coneept is well-speeifled from outSIde the system 10 
terms of a. conerete domain whieh we are asked to express 
in the language of the theory. More generally, t~eory 
formation involves both the choiee of a (sub)domam to 
express within a lan~age of ~h~ory, and the find~ng. of an 
expression for definmg/explamlng the (sub)dom&ln In the 
theoretical terms of the language. The interplay between 
domain ehoice and the formation of a theory for the 
domain is an interesting and diCficult problem, whieh 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 different facets 01 the scientific 
process. BACON.6 locuses on discovering empirical laws that 
summarize numerical data. This program includes heuristics for 
linding 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 for 
combining classes that have many elements in common. STAt-L 
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 reactions 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. 
While each of these discovery systems is interesting in its own 
right, we are a!$o 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 01 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 
a<::tivity. However. in recent years. researchers in computer 
science and cognitive psychology have developed powerful new 
approaches to mC'de,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. 
Although these concepts were originally developed with respect 
to problem solving. they are equally applicable to explaining the 
mechanisms that lie behind scientific discovery. 

In this paper we examine scientific discovery in the light of 
such notions as search and hlluristics. Of course. there are many 
differerlt types of discovery. ranging from finding numerical laws. 
to classilying similar objects and events, to formulating structural 
models to explain regularities. In the loilowing pages. we address 
each of these forms of discovery. Our approach has been to 
consider some period trom the history of 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 01 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 from the 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 sheped the 
directions 01 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 01 the 
combining weights of the constituent elements was always 
constant for a particular compound. The second fundamental 
advance was Oalton's (1804) introduction of the law of multiple 
proportions. This law asserts that when two elements combine to 
form several different compounds, the ratios of their combining 
weights are always smallinteoer 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 wort( 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. 

1 . 
Reprint requests should be sent to Pat Langley. The Robotlca 
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Finding Numerical Relations in Noisy Data 

We have explored the process of quantitative discovery 
!I',rough BACON.B. the sixth In a lina 01 programs named alter Sir 
Francis Bacon (1561,1626). Given a set of independent 
variables. BACON.6 varies one of the terrns. looking lor rel<ltions 
between that term and some dependent variable. Once a 
lunctional relation has been lound. the parameters in that 
fun:::tion are given the status of dependant terms at a higher level 
01 description, When the system varies the next independent 
term, it looks lor a relation between thilt variable and the new 
higher level terms. rhis process contrnues. with BACON.6 
reCllrsing 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 grp.at detail, 
since it has been described for earlier versions of B,\CON 
elsewhere [langley. 1981. langley, 1982). 

Unlike previous versions the current system is capable 01 
dealing with significant amounts of noise in its data. The program 
uces a differencing technique to find the besl polynomial 
function for relating two terms, However. it also considers 
polynomial relations between functions 01 these terms, 50 that 
relations such as y3 = aJl2 + bJi + c. and sin(y} alog(x} + b 
can be lound. The differencing method accepts any relation that 
accounts for more than a user· specified percentage 01 the 
variance in the data. When III is 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 find any relation at all. In 
contrast, when the selting is low, the system tends to generate a 
nllmber 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 of terms that make up the polynomial expression. 
The user can specily the exact role played by Ihe two criteria, but 
in our eKperiments with the system. we have lound that the (atio 
of explained, variance to complexity gives good results. Once the 
SGore for each hypothesis has been calculated, a threshold 
score is computed, and only those laws exceeding the threshold 
are retained. BACON.6 also takes the gencralit)' 01 each law into 
account. For example, il two laws are found to describe the 
relation between y and z when x ~ 1,0, but one 01 these lawe 
dOes not lit well when x = 2.0, then that law will be rejected. In 
this way, the system ensures that only hypotheses holding 
across a broad range of data are retained. 

postulatir.glntrin3ic Properties 

Whill';) the above heuristics are useful for discovering relations 
ootween numerical terms, they cannot be used to rel~te nOlllinal 
or symbolic independent terms to numeric dependent variables, 
ancl this is precisely the situation 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 pfoperUes that take on numeric 
values, and then associates these properties with the nominal 
terms. 

ELEMENT 1 ELEMENT2 COMPo w W /WW1 2 2 1 

NITROGEN OXYGEN NO 1.0 1.14 1.14 
I4ITROGEN oXYGEN NO 2.0 2.28 1.14 
loIJTROGEN 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 
NllBOG~N oXYGEN N20 3.0 1.71 0.57 
NITROGEN OXYGEN N02 

1.0 2.28 2.28 
NlTRQGEN OXYGEN N02 

2.0 4.5$ 2.28 
NlTROGGI+ OXYGEN N02 

3.0 6.84 2.28 

Table 1 : Determining the combining wl;ights lor reactions. 

Let us consider the role 01 intrinsic properties in BACON.6's 
redlscovery...ol the early chemical laws. Given control over the 
substances enteritJg, iI'Id resulting trom a re.ncti0n, as well as the 
I.\!~ight 0.1 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 wfilighta w 1 and w 2 are linearly related with a slope 
of 1.14 and an intercept of zero. Upon varying the output 01 the 
I'f;\aCtion, BACON.a then examines tll9 weight relations lor the 
compound nitrous oxide (N20). In this case, the law is also 
Iillelll', but the :slopa has changed to 0.57. A similar result is 
oetained when the system examiRes the values for nitrogen 
dioxide, and- in this case the sloPfil is 2.29. 

The slopes that BACON.6 finds in these experiments are 
etpsely related to the weight ratios founei by Proust .. Having 
found these ratios, the program summnrizes its results at a 
higher level 01 description, as shown in Table 2, and treats these 
summaries as data. The table also includes the results obtained 
fer two ,eactions of oxygen and carbon. In this case, the system 
linds 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/oxygen/nitric oxide would be set to 1.14, the value for 
nitrogen/oxygen/nitrous oxide would be 0.57, and the value lor 
nitrogen/oxygen/nitrogen dioxide would be 2.29. As stated, 
these intrinsic values simply store an already know,. fact, and in 
this sense Ihey 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 lor Dalton's law of multiple proportions. This 
taw stated that in cases where two elements combine to form 
d;{fe,ero compounds, the ratios of their combining weights were 
always small integer multiples of one another. BACON.6 includes 
a ileuristic which lets it discover just such a relation in the data 
Irom Table 2. This heuristic operates whenever the system 
defines a new intriASi¢ property, and examines the values of the 
new property to see if they (or their inverses) have a common 
diYisor. This technique is espeCially useful when intrinsic values 
are associated with multiple nominal values, as often occurs in 
cilelTNStry. We have described both the intrinsic property and 
common divisor methods at length in earlier papers rBradshaw, 
1I/lO.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 replace these intrinsic values ' 
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 divisora 
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 relationa 
are formally equivalent to Dalton's law of multiple proportions. 
BACON takes a similar path in discovering Gay·Lussac's 
common divisors for combining volumes, and has even arrived III 
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 1 ELEMENT:l COMPo W2/W, P w2 'W1P 

NITROGEN OXYGEN NO 1.14 2 0.57 
NITROGEN OXYGEN N20 0.a7 0.17 
NITROGEN OXYGEN N02 2.28 4 0.67 
CARBON OXYGEN CO 1.33 1 1.3.1 
CARBON OXYGEN CO2 2." 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 da/a·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) aJso 
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.6 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 deter....ine lawtl. 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 ot these fares best. In addition. 
BACON's expectation-driven methods simplify the discovery 
process with very little loss in generality. This results from the 
facl that they obtain their expectations not from domain·specHIc 
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 Ita 
earfy discoveries to direct Ita search at later stages. 

Comments 

In the preceediilg pages, we have described BACON's inputs. 
outputs. and the heuristics it employs to generate one from the 
other. By itself, BACON provides an interesting and useful 
account of the discovery of quantitative empirical laws. However. 
the- systen! teaves some important questions unanswered. For 
example, how does BACON decide which variables to employ in 
the experiments it runs? Similarly, how are the laws generated by 
the system put to us&? In the current version, the representation 
of data is provided by the programmer, and the laws are simply 
printed on a terminal screeR. One can imagine a version of 
BACON with en 11I1'!)I'.cwed user interlace, serving as a scientist's 

. aide in ."alyxing data. and fulfilling a uselul function while still 
requiting Its user to design its input and interpret its output. This 
is on. direction in which the systen! might be extended. and it 
shOuld probably be done. 

However. if one's goal is to Wlderstand the nature of scientific 
diSCovery, then a more _rious answer to the above questions is 
required. The il'ltraduction 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 laws 
in other COIIt\ilXts. However. we know from the history of science 
that.1awa also. teed ev8ntualty to theories and explanations. and 
BACON has little to say about such aspects of discovery. This 
suggests that we win find answers to both questions only by 
.udyiAg ether f8£_ of the discovery. proeess. Although 
constructing A' modelt of these components W040IId undoubtedly 
be ·lnteresI:ino even in isolation, the true advantage will come 
Irom explol'lng the Interrelations between different forms of 
dbJcgyery. Our IoDQ-raage goal. then, should be to understand 
corl'ipOnents CIt 1he Qlacovery process whOse outputs can be 
used .. BACON's inputs. and to uncover other components 
which can employ BACON'.s .outputs as their inputs. In the 
remainder 01 fl. PIU*'. we focua on three different models of 
discovery that we halle constructed to this end. and we dose 
with some speculations on possible interactions between the 
varioua syeteme. 

Discovering Qualitative Empirical Laws 

Although BACON's heuristics are quite useful for discovering 
quantitatille relations, they cannot be applied when only

2qualitative information is available. "'or example. let us consider 
the state of chemistry before scientists discovered theories 
Involving quantitatiw 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, reeearchers focused on features 
such as the taste and texture of substances. as well as their 
interactions with other aubstances. Thus. they knew that the 
substance we now call hydrochloric acid had a sour taste, and 
that it combined with ammonia to form NH 4CI (though the 
structure of this compound was not known). Moreover. they 
knew that sulfuric acid also tasted sour. and that It also 
combined with ammonia to form (NH4)2S04' From such facts as 
these, the early chemiab defined classes such as acids, alkalis, 
and salts. and formulated laws involving these terms. such as 
"acids taste sour" and "acids react with alkalis to form saIt8". 
Eventually. they came to view both alkalis and metaJs as special 
cases of the more abstract concept of a beae. and arrived at the 
more general law that "acidIJ react with bases to form aaJtsM. 

2TM Intt1n8lc property heuristic does let one associate 
numbers with symbols, but some numbers must be present at the 
outeet.. 
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A Qualitative Discovery System 

In our erlorts to understand the process by which chemists 
arrived at the notions 01 acids and bases. and by which they 
developed theones involving these terms. we constructed a 
second discovery syt>tem that accepts qualitative lacts as input. 
We ha'/e n1l1ned the program GLAUBER, after the 17th Century 
German chemist who played an i!l1portant role in developing the 
concepts of acids and bases. Belore considering the program's 
heuristics. we should examine its representation of data, since 
this representation is closely linked to its discovery methods. 

GLAUBER represents facts using a simple frame· like 
structure. Each lacl contains a predicate that specilies the type 
01 fact it is. along with one or more attribute· value pairs. For 
example. Ihe facllhal HCl reacls wilh NH3 to lorm NH4CI would 
be slored as (reacts inputs (HCI NH3) outputs (NH4CI». Here the 
predicate is reacts. the attributes are inputs and CUlputs, and the 
lists (I-;Cl NH ) and (NH4Cl) are the values lor these attributes. 

3
GLAUBER knows that the order of symbols in a value list does 
nol matter. so Ihal (reacls inputs (NH3 Hel) oulpuls (NH4CI» 
would be considered identical 10 Ihe above lact. The knowledge 
Ihal Hel lasles sour would be stored as (has-quality objecl (HCI) 
taste (sour». III Ihis case the values are enclosed in parentheses 
for consistency with olher predicates (such as reacts), which 
may have multiple symbols as values. The reason lor 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 for 
recurring patterns in these data; it may be stated as: 

If two facts have the same predicate, 
and have the same value for the same attribute, 

then create II pattern identical to these facts, but in 
which differing values are replaced by class names 

For instance, given the two facts (reacts inputs (HCI NH3) 
outputs (NH4CI)) and (reacts inputs (H2SO4 NH3) outputs 
((NH4)2S04»' the system would note that the symbol Ntta 
occurred in the value of the inputs pr(lperty in both cases. As a 
result, it would define Iwo classes (say class-l 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 ireacts inputs (class-l NH3) 
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 
appropriate substances to Ihe classes that have been defined. It 
may be paraphrased: 

If you have just created a pattern, 
thon 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 01 known facts, checking 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 Ihe 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 added as members of the class menlioned in the 
pattern. In our example, the chemicals HCI and H2S04 would be 
stored as members of class·l. while NH4CI and (NH4)2S04 
would be stored wilh class·2. Since the substance NH3 occurs in 
both inputs, it would not be added to any class at this time. 

Table 3 presents a set of lacts that were genp.rally known by 
chemists in the 17th Century. This set includes illlorrnath)H aiJQlJt 
reactions between chemicals. as woll as infonnulion about the 
lastes of individual substanc<;s. When GLAUBER was presented 
with this set of propositions. it arrived at a class of sour-tasling 
substances. a class 01 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 (NaGI)) 
(reacts inpuIS (HCl KOH) outputs (KCI)) 
(reacts inputs (HCI NH ) outputs (NH4CI)) 
(reacts Inputs (HN03 JaOH) outputs (NaN03» 
(reacts inputs (HN03 KOHl outputs (KNO )) 
(reacls inputs (HN03 NH3l outputs (r~H4;r03l) 
(reacts inputs (H2S04 NaOH) outputs (Na2504)) 
(reacts inputs (H2S04 KOHl outputs (K 504» 
(reacts inputs (H2SO4. NH3) oulputs «rJR4)2S04)) 
(has-quality object (Hel) taste (sour») 
(has-quality object (HNO ) laste (sour» 
(has·quality object (H 2Sd4) taste (sour» 
(has-quality object (NaOH) laste (bitter» 
(has·quality object (KOH) taste (bitter» 
(has-quality object (NH3) taste (bitter» 
(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 (KNO ) taste (salty» 
(has'lIuality object (NH4~03) taste (salty)) 
(has-quality object (Na2SO4) taste (salty)) 
(has-quality object (K 504) taste (salty» 
(has· quality object «N~4l2504) taste (salty)) 

Table 3. Chemical facts presented to GLAUBER. 

II the early chemists had stopped at this point, their developing 
science might have remained u mass of isolated regularities. 
However, they also notEO>(j Ihat certain patterns 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, 


thon combine them into a single class C, 

and store the patterns for A and B with C. 


This rule would note. lor example. that the class 01 HCI·reacting 
substances has the same members as the class of 
HN0 -reacting substances, and would define a new class (let us 3
call it the class 01 alkalic) that subsumes both 01 the original 
classes. The more specific classes would be abandoned, but 
their associated patterns would be slored 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 they also tend to react with HN03. Alter making this 
combination. the same heuristic would note that the alkali class 
and thl! class 01 substances that react with H2SO4 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 referring to reactions with HCI, another to 
reactions with HN0 , and a third to reactions with H2SO4,3
GLAUBER continues to apply the combination heuristic until all 
clast.eS with enough members in common have been combined. 
The exact meaning of the phrase "enough in common" depends 

http:clast.eS
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on the$etting of a system paramete~; however, we have kept it 
close to 100 percent to avoid the combination of all classes into 
one superclass. 

Note that when two classes with non· identical members are 
combined, GLAUBER is effectively deciding to incorporate a 
pattern into the definition of a concept even though that pattern 
does not hold for all examples of the concept. Thus, if most 
alkalis tasted biller but not a/l 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 lew concepts in any branch of science that do not include 
some exceptions. In order to avoid overgeneralizations, the 
system stores the names 01 substances obeying 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 Tuble 3, this 
situation occurs for various classes of salts. For instance. 
GLAUBER defines one class consisting of substances that have 
salty tastell. and another composed 01 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 
lirst 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' notions 01 acids. alkalis. and salts. 

ACIDS: {HCI, HN03, H2SO4} 
(reacts inputs (acid NaOH) outputs (salt) 
(reacts inputs (acid KOH) outputs (salt» 
(reacts inputs (acid NH3) outputs (salt» 
(has·quality object (acid) taste (sour» 

ALKALIS: {NaOH, KOH, NH3} . 
(reacts inputs (HCI all<ali) outputs (salt)) 
(reacts inputs (HN03 all<a/i) outputs (salt» 
(reacts inputs (H2S04 all<ali) outputs (salt)) 
(has·qu·ality objeCt (all<a/i) taste (bitter» 

SALTS: {NaCI. KCI. NH CI. NaN03•KN03, NH N03,4 4
Na2S04• K2S04, (NH.v2S04) 

(reacts inputs (acid NaOH) outputs (salt)) 
(reacts inputs (acid KOH) outputs (salt» 
(reacts inputs (acid NH3) outputs (salt» 
(reacts inputs (HCI all<all) outputs (salt» 
(reacts inputs (HN03 all<ali) outputs (salt» 
(reacts inputs (H2SO4 all<all) 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 clas2es that 
accurately summarize 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 aU the palterns that you can, 

and combined all the .Iasses that you can, 


then treat the known patterns as facts, 

and apply the otber heuristics to them. 


This rule leads the program to examine the patterns shown in 
Table 4 and to treat them as if they were data. thus generating 
new classes and patterns. For instance, given these data, the 
first heuristic discussed above would note the recurring symbols 
alkali and salt in the "factsh (reacts inputs (HCI alkali) outputs 
(salt» and (reacts inputs (HNOa alkali) outputs (sall). As a 
result, it would define a NtW class (say alkali· reactors) and use it 
in the higher level J)8ttem (reacts inputs (alkali-reactor alkali) 
outputs (salt». After this. the second heuristic would add the 
chemicals HCI, HN03' and H2SO4 to this class, since each of 
them occura 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 lell 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 lacts 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 
texture. SInce both of these classes are subsets of the various 
acid-reacting classes. their associated patterns are copied over 
to the supersets. After 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-l) 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 claases being existentially quantified (with the 
universal quantifier occurring first). As a special case. il 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 exemple, two statements 
would result: "'or 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-l 

3we have used the name. "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 thaI HCI reacts with X to form Y". Upon comparison with 
the data. an extended version of GLAUBER might decide that 
oilly 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 
adds and bases. However, one can imagine domains in which 
onh' 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 
recurring relations between conjunctions 01 bcts. For instance, 
suppose one observed (as Mendel did) that when certain green 
garden peas were self· fertilized, they produced onty green 
oilspring. but that when other green peas were self· fertilized, 
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 
"re identical), but based on the features of their offspring. Thus, 
In lookinq lor patterns. the system woula have to examine not 
only :;ingle facts, but pairs of 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, 
arad 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 
Ulan 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 eller presented with large set of facts (some of 
wll'ch 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, NH , and 3
so forth. 

Another relevant factor relates to the empirical content 01 a 
pattern. For instance. consider the statements "acids taste 
sour" and "acids dissolve metals". The first of these refers to a 
single 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 01 this 
scheme remain to he 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 sections 
wore all concerned with finding empirical laws that summarized 
observations. However. an equally ifTlportant form of discovery is 
concerned with finding ellplarlClfions 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 the 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 implemented two programs that attempt to determine 
the underlying structure of reactions. In contrast to BACON and 
GLAUBER, these systems employ knowledge about the nature 01 
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, after G. 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 summarized 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 01 a 
compound. It can be stated: 

If A and B react to form C, 

or if C decomposes into A and S, 


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 information that hydrogen 
reacts with oxygen to lorm water, STAHL would infer that the 
latter substance is composed of the first two. Note that STAHL 
does not draw any conclusions about the amount of hydrogen 
and oxygen contributing to water, but only that they contribute 
something. 01 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. 
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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 chemistry, so STAHL includes 
additional heuristics for dealing with these more complex 
siluatlons. The purpose of these rules is to simplify such 
reactions. with the goal of transforming them into a form that can 
be malched by the synthesis/decomposition rule shown above, 
One such rule is responsible for "canceling" out substances 
occurring on both sides of a reaction; this "reduction" rule can 
be paraphrased: 

If A occurs on both sides of a reaction, 
then remove A from the reaction. 

This heuristic leads directly to a simplified version of a reaction. 
For instance, if ST AHL is told that"A, B. and C react to form 0 
and C", 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 
of A and 8. One can imagine cases in which this approach would 
lead to errors. as when different amounts of a substance are 
observed before 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 occu rs In a reaction, 
and A Is composed of 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 Vond Z". In this case, the 
substitution rule would let us rewrite the second relation .. "V, 
Z. and W react to form V and Z", 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 
Vis composed of V and W. As before, this rule is not restricted to 
substances composed of two elements, but works equally well 
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 of 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, elCcept 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 0, 
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 diHerent 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 illterestlng 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 
compQsition 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 addilional inferences, and so forth. until as many 
conclusions as possible haye been drawn. This process 
generally begins with one or more simple reactions, but after this 
tne particular path taken depends on the data available to the 
system. Below we consider a eimple example of STAHL's 
behavior in relation to the pl>iogislon theory. 

Discovering the Phlogiston Theory 

The theory of phlogiston originated early in Ihe 18th Century, 
and after undergoing several transformalions, was widely 
accepted until the 1780's. This theory adopted the ancient view 
that fire. heat, and light are different manifestations of 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 decomposiag into 
the matter of fire (another term for phlogiston) and ash. Early 
phlogislians were not able to isolate phlogiston, but the 
disengagement of fire 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 thla substance was supported by a substantial 
body of evidence. 

After they began to study combustion within closed vessels, 
chemtsts 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 played 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 en>ployed 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 chemists developed 
phlogiston-based models of combustion reactions. Such 
confusions are cornmon 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 simHar to the phlogiston theory. Suppose we 
present the system with two facts: (reacts inputs (coal air) 
outputs (matter-of-fire ash air» ~ (reacts inputs (calx·of-iron 
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 (matler·o.-fire ash» and 
(reacts inputs (calx·of.iron coal) outputs (iron ash». The first of 

4Several decades later, in the second half of the 18th Century, 
fixed air (carbon dioxide) waa discovered. and recognized .. the 
product of burning coal in place o. ash. 

f5calx of Iron was the current name for iron oxide; we have 
used the original terminology because the modem term 18 baaed 
on the oxygen theory developed by lavoisier. 
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these revisions. combined with the synthesIs/decomposition 
rule, leads dIrectly to the inlerence thai coal is composed of 
matter-ol-flre (or pnlogiston) and ash, which was one tenet of the 
early phlogiston theory. Having arrivo::d at this conclusion. 
ST AHL would apply the substitution rule. generating the 
expanded relation (reacts inputs (calx-of· iron ash matter·of-fire) 
outputs (iron ash)). At this point, the reduction rule is used to 
remove ash Irom both sides of the equation, giving (reacls inputs 
(calx-ol·iron matter· of-lire) outputs (iron)). Finally, the 
synthesis/decomposition heuristic leads ST AHL to infer that iron 
IS a compound composed of calx-of·iron and the matter of 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·acld water) ouptuts (vitriol·of·iron inllammable-air 
water» and (reacts inputs (calx-of-iron sulfuric-acid water) 
ouptuts (vitriol·ol·iron water)).6 Given these facts, STAHL 
removes the water from both reactions using the reduction rule. 
This sufficiently simplifies the second reaction so that one can 
apply the synthesis heuristic, inferring that vitriol·of-iron is 
composed 01 calx·of·iron and sulfuric-acid_ This fact is 
substituted into the first reaction, giving (reacts inputs (iron 
sulfuric·acid) outputs (calx-of-iron sulfuric·acid inflammable· 
air)). After eliminating sulfuric-acid from both sides of this 
expfession, STAHL infers that iron consists of 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 1750's. 

Constructing Molecular Models 

Once the substances involved in a reaction hllve been 
determined, one can b€gin to construct molecular models of the 
reaction. in which one specifies the number of times each 
substance occurs in the transformation. After John Dalton set 
forth the general form of his atomic hypothesis in 1808, the 
design of such molecular models became of central importance 
to chemists. Dalton employed his rule of greatost 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 instance. it led him to conclude that 
water was composed of a single hydrogen atom and 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, ratner 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. 

6rhe formula for vitriol of iron is FeSO 4' while the modern 
name for inllammablo 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 01 an atomic theory that explicitly used structural 
models. DALTON knows that two quantilles are important in any 
reaction - these are number of molecules of each substance 
that take part (in the Simplest form Qf the reacllon). and the 
number of particles in each molecule.7 Suppose Ihe system is 
told IMt the element hydrogen reacls with the element oxygen to 
form the compound waler, and is asked to construct a model of 
the components of this process. In this c::\se, the program must 
determine the number of hydrogen. oxygen. and water 
molecules, and the internal structure of each type 01 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. Lei us examine what happens al each 
stage in the search through the space of models. 

(HO..W) 

/"­«H)O..W) «H) (H)O ..w) 

/ "­«H) (O) ..W) «H) (H) (O) ..W) 

I "­«H) (O).. (W) «H) (Ii) (O) ...(W) (W}) 

I \ 
((h) (O) .. (W) «h) (h) (0). (W) (W)) 

I / "­
«(h) (0) ...(W) «h) (h) (0) +(W) (W)) «h) (hI (0 0) .. (W) (W)) 

I I I 
((h)(o)-+(h 0)) VIOLATES «h)(h)(o 0) ..(h o)(h 0» 

CONSERVATION 

Figure 1. DALTON's search for a model of the water reaction. 

Starting with an abstract model of the form (H a -+ W). the 
program lirst 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 
propOSition «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 !lnd 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 01 the true 
situation that did its namesake. since Dalton did not make the 
distinction between atoms and molecules. 



conservation is obeyed. II this is pOS$ible, DALTON outputs the 
c.ompleted model and halts, but if the conser"ation principle 
cannot be satisfied. the system backs up and considers other 
possibilities. In this case, ths conservation heuristic tells 
DALTON that the water molecule must be composed of h and 0 
particles. and 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 descriced. 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, DAL TON's basic strategy is to carly 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 alter 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. il we give 
DALTON some additional information about the water reaction, 
its bellavior changes drastically. Avogadro was aware 01 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 V as possIbilities. 

Given this assumption (and knowledge 01 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 have the partially specified 
model ((H) (H) (0) - (W) (W». 

At this point the system would move to consider the internal 
structure 01 the hydrogen molecule. assuming it was composed 
of a single particle (say h). and would make a similar assumption 
for oxygen. However, lor the resulting model. «h) (h) (0) - (W) 
(W». there exists no decomposition of water in terms 01 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 lIS composed of two 
particles, and since this does allow conservation to be satisfied, 
a linal model would be constructed in which oxygen Is diatomic 
and hydrogen in monatomic: «h) (h) (0 0) - (h 0) (h 0)). (Theee 
two search paths ale shown on the right side of Figure 1.) While 
this model differs from the modem· day one, it 1$ 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, CAL TON 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 
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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 molacular structure of a reaction's output that 
uses all particles occurring in the input. 

Once CALTON has generated a successful model for a 
reaction, it converts this knowledge into productions, For 
instance, having arrived at the diatomic explanation 01 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 reo 
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 wes monatomic, 
based on the success of 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 lor ammonia. 

However, CAL TON 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 reactton that led it to construct the monatomic 

production. and checks to see if the replacement rule works here 

as well. In this case it does. but had it run into difficulty, the 

process would have been repeated, with DAL TON considering 

ever more complicated molecular structures (up to a limit), until 

both the water and the ammonia reaction had been succassfully 

explained by a single rule. 


Extensions of the App roach 

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 of a small set of hypothesized 
particles called "quarks". 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, CAL TON muat be modified to 
search the larger apace of models in which such decompositions 
can occur. 
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Aft equally important aspect of the Quantum theorj involves 
the conservation of mass and 01 the various Quantum numbers, 
such as spin and electric charge. In order to generate these 
features 01 the theory, DALTON' must attempt to explain 
Quantitative attributes of directly obserJable substances in terms 
of aUributErS associated with inferred substances such as Quarks. 
Presumably. these constraints can be stated as theory-driven 
heuristics. much as the conservation of 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 for 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 lor 
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 of the result 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 for 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 vtjilrsion of OALTON 
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 (g 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 variOlls genotypes are observed, but it would account 
for the basic Qualitative relations between parents and offspring. 

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 would be to combine these programs into a single, 
integrated discovery system, One advantage of this approach is 
that it would incr'ilase 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 of 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, 
the possibilities in the other direction appear much better. The. 

8we will not discuss the relation between BACON and STAHL, 
or that between GLAUBER and OALTON, since no obvious 
interactions present themselves. 

reader will recall that GLAUBER produc.es two forms of symbolic 
knowledge - abstract laws and hierarchies of clasSE:s used in 
those laws - while BACON employs symbolic values for some of 
its independent terms. One can imagine BACON making two 
uses 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 told by GLAUBER that nitric oxide, nitrous 
oxide. and nitrogen dioxide were all substances that resulted 
from reactions between nitrogen and oxygen. Giv;;on 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 
whenevt:lr 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 HCr. Now suppose that the system finds these intrinsic 
values useful when the substance is H2S04 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 tile 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 targer 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 GlAUB!:R treats the symbols· reacls, 
inpuls, and oulpUls 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. 

http:produc.es
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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 thert\ is nothing 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 H2SO4 was composed of H and 
S04' These inferences might be represented as (has. 
components object (HCI) components (H CIl) and (has­
components object (H2SO4) components (H SO 4))' 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 flow 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 of particles involved in a reactit>n 
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 
substance 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 OALTON'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 lor 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 OALTON's models might lead to predictions of empirical 
laws which BACON could then test. 

COlicttJSiOftS 

In this paper, we have examined four AI programs that 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.ra~ge 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 tradition in the history 01 science. and there 
will be ample time to incorporate these additional facets of 
discovery atter we better understand the relations between the 
four existing systems. 

Before closing, we should mention some of the earlier 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 focused on eliminating 
redundancies Irom a set of facts, rather than on forming abstract 
laws. GLAUBER is eomewhat more closely related to Michalski 
and Stepp's [1981] conceptual clustering program, which also 
generates classification schemes ~ased on qualitative data, 
though the details 01 the two systems differ. OALTON'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 these 
programs are quite different. We are not aware 01 any obvious 
analogy in the AI literature to STAHL's inference rules. so this 
system appears to incorporate a unique approach to scientific 
discovery. Thus, while most of 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 [19n) account of 
mathematical discovery, in which a variety of heuristics interact 
in complex ways to generate an ever richer set of concepts. 

In conclusion, we now have lour independent 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 different 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. 5T AHL and OALTON 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 

Intelligent systems can explore only tiny subsets of their potential 
external and conceptual yoorids. Tu increase their effective 
capacities, they must de\clop effICient forms of reprcsenlation. 
access. and operation. If forced to survive in a changing tast 
en\ironment. most inferential systems could benefit from teamill, 
about thilt environment and their 'lyon behavior. For example. they 
could exploit new schemala or dltferent slot-names 10 simplify and, 
restructure their knowledge. In this paper we describe how Eurisko 
(a discovery program) automatically extends its schematized 
represenlation of knowledge. by defining appropriate new slots 
dynamically. 

I. Introduction 

Computer programs. no less than biolOgical creatures, must 
perform in an en\'iromnent: an elt~rn.lIlr imposed set of demands. 
pressures. oPPllnunities. and regularities. Cagflil;I'C' l'eOllllm), is the 
degree tll \\ hich a program is adapted [0 ils en\'ironmenl the extent 
to which ilS internal capabiliti~"S (structures and processes) accurately 
and efficiently r.:-nect its environmenwl niche. If the environment 
changes frequently and radically. then the program can benefit f!om 
monitoring those changes and adapting itself 10 them dynamically. 
This is cost effective when the penalty for failure to adapt exceeds 
the sum of the following costs: (i) The continuous o\erhead for 
monitoring to detect changes. (ii) The onetime cost of pro\iding 'a 
mechanism by YOhich self-modification can occur. and (iii) The 
occasional expense of employing that mechanism 10 respond 10 a 
change which has been observed. This is expressed as Equation I, 
below. 

There are two evident directions for exploring this phenomenon: 

(i) Make the preceding equation less mushy. Im'estigate what 
features of the performer (program). task em'ironment, changes in 
that environment, etc.. make the "moniooring &. self-mOdification" 
process cost effective. Clearly. in some cases the penalty for non­
adaptation is high enough: as examples spanning several 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 ~;stem of 
an organism (milliseconds). In other cases. the 3bolle equation tips 
agaillst adaplation as being cognitiveiy economical; to date. almost 
all computer programs (and cognitive models in general) have been 
constructed to deal with a fixed task. or at least with a fixed task 
environment (Newell &. Simon 19721. 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 provide some further thoughts on this 
research direction. 

(ii) Operationalize the "ague phrase "monitoring, &. self­
modifICation." In the case of computer models. how might they 
scl«t' (or JiSCQl'fr) tim~lr new knowledge. new Ct)ntro) Ollgtlrithms. 
ne" kno\\'ledge repr~'SCntations~ What ar~ the dillkultks 
encountered? 

This paper fllCU$CS on direction (ii). &'Ction 2 assumes that 
programs can monitor their runtime enrironm~nl. and it presents 
techniques b)' which they can modify themsel\'es to heighten their 
fitness 10 it. Section J describes ho..... one particuJar program. 
Eurisko. d},uamicaJly defines useful new SiOlS automatically. at 
appropriate times. Appendix 1 discusses cognitive economy in 
existing programs; Appendix 2 presents some of the assumptions we 
are making in this paper: Appendix J illustrates some specific 
techniques for having programs dynamically monitor their task 
en\;ronment. 

Penalty Ov~rbead One-time cost Occasional cost 

(1) for in ofgetting + ofrcsponding> + 
notadaptiq monlOlina self-modification 10 observed changes 

Equation 1. Wben it is cost-effective 10 have software that models itself. monioors itsown execution, 
thereby notices changes in its rundme environment. and reacts 10 such changes by modifYing itself. 
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2. Dynamic Self-:\lodification 

Summary: We ill!ustrale various ways ill which a program might 
lIIi1ite knollledge gleaned drllamica!ly: selectillg (or perhaps even 
discovering) lIell' dala Slmclures, repreSelllaliollS, alld algorithms. 
which seem beller suited 10 the current rulllime ellvironment. the 
Cllrrellt user. the curren I problem, etc. 

In order for a program LO dynamically modify its own 
proccs~ing. it must eXamine, integrate and appl~' knowledge of the 
{.<Is!: domain, knowledg.: aboU{ programming in general. kno\\<ledge 
ahont the actual runtime environment, and knowledge gathered 
from obscr\ing its own processing behavior. Appendix 4 sketches 
ways in which dynamic program performance could be self· 
monitored. This section draws attention to the possibility of 
applying such usage data to modifl'ing --- and in the extreme re­
synthesizing --- the program. 

Tasks can be specified anywhere from a pure "What" (desired 
inpuvoutput beha\ior) to a pure "How" (precise algorithms. data 
structures, representations, formats). It has been observed 
[Feigenbaum 1977J that one of the goals of AI research is to push 
our ability from the How end toward the What end of that 
spectrum. 'Ihis often takes the fonn of designing a new veryn + 1 
high level language: i.e.• higher than any that hitherto existed. one 
which taKe, mer 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 
1981), LOOPS [Stefik et al 1982] and other extensions to Lisp. 

Assuming. then. that the user desires merely to specify What, 
an Intelligent language (automatic code synthesizer) must decide 
How. Lpon ",hat can it base its design? Pre"ious effort~ have 
employed knowledge about program transfonnations [Burstall and 
Darlington 19771 [Baller et al. 1977}. programming techniques and 
task'specific knowledge [Green and Barstow 1978], and --- if the 
input language is at all complex _.. information to enable the 
succesful translation of the input specification into a sufficiently 
pr~cl'" ,pcclIkmil1n ,11' \\hat (l.enat I975}, Some "ffllrts ,t{wmpts 
III !!ui.!~ the .:!.:ci~i"il·makin~ durin!! co.!.: S\'nth",is 1:1\' ali!orithmic 
an.J!sis [K'HlI L977J or \:\en-by aesthetics (C,lh':l1 197<}UKalm 19i91 
[I.enat 1976]. But all these methods ar~ Sltlric: the) feed orf;\ fixed 
base l)f inithllly-supplied knowledge (heuristics. constraints. 
suggc5tillllS. facts). The us.:r supplies a spl'cification fM the .!esired 
program (\Ia a i'onnal sp.;'c. a dialogue. etc.). and the knowledge 
base is empillycd to pfllduce that target. 

What might it mean for a program to modify itself 
dynamicallj? The simplest kind of adapthe abilities along this line 
would be to seiec' a dat;! structure, a representation. or an algorithm 
from J set of well-known choices ... and to resene the right and the 
ability 10 change that decision later. One could gather knowledge 
about th.:: relati\e strengths and weaknesses of each choice IKant 
1977). This know ledge could be in the form of rules which ask not 
only about static data. but which sample the runtime environment 
of the program as well. See Figure 1. 

"If one conjunct appears to be false more often than any other. 
Then make it the first one tested in the conjunction" 

"If each person will use the program only once, briefly. 
TIlen it is not worth building a model ofeach such user" 

"If a function is used frequently and changed rarely, 
Then it should be compiled," 

"lfitems always appear to be accessed in the same order, 
Then a sequential data structure is probably adequate for them." 

Figure 1: Environment-driven selection rules 

. Suc~ design questions could in most cases· be answered initially 
(I.e,. d.unng program syn~csis) but our suggestion of automating the 
gathenng of such data IS a further step toward the "What" of 
artificial intelligence. 

There is another possibility,. much more exotic than the 
pr~~'ious ~)IIe:. 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 structure is not as difficult as it may first 
appear: a data structure can be thought of abstractlv in terms of a 
set of operations one wants to be able to perform Gn it (e.g.• First. 
LasL !\ext. and Pre\ious, for lists). The set of desired operations 
need not be minimal nor concern itself vdth \I hich operations are 
most Important. etc, Such efficiency considerations are used, of 
course. in selecting an appropriate data structure. and in 
implementing it. The run-time usage or' the currently-emplo) cd data 
structure can be sampled. and that can l!uide the search for an ever 
more appfllpriatc impl.:mcntatilln le.g.. in one U5;I!!C. it Il1I~ht be 
\Ct') uSl'ful fllr I.as[ til be ~tii~i~lll. ,m.1 Int.:rlisp\ r(\)\;Cin~-might 
be chos.:n .<IS .In Implemenuu,ll1; in another em irumllcnt. it might 
be IIseful tor \;cxt and Prc\j"lIs to be eflici<:nl and J doubl\"linked 
implementation would be ,,~st). . 

The two ~'Olnts here arc (i) the illlpkmcntation of a data 
structure may d~pelld upon ho\\ it is commonl~ us~.! in a p.trticular 
spot In a program. by a partkular user. and (ii) a new kind of data 
structl~re may. be defined abstractly merely by selecting a set of 
operations: thiS chOIce. too. can be made b,· examinin\! the run-time 
data as it accumulates (e.g.. the final rule in Fig. 1.) 

Defining it new rl.'preSelllCllioll is not quite so neat. In fact, 
humans have only managed to find a handful of representations to 
date (graphs. wfl's, images, text, etc.) In lieu of any constructive 
suggestions along that line, we shall focus on eXle'udillg a given 
representation: 111is appears to be intermediate in difficulty betw'een 
selecting a representation and discovering a new one. 

2.1. Extending a Schematized Representation 

SummtfI')': The Eurisko program f!xlends it schema/ized 
represelJlation by defining lIew types of slots. It uses a very simple 
grammar for defining new slots from old olles (legal mOl·es). and a 
corpus of heuristic rules for guiding and conslraillillg thaI process 
(plaUSible mores). 

For a schematized representation. "extension" could occur by 
defining new types of slots. The Eurisko program (an extension of 
the A~ progr~m [Lenat 1976]: for. more details see [Lenat 1983a,bj) 
has thIS capability. and we shall bnefly 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 =d( Parent". which means a Parent of 
a Parent of .., of a Parent of me; the general case should be aparent); 

UNION (e.g" Parent;; d( Father u Mother); 

COMPOSITION (e,g•• First·Cousin =d( ChildoSiblingoParem; 
i.e., any child of any sibling of either of my parents); 

DlFFERE!\CE (e.g.• Remote-ancestor =d( Ancestor - Parent). 

These four operators ( •• u, o. .} \\hich define new t~ pes of 
slots are called slol-combiners. Other slot-combiners will be 
mentioned later. 



135 

:'\~\t. "e adJcd tll Euristo') krul" Icd8l! base i1 coo..--cpt for each 
() pc of slot. and a concept for each type of slot-combiner. Haure 2 
shOM some of the Generali1.ations concept (a slot) and d1e Slar 
cOllcep{ (n slut-combiner). Note in panicular the way in which 
Generalililrions is di'fincd 01$ GenI' ._- i.e.. immediate 
gcnemIi7.ations. their immediate gener.llizations. and so on. 

GENERALIZATIONS 
ISA: Slot 

SI~F..c: &~trcllle·Gt!ncl"a1iulliuns. Genl. Pmpcr-Generalizaliolls 

WORTH: 815 

AVG·SIZE: 1 

INVERSE: Specializations 

ANALOGS: Supersets, Rt:1axations. Enlargements 

SWT·COMIUNER: Star .. 

BUILT·FROM: Genl (Le., lmmediate-(ieneralizations) .. 


STAR 
ISA: Slot-combiner 
WORTH: 488 
ANALOGS: Repeat, Ol'lsure 
COMUlN..:lt·I:OR: Genemlizatiulls. Speciali7.atiutl8, Ancestor, ..• 
SU)l'·TVI'E: Star . 
Dl!:Jo'N: >. (s) (Sl!H~'T s for SLOT in (>. (e) (CONS c (selj'(GIIT C8I.OT»)] ) .. 

FIJU1e 2: Pans of the Generalizations and Sial' 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 whicb (GET 'PRIMES 
'GENERALIZATIONS) would work is to examine the propeny list 
of PRIMES. looking for the attribute GENERALIZATIONS: if 
found, the entries listed there would be returned. If, as in Fig. J. 
there is no such attribute. the call upon GET will return NIL (the 
empty list). 

PRIMES 
ISA: SctOfl"umbtrs 

DEF~: A(n) (for i from 2 to n·l (~OT (DlVlDf.5 i n») 

GEr\L: Numbers . 

SPECIALIZATIONS: OddPrimes. PalindromePrimes 

WORTH: 144 

EXS: (2 3 S 1 11 13 17 19 23 29 31) 


Figure J: Pan of the Primes concept. NOIe that it has an attribute 
called GENL which s,ecities its immediate generalization. namely 
Numbers. but it bas no GENERAUZATlONS attribute. 

Anyt~OI!HL 

Objects 

'G~Numbers 

'GENLPrimes 
Figure 4: 	 Network of conceptS from Primes upwanla, aJona 

Gent linb. 
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We ~odifie~ the way in which any retrieval request of the 
form (GE[ C F) operates. In cas\! the F attribute of C has DO 
entries (or doesn't exist). Eurisko examines the definition of F 
and --- if one exists --- tries 10 usc 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 sueceeds we 
apply it to C. Let's continue the example of (GET 'PRIMES 
'GE:-iF.RAUZATIO\,S). As we see in Fig, 3 above, there are no 
entries recorded on the GE!\ER'\L1ZATIO~S slot of the frame for 
Primes, So GET now calls itself recursively; our original call is 
replaced by ((GET 'GE:\ERALIZATlO:\S 'OEf1", 'PRIMES). 
But as Fi~, 2 shows, therc is no slot labelled DEFN on the concept 
for GF.l\ERAUZA r10\S, So we recut one more time, By now 
our call has become 

(((GET 'DEF:\ 'DEFK'J 'GE:\ERALIZATlO\,S) ·PRIMES). 
I.e.. ~et the expression stored in the Defn slot of the Defn concept; 
call It A. A should eXIst and should be a lambda-expression (a 
function) v.hich takes the name of a slot S as argument. and (when 
CI aluated) computes a function which tells how to read slot S for 
'111~ ,l1111:<.'pt, FlIri~\;1l .ll'plies A t" G~n.:r;lli/.!tilll1s. and thai ) iclds 
J~ J r,',ult J tJ,'\\ fun,tilln. a lal11bd,N'xpr~ssk\\1. CJII it r. r tcll5 
ho\\ 10 find g.:n.:raliLiitions of an~ concert. In particular. ",hen 
Furisk,o applies r III Primcs. the result is (I list of the legal entries 
for the GcneralilJtions slot of Ilrimes. 

DEFN 
ISA: 	 Slot 
SPEC: 	 Necessary-Defn. 


Suff-Defn. 

Operational-Defn 


WORTH: 975 

AVG-SIZE: 1.3 

ANALOGS: Statement. Algorithm 

DEFN: t.. (x) (APPLY· 


[GET x 'Slot-Combiner) 'Oefn] 
[GET x 'Built-From]) 


GENL: Predicate 

MyISA: EuriskoUnit 

MyCreator: Lenat 


Figure s: 	 Part of the DEFN con~t 

Luckily, DEFN does have a DEFN slot.. as we see from 
Figure S. 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 inlO 

(GET (GET 'GE:\ERALIZAnONS 'SLOT-COMBINER) 'OEFN) 
(GET 'GEN'ERALlZATiONS '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 "Qenl." 
So the entire call shrinks into 

(((GET 'STAR 'DEFN) 'GENL) ·PRIMES). 

The Star concept has an entry for its Defn slot. as we see in Figure 
2. This turns the preceding call inlO 

((A (c) (ANO c (CONS c (self (GET c 'GENL»))) 'PRIMES}. 

In evaluating this expression, the first thing called for is 

(GEl' 'PRI\IES 'GF\,L). 

\\hkh (sec Figur~ 3) IS ,illSt \lImb~rs, Th~t is, the imm~djalc 
!!ell~rali/atilln of Prim~s is \ limbers. Th~ cxprcssil'n then c,llh 
ilself recursivel)' on ~ulllbC'rs. seeking fil!'ir immediatc 
ll('n~raliz:llillll : 

(GET \U\IBERS GENt) 

\\hich wc see from Fi~ure 4 is simply ObjecL~. The nexl rccurshe 
call asks for (GEl 'OBJECTS 'GI-:NL), which is A~YTIIING. 
finallv. the next recursive call terminates when it is diseo\'er~d that 
AMtHI\'G has no GE\L (no immediate gCl1eraliLJtion,) See 
Fig. 4, Thc list cO"Structed and fillJlly returned is th~r"fore 
(PRIMES NlIMHF.RS OBJECrS r\~YTHING), llIese four items 
are indeed the valid entries for the GENERALIZATIONS slot of 
PRIMfS, according to the distributed definition of 
GE~ERALIZATIO~S as GENL-. 

Notalionally there is no di!.linction between slots which arc 
"primitive" (values actually stored as attributes on a property list) 
and slots which arc ""irtual" (values must be computed 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 
I'irtual.) This is required because knowledge remains imariant 
ullder 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
ex.isting slots from which it is builL Thus a naive user sat down and 
defined a new slot. by creating a new concept (calling it "OG"), 
filling its Slot-combiner slot with the entry "Difference", and filling 
its "Built-from" slot with the arguments "Generalizations Genl." 
This thereby defined DG as a new kind of slot. one which relurned 
all generalizations of a concept except its immediate generalizations; 
the call (GET 'PRIMES 'DG) then made sense, and returned the 
list (PRIMES OBJECTS ANYTHING). 

After carrying out the above steps, to explicitly represent slots 
and slot-combiners in Eurino. 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 
s10tnames as arguments. f and g, and defined a ncw slot which was 
f'ogof-. 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 Genl's are immediale gcneralizations). The 
important slot-combiner PLUS (in the sense of regular expressions, 
not arithmetic) was also discol'eredby Eurisko. Eurisko defined it 
as the difference between f· and r. Later, Eurisko decided that 
Genl + was more worthwhile than Genl-, and (partly for this 
reason) PLt;S itself ultimately achicled a higher Worth than STAR. 

2.2. CACHI~G to reclaim lost efficiency 

SIUMIlU)',' "C"dlillg" flit rrsulu I!f ('cllllputdf;(II1! fall 
draHk7li(:.1Ib· improIt tht prrfonl//lllrf' oj III.lII}' program!.. Rel/scmillg 
rail be> brought IrJ Mlr IrJ drridt wl/(:/I,,'r 10 cllcllr. if so 1\'lIat 10 
rrlllt'l1Ibl'r. /II/a (laltr) ....htthtr or 1/01 to igl/ore tilt cachl'd .'alllt' QI/d 

recomputE' it. CarMl/g rt'e/aims Iht tfficitl/Cj' Ihat could otlterll'isl! be 
Wrl/lCtd b)' Ihe highl}' il/dirtct rtprfStlllllliol/-illlerprtting .scheme 
dt.scribtd in Iht pm'iolls sttliolL 

The reader may obj«t that Eurisko's scheme for indirectl;' 
interpreling the definition of each slot is a horribly inefficient way 
to operate, since the slots' definitions change so rarely. It seems 
~'asteful 10 squ.ander cpu time recomputing (GET 'PRIMES 
GENERALlZA1IONS) each time, and it seems absurd to 
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recompute (GET 'GENERALIZATIONS 'OEFN) each time, After 
at most one or two repetitions. we would \I'o::ot our program to have 
"learned" an effICient way to let an answer, 

Indeed, a len era! 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 almast aD 
environments. not merely those beiq focused upon in this paper 
(fluid ones.) 

Immediatel)' upon computing (GEr c O. Eurisko stores the 
computed value \' in l..'1e f slot of concept c (0 /0 Michie's memo 
functions,) Thus, the next time (GEr c 0 is eal1ed, it will find v 
stored right L'lcre. and return with it immediately. After the first 
time (GI:.I 'PRIMES 'GENERALIZATIONS) was called, the list 
(PRIMES NUMBERS OBJEcrs ANYfHING) was stored on me 
GENERALIZATIONS slot of PRIMES. Recall that Eurisio had to 
recursively call (GET 'GENERALIZATIONS 'OEFN) so the A· 
expresSion that lhal call returned would be stored on th; OEFN sIol 
of the concept called GENERALIZATIONS. When we later eal1 
(GET 'OUCK 'GENERALIZATIONS). that call will Nn much 
faster, since the definition of the Generaliations slot has already 
been computed and stored away in the "proper place." The 
definitions of slots are very slowly _.. if e\'er _.. changing, hence the 
recomputation of Defn of Generalizations is Quite a rare eVent 
Caching that value mllst be cost-effective in the long Nn. 

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 gh'es us the flexibility to redefine a 
slots dcfinition if we wish, but (since this change of representatiOD 
will be rare) the program will run just about as efficiently as if that 
capability were absent This is analogous to compiling: so Ionl as 
the definition of a function doesn't chanle too often, it's 
undisputedly worthwhile to compile it The cachinl of \'alues for 
frames' OF..f}; and GENERALIZATIO~ slots is not in any way 
special: the ,'alue of an)' virtual slot can be cached. 

We saw earlier that notationally there was no 'need to 
d!stini!uish an xccss of a prilllith d~ 'smrcd Sillt from an il\.WSS 1\1' a 
\'lnUil!. computed slt>t. F,)r instJnce, a h.:-uristic could r.:-fer 10 
:'G~nt:ra1ila~ons of Primes" ~ ithout In\l\l ins or caring whtthtr that 
mluated a slngl.:-, acc,,'SS or a long rippling sean:h. Now we see that 
o~e ~e \'alue IS ,c~,!",puted ~nd cachtd away. there may be no 
lelbng II from a pnmlu\'e ont'o Ibus. ~'ith but a small (lne-lime cost 
?ur "p~ogram runs as quickly as if all slols were primiti\t'. Th~ 
m~fficlenc)' inlroduced by the interpl'Ct.ive slot'combiner sch~me 
appears 10 ha\'e been elimirulted. 

Of course. the \alues that Eurisko caches away may become 
stale and incorrect after a while. When doing a GEr. therero~. 
~'hen a cached \'alue is encountered. EuriskO must decide whether 
to accept it or else to ignore it, recompute it, and SlO~ the new 
value ~ere. One p!>Ssible ansYoer to this "updatinl problem" is the 
rollo\l1ng c~nsef\'au\'e one: whenever a value for a slot of a concept 
changes. dIscard any cached values that miJht pollSibl)' have 
depended on it Arbitrary amounts of reasoning may be brought to 
bear to decide which values needn't be discarded to maiDtaiD 
consistency or the knowledle base, but of course if 100 mch time is 
spe~t in this pursuit the efficiency ad\'antales of cachinl disappear. 
Eunsko carries on AM's tradition of living with contradiclioD$. wilb 
a p~u~ble but ~ot "correct" ~~O\I'\edge base. Namely. it ha$ some 
heunsucs (see FII. 7) for decIding whether to ianore or accept any 
cache it encounteB' durina a GET operation. , 

~e added some extra arguments to GEr, parameters which 
descnbe a costlbenefit curve: for each amounl of resoun:es 
expe.nded an~ each dearec of precision of the result, this curve 
specifies precIsely ho~' !"Xeptable that resource consumption I 
/llXUracy of soluuon pllr IS. One extreme of this is to provide III 
ironclad limit on resources and say "00 the best you can within 
these time/space/... limits." ,Another extreme (most common ill 
present-day proarams) is to specify an ironclad goal criterion ("Had 
an answer which is at least lhls load, no matter how lonl it takes to 
pt.") We are callinl attention to the space ill betweeo die two 
extremes. 

To brina us bact from the lofty heights of generality, let's see 
in more detail how we lot Eurisko to do this. First. we linearized 
!his space: we picked a few sipiflCant parameters of it, and defined 
a descriptiGo 10 be merel, a lisl of \'alues for these parameters. 
When a caU on GET was executed. and a cached value was 
eDCOWUered., a formula relating these extra arauments to GET 
would thtD determine whether to aa:cpt lhat cache, or to ignore it 
and retotnpUte the value. Eurisko', parameters (extra arsuments to 
OET) are: cpu time to expetld, space to expend, whether the user 
can Itt asked about this. how fresh the cache must be. minimum 
amount of resources whicb must have been expended at the time 
the cache was wriuen. 

So (GET PRIME'S GENERALIZATIOSS 200 40 NIL 3 0) 
would allow aay cached value to be accepted if it appeared that 
recompulifta would uke more than 200 milliseconds. or would use 
up mort than 40 list cells. or if the nlue had been put there less 
than three C)'ties 180. (In F.uristo. a "Cycle" is the time it tates to 
~'ort on the top·rated ta5k on the top-rated agenda.) Othef\l'ise. the 
cache would be ignorec:l, a newer value would be computed, and it 
.'ould b~ storro a~ay. With it ~"uld al5CI be rccordt:d th' 

fl)lklwin~ informa&illn: (i) the lact that it loIas iI cached \aluc. not ;; 

primiti\ cone. tii) ho~- Ions it toot to compute. (iii) ho~ man)' lisl 

cells it used up ill computiq this \alue. (iv) the current Cycle 

(number uf laSts worked on SO far). ·Ibe above call on GET miahl 

r~ull in the klll"""i", vawe beinl stored on the 

GENERALIZATIONS slot of PRIMES: 

(·cachc· {PRIMES ~U!\t8ERS OBJECTS A~YTHING) 54 6 9). 


U.l. Steriq and UpdatiDa Cadltd Values 

lbe caching process in\'oh'es stOrage and updatinl. For both of 
these aspects. "e can discuss details of when. why. how, and Yo'haL 
Tht' dt'Cisions that arise are made with the auidance of heuristic 
rules. many of which are illustrated below in Figs. 6 and 7. Those 
lim han omitted many or the very general "common-sense" 
heuristics. aDd those which deal with details of Lisp prOll'ammina. 
AddiIionally, they present the Nles in Enpsb. and freely use 
inr.'lI11la1 expressiOns such as "recently": in the actual Inter1isp 
encoding they an: of necessity operational. heuce more precise (and 
eoncommitantly a bit less yalid). 

Just as each heuristic is not always relevant, so lD the corpus 
applies only to some (although we hope many) AI programs, 
Nnninl on lar&e uni- (or few-) processing computers, runninl in an 
en\ironment such as (nterlisp's, and with a human user watching 
and interac:tina. There would be other Nles for other machine 
architectures and lanauaaes and man'machine interfaces. In other 
words. one could say that we have only partially specified the IF­
pan (left hand sides) of the followinl heurisl:ic Nles. An alternative 
would be to build up an entire knowledge base of heuristics jUst to 
deten:ftiDe the appIitabilit)' (the domains of relevance) of the 
folJowina (as a fimction of macbine aDd lanlUl&e.) 

When to catbe: 
Every lime you have a cd 10 a lower order functioD. 

You called a fuftctioll aIlCI it toot a lonl time to return. 

The value I'ttlJmed Is the same as last time. 

Some funccion F is callecl wkb the same value x often.. 

The amount of lime 10 recompute Ibe value would be hiaJl. 

The cached values can be used as data to induce upon. 

Time is dearer dwI space.

The value is not so c:ittical you'ed always favor rec.omputina. 

This number is hiah: (freg. of USIIU (1\'1. cost to recompute)


( . of clWiie) 

Where: 
There should be a WIOnical storage 'place to facilitate lookup. 
IDSItad of an assetionaJ database (wilb no struCture) we prefer 

to add suucture: namely. slots (includina domain-specific ones) 
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How: 
Gilen a request to compute F(x). point 10 the canonical place(s) 

\lll,'r~ cach~d Ia1ue might b... : if it's th...r~. return it: if it's 
11\lt tll~rc. ~llllll'Ule il ,md ,tllr.: it tll,'rl' fllr next tinl~, 

Calkr may constrain ~'ou 
Discarding ,IllY c'lchc r~sults only in slu\\do\lo ns. not errors. 

What: 
Store the retufiled lalue 
Store a copy of the caU that got this valuc 
Store imporunt intermeidate subgoals worked 011 to get the "alue 
SlOre a dl'scriplion of what situatiOn would make this I'alue ~lale 
I f no cache is stored, SlOr.- a footnote explaining why 

Figur~ 6: PRI:\CIPLES FOR STORI~G CACHES 

When: 
The current request would hal'e produced a different answer. 

Usuall)': ",would ha\e produced a bmer answer; e.g.: 

The current request specifies more resources can be brought to beat. 

Most Jrequl!mly: There is no cached answer there, yet. 

Either x or Dcfn(F) has changed since F(x) was last cached. 


How: 
Choose: discard old ,'alue. 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 

l3. The Spectrum of Data Reductions 

Caching. as we hare described il is merel}, the Jowest-Ie\'el of a tier 
of data reduction processes, techniques for compiling hindsight inlO 
usable. more efficient, more procedural forms. 

We often refer differentl)' to "caching" depending upon what it 
is that's being retained: open-ended. inducti,e searches can be 
condensed in hindsight (i,e. cached) iOlO heuristics. deductive 
searches can be cached into much less branchy algorithms. 
subroutines can be cached into tables of frequently called arguments 
and resultant lalues. and variable quantities ha"e their ,'alue cached 
simpl} by the process of binding. To see this. consider the 
progression of el'er more sophisticated lasks which programs 
perfonn [see Fig. 8]: accessing a datum. calculating a value from a 

last Jlgnrithm. do!dlldl\~ .. r~,ult h) s~"rching tllr a ~lllulilll\ or I'r"lli 
in .1 \lelhlelin.:d SP,K':, inducing J r.:,uh i:I~ iI \l'IOY "!,clhmd.:d 
scilr.:h pro.:o!ss. Oftl1n th.:re is the op{lortunit} to take ~xp.:ril'nccs at 
llne of these ICI~ls ur sll{lhistkation and aostract them il1l\1 an clltitv 
\Iohich is llllC lelcl lo\\cr. y.:t which appl'ars to contain ,limos! the 
sam.: powcr. 

Consider first the way in which we reduce induction. After 
much experience with inducing. we produce a hcuristic rule­
which enables the same inferencing 10 be done in a much more 
controlled space. in a much more deducth'e way. Heuristics reduce 
dirovery tasks to mere (I) symbolic manipulation within a well­
defined s)'stem (as in AM [Lenat 1976). 

Deduction is r~duced similarly. By many painful deductions. we 
gain knowledge of the space we are ~earching. e.g. by deriving many 
lheorems about it. 'Those theorems can then be used to vastly 
simplify our search. Ultimately. t.h-:: process becomes efficient 
cakulation. A shotl optimal algorithm may be found. e.g.. which 
replaces a search for a solution (this has recently occurred with the 
"" 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 panicular 
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 expressil'e 
feature can be rectified by applying some or these kinds of methods. 
In our case. we opted for interpretive defining of SIOlS. but regained 
effl<:iency by caching those slot definitions. 

l4. Contrasts with Psychological Ideas of Economy 

When semantic networks first appeared in cognitive psychology, 
they led to thc idea that function should follow form. In particular, 
since taxonomic knowledge structures were hierarchical. inference 
proc\"Sscs \\lluld pr.:sumJbl~ fnllll\\ the same into:r'cat{'g,1I1 n{'t\lork 
p.ltlls "ach tilll" the corrC$l'lIndin!l rclatil.ln n{'{'d~J t\'Sting. It W,IS 
lor this reil~lII Ih.1t Collins .\: Quilli:lll [1969)[19i21 conjl.'Ctur~d thilt 
the time rl!'quir"d 1.1.1 'erif), semantic relations \lmlld correlate \Ioith 
distance in a cllrrespondinl! "economical" semantic network. lbus. 
they sh\l\lo~d that people ordinarily \"eritkd ":1 canaf} is a bird" 
l~ter than [hey eQuId Icrify either of the two more remote 
r.-latillnships. "a canal) is an animal" or "a callill) has wings." 

Subsequ.-nt research, how'c\'er. showed that the needs of 
particular reme,'al experiences_ not a priori categorizations, 
determined which inference paths humans would follow and the 
assuciated rCiponse times. A simple counterexample to the 
presumed hierarchical retriel'al schemes was found by Rips. Shoben 
and Smith [19731, They showed that people access a familiar but 
so-called "indirect" relation such as "a dog is an animal" much 
faster than the su~~.~~~)· immediate but less frequent relation "a 

ACCESS = =)CALCULATE = =) DEDUCE = =) INDUCEBYOPE~·ENDEDSEARCH 
\ I \ I \ I 

cached ,'alue thm. alg beur rule 

Fiaure 8: Progressively mOR sophisticated caching: of values. of al&orithms. of heuristics. 
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dog is a mammal. USing experimental materials and methods, 
Hayes-Roth &: Ha)'es-Roth (1975) found that human memory 
ser'l1ed plastic' and adapti\'e in lI1any of the same ways we have 
proposed for intelligent machine programs, Their results led them 
10 "an adaptive model of memory. in which allieamed relations are 
represented directly. with strengtb proportional to experience.. 
Therl~ is also good e\'idence for redundancy in !he network, with 
multiple routes connecting nodes representing particular pairs of 
concepts" (1975, p. 5191_ 

In another stud" Hayes-Ro!h and Hayes-Ro!h (1977) I'ound 
some evidence tbal people understand and remember Eqlish IellS 
directly in lerms of hisMe\'eJ lexical concepts. rather tban 
exclusively as low-Ie\'el or primitive concepts. They argufd thll 
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 unilS, as is often assumed in language understanding 
tbeories, would encounter many slower and costlier searches. Both 
tbe empirical e\'idence and theoretical principles support the idea 
Ihat human language understanding exploits many kinds of caching. 

In shon. we have chosen the lerm "caching" to refer to these 
t,pes 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 
SUIfIm/UY: We have discuned how a new slol might be dtjined: WI 
consider now how the Eurisko program does d«idt whell and how to 
dtjine a new kind 01 SIOL ' 

Our basic reply to When? is !hat 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 ISiisson 1972) as implausible mo\-e pruners). Our basic reply to 
How? is Ihat Ihe heuristic which suggests a new slot must pro\'ide 

lCl'nstrainu (llr) iu ddinitilln. 

111i$ mere\)' pushes Ihe problem back one layer. namel)' to the 
wav in which Ihe heuristics know when and how to define ~' 
slots. Hut noll' we are talking Ihe language of AM and Eurisko. and 
we can pro\'id~ examples and sener.11 char.K'teril.3tions of the slut­
defining heuristies used in Eurisko. Since each t)'pe of slot is 
rcpresent~d intern:!l!} as a full-fledged (schematiz~) concept. the 
new Sll)lS defined can e\,entually be evaluated (and changed or 
discarded if thev are not utile). Each heuristic is also represented as 
a full-fledged concept. and its WOM can be determined based on 
the WOMS of !he slots it suggests: !hus each slot-suggesrlng heuristic 
is occasionally modified (or e\'en discarded). let's loot at some 
cases: 

Sometimes the new type of slot is first proposed purely for 
aeslhetic, analogy-completins. or exploratory reasons. One suc:b 
heuristic is !he following (note that "I" is the identity mappiDS): 

"If R and S are pamal 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 (IsolateDifferences). instances of its, ~se. pointers to 
slightly more general and more specific heunsue rules. etc. 

Note !hat the heuristic applies \\'hen R and S are malhematical 
functions. heuristics. or slot definitions, Let's examine an example 
of the latter case. which is'of concern to us. This occurred when II 
was !he slot "Generalizations" and S was !he slot "Speciali1.ations." 
The heuristic rule concluded that it was aes!hetic to define the 
specializations of the generalizations of a concept (what we would 

caD "siblings"), and Ibe generalizations of !he specializations of a 
concept (what we would call "inlaws"). Evenwally. !he Siblings slot 
is seen to be much more useful !han the Inlaws. which is discarded. 

The new kind of slot-combiner defined in the previous section 
(Mf.g) fogof!. was derived purely from S)'IIUI'Ieuy (using a rule 
similar to this one). and then it was noticed that some of !he slots 
which are most useful in !he system (e.g., Isas. Examples) share that 
common form. 

There are oIher ways in which new types of slots are dermed 
by Eurisko. The definition of a new slot is often based soundly 
upon need - or the absence of need. For example. 

"If many concepts hne • \arJe number of entries for !heir F slot, 
Then consider creating some new specializations of F." 

To make this rule effective (executable). Eurisko montors !he 
sizes of slots on its units. When applied. the rule leads Eurisko to 
create se\'eral new slots. each having fe\\'er entries on the a\'erage 
than F had. to co\'er the original F slot. E.g., after noting that !he 
Examples slot was heavil, used. it would be plausible to' consider 
creating new slots like Extreme-examples and Typical-examples. An 
actual case \\h~r~ !his rule \\as used was in th~ do:sign of three­
dinl~nsional \'LSI circuits: man} unit~ lr~l'Ircscntilil chips) hild 
enormous cntrk.'S for dk:ir Terminals slot: Eurisko fired this rule 
and produced sc\ eral new. more sp«ialilcd slots: one useful such 
one "as XOR-/nputTerminals (its "alue is defined to be a list of 
sets of terminals. each set hming Ihe property Ihat precisely one 
element can be an input terminal of the de\ ice), 

A slightly more specialized heuristic says: 

"Jf you frequently perform 'llemove x from f(x),. 

Then it's plausible to define g as f - J" 


Here. I is the identity. so g(x) is simply f{x) wi!h x remo\'ed. 
This led to the definition of the proper ancestOr slot lGenl-le) .- c) 
from the simpler Genl (iimediate generalizations) slot. It also led 
Eurisko to define the new slot-combiner PLUS from STAR. We 
envision how it might lead to the definition of many common, 
useful mathematical functions, including (allhough Eurisko doesn't 
actually do this) operations on matrices with main diaaonals 
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 weD to defining new heuristics, new 
mathematical functions. new lab procedures. and so on. One of the 
bedrock philosophies of the Eurisko effort is that a single large core 
of commonsense tnowledge can adequately guide discovery 
processes operating on' all !hete levels. 

4. Conclusions 

If fOreed to surviYe in a chansing world. most inferential 
systemS could benefit from ltaming about their task environment 
and Iheir own behavior_ For example. they can exploit new 
schemata or different slot-names to simplify and restruCture their 
tnowledae. Seif-modirlCation would be CQgn;ti'vtly economktll. 

If forced to explore large search spaces with some repelidve 
rqularity, a cognitive system could benefit by employing cochillg 10 
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 mate 
trade-offs among precision, speed. certainty, and generality. 

Since most environments contain much Ihat is extraneous to !he 
direct solution of a task. a problem solver in suth worlds can pin 
cognitive economy by uplClatiOll'jilltrilll (sec Appendix 4.1,) In 
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genefal. intelligent s),stems need to exploit their knowledge about 
I)P~ca/rl) to reduce their cognithc load and increase their attention 
to Imporunt daw. In many situations, we bclic\e that expectations 
can both reduce proces,ing requirements for handling ordinal) 
e\cnts as well as slmphfy the identification of surprising cvcn/.S. 

If, th.: t.:sb ;Ir.: cl'mplex. ;\nd the reS\lurc<.'s alk'tcd \;Jr\ 

drall1au~\ill~ in mJg.nilld.:. then "w/liph' IC'rds (~,. ubS/ruCliv" I:\II.A) 
bl'CllnleS an mm,'micdl rcprcs<.'ntatioll tscc App.:ndix 4.2.) In 
nlMI} Simple enmonmClIls. the ad\,mtagc. of MI.A arc minimal 
and ma\ nllt C\ ClI .1l1suf} their coSts. Thus. romine tasls mav 
\\arr;tllt th.: kind of KIIllWI.:dg.: Clltllpil,ltil\n that would comen an 
initial., cxpr.:ssh c \1 LA knl}\\ Icdg.c·basc into a Illsl. integrated. and 
largcl~ .unmtcrprcuble cl'dc. Con\'cl"SI:'ly. as task complexil~' and 
\'JTlab,h9 mcre'lsc. \11.,\ increasingly provides a basis for intelligent
and rapid restnlcturmg. 

4.1. The :\eed for Further Research 

In the years to comc, 1\1 programs will employ greatly 
:xpandl'd knowledg.: bases and. as a consequence. Ihey win explore 
IncreaslOgly open·ended problem spaces. Already. a few existing 
s)'stems show sIgns of haling more potentially interesting things to 
do than they hal'c resources to l'ursue. In thc past decades of 
intelligent systems research and development, several design 
conc~pLS have emerged In response to contemporary needs for 
creaung ever larger knowledge bases. For example, many 
researchers proposed multiple levels of abstraction and automatic 
propeny inheritance as keystones of efficiency or "cognitive 
economy." We beliele that the \'alue of such mechanisms derives 
largely from thcir usefulness in describing initial knowledge bases. 
Once an intelligent syslem begins to explore the consequences of its 
knowledgc and to solie nOl'el problems in a d}namic environment 
it needs to adapt its knowledge to achieve faster and more profitabl~ 
retrievals. 

A theory of cognitive economy should explain under what' 
condit,ions (and why) knowledge needs to be adapted, and should 
prescnbe systemaucally how to do it. In this paper. focusing upon 
fluid environments. we have tried to motivate and lay the 
groundwork for such a theory. We presented Eurisko's automatic 
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 not. 
It does not consist of a set of static knowledge-base design 
principles. such as those proposing taxonomic concept structures 
with automatic propeny inheritance. Rather. cognitive economy is a 
feature of those intelligent systcms that .learn to solve problems 
efficiently jlnd consequentl,' realize more of their lifetime potential. 
As knowledge bascs expand and basic software obstacles are 
overcome, AI s)'stems will increasingly address the same question 
facing inteUigent humans: "What would I most like to accomplish 
next, and how can I do that economically?" As has always held 
true with human beings, the answer for AI systems increasingly 
involves some type of learning. 

A~[Y1AL
I \ 1M 

Is.'\ I }1AMMAL 

I I Is." 
DOG 

Figure 9. Although the IsA link from Dog to Animal is redundant. 
it is worth having. 

Appendix I. Cogllith'e fcon. in Existing Programs 

To date. nillst prlJl!.ram~. including our mIn AI b.:i1~l1ltlths. ha\'e 
I~QI ,.had to cop.! with nllllime cmirlllllnCnts ti1~t chanlt.;od 
slg.l1ItJcaml~: R.'ferring b"CK Itl Equation I lin SeClill1l I), the CZ1S(S 

for ~lt~nnonng. and building in sdl~modilk..\tion abilities h.l\': been 
prohlblU\ e, and the need Illr ad'lpthcncs~ hilS been mil1illl~1. '111e 
eD\'lronmcnts have been cOillp!ex. but not dlt1l1gillg, To be "fit" in 
such worlds. programs halc had to employ ~ophistic:!ted 
architectures. knowledge bases. control strategies, r~presentatiOllS. 
and expressl\(' languages in which thC) are specified: but pTllgrlms 
ha\'e 1101 nccded to ~el'rganilc themsehcs dynamically. to adapthely 
a!tcr . thllS~ $Oplll5uc~lI.-:d deSign components. ben in those 
~lIuations In Wll1-:h thiS flexibility must be required in the long run, 
It has been, al'';lldcd, because til self·modification capabilities are 
tough .10 bUIld In: many.. programs hale simple self· reprogramming 
as thelT sole tas~. and (11) monJlonng IS an expensive mcrhead in 
~th space, (detailed record'k~ping) a~d time (finding regularities 
m such lustones). 1111S ralscs the Issue of efficiency: 

Emciency 

When we b~i1d a new. large AI program, we often find 
ourselves caught In the following tradeoff: On the one hand we 
want to develop our initial systems quiclly and painlessly, since 'they 
are expenmental ~nd ephemeral. We want to be able to modify 
them later With !tttle or no redesign or r.-:programming manually. 
On the other ,h~nd, we want our systcms to run as effiCiently as 
pOSSible. 10 mmlmlle the demands for cpu time and primary and 
seco~dary memory. We are tom between expressibtJily and 
effiCIency. 

Manr. AI researchers cllm langu~ge designers have focused on 
exp~lbt1l1J" th~ proble~ o~ rapld~y consrructing a working
expenmental \'chlcle. This obJccuve IS a!>parent in the goals of 
EMYCIN (Feigenbaum 1917), KLONE [Drachman 1978) KRL 
[Bobro~ and Winograd 1917). PSI (Green 1917). RITA (A~derson
and Gillogly 1976). ROSIE [Waterman et al. 1979], and SAFE 
[Balzer et al. 1~77]. The, results are some superlative software (such 
as the syst~ms Just menuoned). and also exemplified by Interlisp's 
O~lM. ,FlIe: and Break packages. Four fundamental techniques 
u?hzed In highly txpr!!ssive programs are: (I) reliance upon a very­
hlgh-Iev.el langua~e, Ui) planning and reasoning at multiple levels of 
abstraction" (m) Inference by pattern-directed knowledge sources, 
and (/I') minimal, nonredundant representation, as in a canonical 
generalization/spccialization hierarchy. 

, ,Both within the body of this paper (Caching. Section 2.2) and 
Within ~ese appendiCes (Expectation-Filtering and Le\'els of 
Ab~tracllon. Appe!'. 4.1 and.4:2) we present various techniques 
_hlch d~ not ~nfice expresslblhty, yet cnable programs to (semi· 
)aulomallcally Impro\e themselves and thus increasc their 
producti\ity. One point of this paper is to show thaI the second 
goal, of AI programming, shon·term runtime efflCiencr. is not 
sacnficed by these techniques. 

The basic SllUn:~ I)f PI\Vocr is thc ability to preui~·t the \\av that 
tile pr~\£r3nl will b~ USl.'~ in tllC lillure. and to tailor Ih~ program t\1 
e!;p.;!dlt~ such uses. fhls approJch is somctim,'S used lI/u/lIIulll·. as 
when a program is quic~ly coded in an c.,pre.si\.:- but inefficient 
form. u~d hca\i!y, and then recodcd in a much more optimiled 
form. 111US. c.g.. Ray Carhan spent 1977 r<!\\ritin2 DESOR,\!. 
(streamlining its CO:SGEN module) for a minicoUlputer. 

Th~ traditio~al approach to program optimization has assumed 
~at StallC analYSIS .o~ p~ogrammer's expectations (whether implicit in 
~IS .code or ~X~llC!t In his f(lrmal assenions) can identify the 
slgnlfic:ant opUlnJlauon opponunitics. Three t}'pes of methods for 
analYZing program descriptions in this way include: ll) analYling 
pro~r~ now and structure [Knuth 1968) [Dijkstra 1976), (ill 
desllnlng data structures to be appropriate. and (iiI) compiling (as in 
the FORTRAN H compiler) and optimizing transformations of the 
program (as in [Darlington and Burstall 1973 1977) or (Balzer et at 
~~ . 
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In '. chanccable em'ironmenl we ad\'ocate the use of methods 
more dl'namic than these. Rather than improving the static 
dcscription of a program. we propose that the program modify its 
own suucture to adapt it to its operational environmenl Some 
earlier automatic programming systems (Darlington and Bumall 
1973) (Lenat 1975) [Low 1974] (Kant 1977) (Barstow 1977) were 
designed to improl'e programs' efficiency. and many of their ideas 
ha\'e found their way into the techniques we now describe. Those 
s}stems had progr3m consuuction, transformation. and optimiza~on 
as their primary task; we are proposing general methods to provide 
self-impro\'ing abilities to other kinds of AI programs
(undersWlders. theory formers. expert simulators. planners. etc.)' 

One valuable source of prediction comes from the program's 
experiences as it runs, If a program can "Ieam" 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; that is, 
by increasing its, ability to acquire appropri~t~ knowledge" to 
organize that knowledge. and to refine the condluons under which 
that knowledi!e 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 implemented. 
This barrier might be Ol'ercome by programs which are self­
extending, which actively do things to enlarge their input domain, 
their capabilities, 

Notice that representing a corpus of knowledge as a minimal 

(canonical) generaliution/specialization hierarchy. with 

interpretath'eIY'comp~ted in~eritance" mayor may n~I, ,be 

cognith'ely economIcal: thIS technIque fa\'ors expresstblltty, 

compaction of representation, and efficiency in updating and 

altering the knowledge base. but at the expense o~ perf0m:ance. It 

is uue that a dog is a mammal. and a mammal IS an ammal. and 

from those twO we could compute that a dog is an animal (see Fig. 

9). but if the same arc is being repeatedly recomputed the~ it is 

more cognitively economical to store one redundant arc. Studies by 

ourselves and others (Hayes'Roth and Hayes-Roth 1974) (Rips et al. 

1975] illdicilt~ just such redundancics being .:rciltcd and 
strcn!!tll~n~d t-l r'1letitill11s. 

Obviously, the economy of specific representations and related 
inference methods depends heavily on underlying machine 
architectures and costs. We assume that intelligent systems aim 
chiefly to produce useful results (e.g~ novel hypotheses) as rapidly 
as possible. In short they should search cle\'erly and fast. ThUs. a 
priori notions of aesthetics or design economy have little bearing on 
cognitive economy. Massive redundancies in storagc, processors. 
and inference processes seem more directly relevant. Furthermore, 
we suppose that. like people. intelligent software should el~te 
slow. interpretive searches for previously solved problems (especially 
if the same problems are repeated often). To this end, cognitive 
economy may be achieved through dynamic compilation of action 
sequences. Such compiling would reduce the time-cost to effect the 
corresponding behuior: on the other hand, this ef!iciency wo~ld 
appear to be gained only at the cost ~f Interp~tabllio/, 
1oterruptibility, and modifiability. Those are desarable attrtbutes Iff 
a program potentia!ly needs con~nual changing. II! ~icaI 
situations. both effiCiency of compiled forms and atce5S1bllity 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 characterizc the situations 10 which an AI 
program would find it cognitively economical to monitor and adapt 
itself: the resources a\'ailable for specific tasks vary significantly: or 
the specific tasks have (at least locally) some. simi!~ties. some 
structure which enables them to be solved qUICkly In the same 
particular way. Here are sOme examples: 

The load I\'erage of a time-sharing s}'Stem fluctuates with time 
of day. but users demand that their speech understanding syslem 
always pro\'ides the best guess it can in real ~__" .,' 

A hospital simulation program can run at excruciating le\'els of 
detail. and it Ih'es on a dedicated machine. But there's been a bad 
xddent nearby Jnd \\ithin ,)DC minute the IXllke mUSt hale all 
cstimate Ilf b..1W man~ cmergen.~ "aSo."S the hll$pit.1I ~'all ilCccpt, 

A program is ghen an enonmlUS amtlUlll of resources to 
prcrare for exh lask. but Iinle rcxlUrces bct\\ccn the lime a task is 
prCStnt"d and an answer is calk>d fur. It may be cost cffecth-e for 
!he program to spend some of its preparation (inter·task) lime tr}ing 
to diSl,'(ll'rr new algorithms. representations. etc. We are struck by 
this in nature (e\'olution), though as )et just glimpse it in AI 
pqrams (such as Eurisko). 

A system is Sllid to se\'\~nll customers. each with a distinct but 
c(llIlplex task en\'ironnlcnt in which it "ill Ihe. It then becomes 
cOS( efTecth'e to spend some resources str~amlining the program 
(either manually or automatically) to fit that user. In terms or 
equation 1. the environment changes only once, so no continuous 
monitoring and moditication is performed: the onetime cost of the 
modification can be amortized throughout the lifetime of the 
program (i.e_ the penalty for non-specialization is intqrated over 
time.) The well-known SYSGEN generatir:n of tailored operating 
systems is a simple example of this. 

While maintaining a file S)'stern, the program notices the 
patterns in each user's accesses to his tiles. and of the community as 
a "'hole, and occasionally selects a new data structure for some part 
of the system to make it run more efficiently. See (Low 1976). 

Appendix 2. The Assumptions 
SIIJMrI1Iy. TM claims we milkt tlsnihert in lhis paper 

prtSUppose Ihal "inlelligtnce" can be at/tqUQleIJ' modtllttl as heurislic 
WlI'Ch. guided by ptllltm-dirteled nller. implemtnlablt on a 
uniprocUllOr. 

Every scientific theory is constructed in a rich context of 
surrounding theories. methods, and standards determining which 
experiments are reasonable ones to perfonn and which point of >;iew 
to take when interpreting the results ••- in short. a paradigm. We 
feel it useful to articulate the "core" of one's paradigm: the 
assumptions one's theory 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 2.2), and a model 
of the characteristics of present computing engines (Appendix 2.3). 
Briefly: 

(i) We continually face searches in more or less immense 
spaces: intellisence i'i the ability to bring approprialt tnowle<lae to 
bear, to speed up such searching. Increasing intelligence then 
comprises increasing knowledge, impro\ing its organization. and 
refining the conditions for its applicability. Ho" are these new 
discoveries made? Empirical induction (generalizing from 
experimental and oCher obsen'ations). analogy, and the criticism of 
cxisting meory all lead to new conjectures. nell' possibilities. 
I 

(iil Intelligent s)stems can make the applicability of their 
kno"'led!\! explicit by rcprtsentina that kno\\'ledge as condition· 

, action rules IF silualion. THE~ appropriate "atlioll. Such pattern' 
directed inference s}'stems (POlS) can benefit from a schema 
representation (frame. unit. b~ing. scripl elC.). because this adds 
structure ,.,hich the rule descriptions can exploil 

(iii) Current computing t«hnolog}' presents us with limited 
cycles. cheap storage, and expensive knowledge acquisition. 

Appendix 2.1.: A !\Iodel of InteUiaeDte 

SIUrIIIIII'1: Since "inttlligenu" Jepellth upon bringing rt/t1'Qnl 
know/edge 10 bear. II can be incf'f!Qsed not only by addi"g ntw 
knowledgt. bul also by beller orralli:illg Iht txisting know/tdge. 
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Many human cogmtlve acU\'!Ues, including most of those 
commonly referred to as "requiring intelligence," can be cast as 
searches. as explorations through a search space, meandering toward 
some goal. We call a problem'solver "more intelligent" if it can 
work efficiently toward a solution even in the face of an immense 
search space and an ilI'defined goal. Somehow. it is imposing more 
structure 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 knOll ledge to bear, 
knowledge not supplied explicitly in the problem statemenL This 
knowledge can be about problem'solving in general (e.g., how to 
recognize and break cultural blocks [Adams 1974) or about the 
problem domain specifically (e.g., which groups of chemical atoms 
can usually be treated as aggregate superatoms [Feigenbaum 1977». 

This implies thaI a problem solver can become more effective 
by (i) increasing its knowledge. (ii) better organizing its knowledge, 
and (iii) rcfining its criteria for deciding when various pieces of 
knowledge are applicable. In tenns of production (If-Then) rules. 
these correspond to adding new rules. modifying the data suucUlre 
in which rulcs are held. and tuning the conditions (If parts) of 
cxisting rules. 

One vcry basic assumption we are making is that of continuily: 
the problem-SO!\'ing environment docs not change ilS 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 anal;'ze past scenarios to verify that possessing and obeying H 
would definitely have improved its perfonnance (e.g.. led to the 
current state of knowledge quicker); but ils only justification for 
belie\'in!! that H will help it in the fUlure is the empirical el'idence 
for the continuit), of the environment. Learning can be translated 
effectively into action only when the structure of the environment 
has not altered too greatly. 

A related assumption is that of irrel'mible knov·,o/edge accrelion. 
Our bod)' of facts and observations continually grows and only 
occasiull,llI) shrinks. C,mainl) til.: ,lballJonment of il whole S~Slel1l 
01 thought is J m.: "\,,m illde~d Is.:c [Kuhn 19"'~11. IIhereas the 
adl1ption of nell' systems of thOUght is pan of the standard 
educltional pnlCl'Ss. 

New kll\\wlcdg~ is disc()lcred b) spcciidil.ill~ some broadly 
3pplicablc but weak principlcs, or b} gen.:'raliling particular 
cxpcrit!nces. The latter includ.:'s abstraction lcondensc some 
expericnces into it heuristic which would h'lI e !!reatl)" aided us in 
the past if only we'd had it) 3nd analogy (draw parallels to other 
existing facts and heuristics. and also to the pmhs which led to their 
discovery.) One sometimes "spirals in" [Lakatos 19761 toward 
precision and competence l~e Fig. 10). 

..._............) 
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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 

SUItI1tIII1Y: Since we want our A1 programs to access. reason 
abou~ and expand Iheir own kno'll'ledge bases. it is useful to represent 
such knowledge ill a clean. modular form (e.g.. employing anyone of 
the current schematized representations.) 

The preceding remarks about intelligent problem sohing 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 

pro\'ide an absolute answer to how they should be organized. but 

we can posit some design constraints which have proven useful so 

far. 


A very general heuristic in Al programming is the following: 


If your program is going to modify its own X, 

Then make X as separable, clean. 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 fonn. sa}' as knowledge modules having some fixed 
internal structure. and also advises us to keep the applicability 
conditions for each .:nowledge module separate from the rest of the 
!.;1ll\1I kdgc it ,ontJins. 

This naturally leads us 1lI a paltern'dircct"J inference system. in 
'which koo\\kdge is broken into scparate modules. ':-:lch with an 
explicit set of rcle\anCli tCSIS [Waterman and Ha)c$·Roth 19781, 
Such s~stems arising in Pinsburgh and London ma~ 'hampion 
s)ntactic purity, II hUe those arising in California ma) tend toward 
the b.uoqne. bUI sllch \JriJtions should nol ob)Curc t11eir common 
source (If power. The PDIS architect breaks his program's 
knowledge into a set of condition·action production rules. 

Ha\ing a clean representation for rules means ha\'ing a clean. 
precise. ckgam language in which to exprcss them. By structuring 
the conceptual knowlcdge of the s}stcm. b~ panitioning each 
module's knowledge into sc\'cral categories. a rule can condense an 
cntire cllmbersome description into a simple reference (often a 
single poimer). The popular schematized representations of 
know ledge (scripts for episodes. frames for static situations. beings 
for specialists.. units for e\el)thing) enable a rule like "If there are 
no known methods specific to finding n:'W examples of prime 
numbers. then..." to havc 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 slot types and subslot 
types. the system builder can reduce most triggering conditions to 
such quick checks on the state of various (subslots of) slots of 
schemata. 

Additional knowledge can be brought to bear to locate 
efficiently all the rules which mighl have their conditions satisfied in 
a ginm situation, and also to decide which rules to execute (obey) 
among those whose IF· parts have triggered (been satisfied). 

Appendix 2.3.: A Model of (Present) Computers 

StDrIIftIIIy: Since we are considering Ihe problem of building 
computer models of intelligent behavior. many ofour assumplions deal 
wilh the characteristics of present-day compulers. They are Ihe 
symbol manipulators we u~ bul were nol designed for Ihal general 
purpose. 

The foremost quality of computing machines. as we know them 
today. is their limited "inferential bandwidth." Although they 
provide virtually (sic) limi,tless storage capacity, these machines can 
process only a small fraction of this information 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 
dereiopment of intelligent machines, This de\elopment is restrained 
by our inability to express what we would like our machines to do 
or to comen these expressions into effective machine interpretable
codes. . 
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The SI.\:(lIIJ probl.:m rel1.:,1S a let'll/w/v!;:;t'ul cllnSlrictilln uf \JUr 
p"I~:niil1. '111': SO-':;II\.:..1 \on :-';cumann buukncck. cauSl.\i b)' 
machir.e iln:hitcctures that sequentially illlerprct prugr;lJl1 Steps 
Ihrough a sin~le logi<:al prClCCSSl.lr, strongly moth'ates concern for 
pr~rams th,lt Cim minimize unnoccssary computations. 

In somc future en\ironmcm. perhaps neither of these problcms 
\\ ill pcrsi$1. In the meantime, howc\'cr, wc assume that two of thc 
bcst \\'a~'s to incrcasc AI system productivity, dcrhed from these 
current limitations, will be to expedite knowlcdge acquisition and fD 
a\'oi..1 unnece~5,3ry computing (for instance, by opting to "store " 
recall" rather than "forget &. recompute"), 

Appendix 3: Monitoring t~e Task Environment 

Sunuruuy: The body of this pap'r has amply illustrated how II 
progra/ll lIIiglrl profil from knowledge it galhered J),lIllmicIIJ/y, This 
suggesls Ihal ralher lhan workillg 011 the givell problem exclusively, II 
prograJII 11/0)' be ~lIer off /0 expend some lime leaming: learnillg 
about Ihe specific probJe"~ ils broader domain. or problem-solvilll in 
general, NOle Ihis suggestion lI'ould el/compass traditional education 
(being told), empirical research (oblln'illg), and theoretical 
exploration (prediclillg). IFhile such "I'el)' high-/e1'/!1" prablem­
soMllg slrategies Iypify humall problem-so!l>m (especially those of UI 
who have roliollaliud spending Ilt'enly or more yeaTS "ill school"). 
reI')' felt' programs 10 dale have emplo)'ed any of IheS/! forms of 
leaming 10 impro1'/! Iheir operotion. 

We discussed in Section 1 the "environmental fluidity" 
conditions under which it could be cost effective for an intelligent 
system to be able fD improve its performance dynamically, To 
accomplish this. a program must first be able fD monitor its 
processing, i.e., to 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 fD 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 (fD 

get airline TeSCn'ation programs written) would be fDld, Gelernter's 

theorem-prover (employing diagrams as analogic models) could 

observe, Lenat's AM could obsen'e and predict. In this paper, 

however, we are stressing learning about the ways the program is 

being currently employed, 


Leaming by BeiDI Told 

There are many situations in w'hich a user could provide ad\'ice 

fD a program: 


(a) The user might want to convey fD the program somc task­
soccitit item: "Intearation bv pans won't work on this problem": 
"111is is a \ e~ hard pnlblem:' 'Ibis .:an easih be inpllt as part of 
th.. user's st;uemclll IIfth.: prllbltm fur th.. s~sl..m tll work on: c,g,. 
thc user mighl dcsignate some mcthods as being preferred or 
constrained. he might estimate a rcsoun:c: a1lounent. etc. 

(b) Another type (If advice will apply permanently 10 the nature 
of thc program's functioning (e.g.. "Answers, C\'CI\ if uncertain. must 
be produced in real time:" "Hard pr~lblem$ will be starred:') Such 
kno\lledge can be retlectcd permanently in the design of the 
program. in its code. 

(c) But there is an intermediate level of advice, some 
information the user knows will concem the next sereral tasts to be 
submitted -_. not just the present one and nol all future ones: "The 
next four problems will be supplied in order of expected difficulty;" 
"Several of these problems share common assumptions and raise 
related, issues:" "The user for the next entire session will be a 
physician;" "Until I lind out why F34 returned NIL. I'll be in 
debugging mode, not production mode.K Such advice is rarely , 
cor.-municable even to AI progrlmS. 

We believe Ibis type of imermediate-Ie\'el ad,'ice would 
improve programs if they had the opportunity fD accept and use iL 
In general, we would like fD advise the program "hich capabilities 
to consider and which fD ignore during a prolonged period of 
sol"ing 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 Ihe system for each mode. A flexible 
(d)'namic) approach would provide 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 ",ill-be IXCREASED 
VERY-MUCH"). The program would translate such statements 
infD changes in its data stJ'UC1Ures, algorithms. explanations. core 
management strategies. etc. In !he current example, heavy usage of 
the knowledge base might cause the program fD swap out its 
compiler, optimizers. and other code, enabling il 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. Hayes-Roth 1979, J. Cog SCll 

Lumin& II), Obseniaa 

Spending a little time/space reconliguring to reflect the current 
state of the world (the nature of the recent and succeeding inputs) 
seems worthllihile: the problem is how to know what that abnormal 
nature of the en\ironment is. In the last SUbsection, we discussed 
Ihe case ",here the user explicitly tells the program. But this is 
oftcn impossible (as when the user is unaware of an impending , 
irregularity, or wilen the ''user'' is Xature), and almost always a i 
nuisance (IeaminB the lan~ge in whicll fD express such ad\'ice, i 
remembering fD do it. taking the time fD do it), 

The nelt step seems to be to allow the program fD infer such 

facts about its run-time en\'ironment from observations. What kinds 

of seJf·monitorilll can be usefully employed? 


'Ibc mcth,ld w'hich Cllmcs to mind first, pemJps.. is to 5.1\C a 
complete r1.'COfd ot' c\'C!rything that e\ er happcned to this progr;lJl1: 
all the inputs it reccived (whcn, from "hom), function calls and 
accesses it made imernally. paths it chose/rejected (and why), and 
outputs it generated. The pmgram could in principle induce. from 
sUth an elhausti,'c history·list. patterns such as "\,ery light usage of 
compilcr:" "SQRT is always called on the result of SliM-OF­
SQUARES," 

The space costs of such an an:hive, and the temporal C~l of the 
procedures to infer useful patterns. are surely prohibitiye. The more 
economical apprO:lCh is to analyze in ad\'ance (and change slowl)' 
throughout the program's lifetime [Samuel 63)) certain features W'J! 
would wish to look for in a complete history record, and then to 
have the program record just enough d)'namicall)' 10 gather and 
maintain those features. Some of these will be domain-independent
and commonly uscful: Frequency of calls on yarious functions. 
requests for subtaSks. etc.; Patterns in the arguments to calls on 
certain functions and inputs to the program: Patterns in !he 
sequence of calls on functions; Patterns in functions' results (e.g~ 
FJ4 a1wa)'s seems fD return a User-Name), Some of the features 
will be domain-dependent specializations of the preceding features 
(~A\'erage degree of input equation" is a special "paw:rn in the 
input.") 

Lumina II), Pretlictq 

The theoretician and the engineer share a powerful technique: 
manipulating a model of a system to generate predictions and 
identify those possible oUlComes that would be desirable, This is a 
third route to learning. How might programs produce it? Wbat 
sons of theories.. or models, can be employed fD generate new 
information? 

Atodels of the program's UJeTS can be valuable. This includes 
maintaining and extending profiles of individual users and whole 
groups. When a user opens a dialogue with Euristo with the word 
"Let", it is a safe bet that he's a mathematician, Later. when he 
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uses the word "function," his membership in thaI group makes it 
eaSy to dcter:min~ which meaning he has in mind (instead of, say. 
what a ph!.SlOlo~lst .?r a. computer scientist o,r sex therapist might 
mean by funcuon.) \\'hen the program wishes to mention the 
square root of -1, it uses its MATHEMATICIAN model to choose 
~n appropriate notation ('. i" for mathematicians instead of. say... j 
, for engineers), Models can be arranged in a hierarchy. with 
mhentance of features from more general groups to their subsets. a 
lauice ultimatel)' terminating in models of indiliduals, t.:ser inputs 
would be recogniled by various models, which would then 
hypothesize membership in that group (or explicate some future 
condition~ which voould confirm or deny such inclusion). Once 
triggered ,in this \loay. the user's apparent groups (and its 
generallzatlons) ,",ould actilel)' filter his inputs and outputs, could 
modulate the program's actions (e.g.. by changing the worth of the 
"Proof' concept. ~hich in turn ,",ould change the priority rating of 
taSks on an ,\\f-hke agenda and thus alter the program's choice of 
what to work on ncxt.) Sew user model~ can be created either top· 
dovon (e,g.. '.lhen a model h"s man} direrse instances or when it's 
pr,lIcll his{{lri':JII~ t,1 11.: I':~ 1.lluablc. then tr~ to split it inln 
sCler,1I Speciillil.ltil\n~. C;h:h hill ing .1 ,hOlre \If th\! gcn.:rJI model's 
1n,lan.:,',;) (lr bounm-up lLe" notice tlwt a £TIlIlP of indiliduals share 
a set oi C(llnmllfi ch:lractcristics. and cr~;lte a new u~r gTOUp out of 
them), 

'111e preceding k.ind of predictiull is based on a thcory of user 
t} po:s. embodicd in a S<!t of "typical repr~senlatil'e" mudels. The 
sallle source of pOII.:r can be u~d in many wa)'s: stereotyping of 
e\l"nlS (as in scripts}. stereotyping of st.ltic complexes (as in frames). 
stereotyping of communities (as in actors. beings. and contract nets). 
In all Ihese cases. the source of pOller lies in quicl:l}' recognizing 
pfLlbablc membcrship in (applicability Ill) some sChema, aftcr which 
all the rcst of the scht'lTla (plus knowlcdge al10ut all its 
generalillltions} is presumed to be relevant. Programs might build 
up and utilizc scenarios of how problems are solved typically in 
their domain, The building-up could bc top·down via specialization 
or bOltom'up \'ia generalization. or even "sideways" via analogy. 
The models would be used for prediction (recognize relevant models 
and activate them. have them hypothesize probable future 
situations). Together, the models would form a theory of how 
problems are solvcd in that domain. 

Appendix 4: Cognitive Economy in Any Environment 

SU1fIIrIQJ'y: A coherenl theory of cognitive economy must 
characterize Ihe sources of pOK'tr of ils melhods. and describe ways ill 
which Ihey specialize for em-ironments ha.ving various properties. 
While Ihe bod)' of this paper cOl/untrared upon (ogllilit'e economy in 
fluid environmellls, we hope to see such a comprehensive theory 
develop in the folure. For Ihal reOSOIL K'e shall presenl (briefly, here 
in an appendix) a few techlliques for ellhancing cognilive economy in 
arbitrary enl'ironmellls' We have already described in great detail 
(Section l.l) the caching of intemlediate rcsults (intelligent 
redundancy) and will now treat two additional methods: expectaUof/" 
simplified processing (illlelligent focus of allelllioll) alld multiple levels 
of abstraction (illlelligent knowledge structuring.) 

Appendix 4.1.: Expectation-Simplified Processing 

SutrlJ'l'llUY: For efficiency's sake. an in/elligellt s}'stem should be 
willing and able to add new facts, but should be eager to add 
surprising new facts. Surprises can only be noticed by contraS1 with 
expectations. so an intelligent system should maintain a context of 
expectations and filler incoming observations against thai. 
Furthermore, expectations and surprises can aid an intelligelll s}'stem 
in comparing its model and processing of the domain to Ihe rtQl 
..'Orld. Through such monitoring discrepencies ma}' be found and 
diagnosed. leading 10 changes in the model making it mort consistenl 
with observed behavior. Our discussion here cenlers 011 the 
importance of using sitch expectations to focus and filter intelligem 

, processing. 

'Jb~ II I'rld bombards l'liT SCll>eS \\. irh dJta, milch m,'r~ rh.lI) "c 
can PTlX'~ss in detail in rcal time: y.:t \I': can't Ii\e in <I hundred 
times real time. We SUTI ile 11~ i~noring m,'st ,'ftl1<l1 data. nr. more 
prcclS<!ly. III !;nowing (ahm)st immcdiillcly deciding) what can be 
i~nored. W.: m,lintain a ~"'I of cxpc.:"talilln" against II hich the 
incoming torrcnt is matched. Almost all or' it will march those 
expectations. and \I~ th",n need m.:re!) prOl:css the ullexpected 
inputs. the surprising nbseTl'<ltions. We reseTle our cnmpming for 
those oPPl'nullities v;hich prumise us genuine n",w facts. ralher thJn 
reconfirmation of known ones. 

Such con,cntradon on thc abnonnal is a natllral side-effect of 
being guidcd by expectations ••• albeit usual!) stcr~t}'ped ones --­
about situations.. el cnts. and people. One is ablc to zip uuough 
most of what is encountered. match it immediately to the active 
schem3. and move on. The only processing which is slov; and tricky 
is that' dealing with the remaining anomalies. exceptions. puzzles. 

The more general position is that 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 "I'm worth 
computing or verifying", or just the opposite. For example. in our 
"Room" frame. we hal'c a default Ceiling. but in e\eryday life we 
know 10 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 ver}, fast algonthm we can app!); if ever we are in a 
situation in which we ne.:d that information. For ceilings, it's 
(A 0 (\001; upwards); for exit signs, it's "look fOT 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 expect those lit signs to be one of the 
few things we could still see. 

The policy fOT whether. when, and how to check. a default slot 

,.a1ue can be arbitraril~' complex. The program may be designed to 

reason at great length about how much time to expend re­

confirming 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-filtering: 

(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 1001: for horizontal and vertical red lines: 
this is 99% effcctive. When v;e 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 obseTl'e Y when we expected X. our 
anention is captured. In one way; sensitivity to data inconsistent 
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 curr~m fram",}.111is pl\int (Ill sa~s that it'w\: dl) notice it. thl-'Il 
it II ill have :I si£nilkJI1I imp;lCl. Carerulll l1uidin~ up an 
cxpectation and then ,lbrupting shanering it v. itll a jarrin~ SllrpriS<! is 
the archet}'pical template tor a ~llI.ld joke, As Arthur Koest.lcr 
ubseTles. the jarring of contlieting matrices of thought is what 
powers an (l1h!). science (alw!) and humor (h"/m!). 

lc). Defer: 8}' relying upon expectations. upon dcf.\ults. 'I.e ciln 
usuall)' defcr processing to find the true ,alue in Ule current case 
forel'cr, At least. v.hcn we do fmally have to make a particular 
perception. it may at that time be easier to make. When the ceiling 
is fillling. it's casier to see: when all the IighlS go out except for the 
EXIT signs. it's easier 10 see them. Generalizing. we may st:lte that 
it's worth a little computing to reason out whether (and ma)'be even 
how 101lg) 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 quick.ly. store informati()n which would make 
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F(x') more easil}, computable (for x· similar to x. and F similar 1.0 
F). store away a partial model of the world with good and bad 
features tagged. Notice that moving along this continuum. programs 
grow more flexible. more descripth'e (less scalar), more dynamic. In 
all cases. the motivation for doing this storage is to (i) speed up the 
recognition of (the need to do) similar computations in the future. 
and (ii) speed up or el'en eliminate those computations when you 
decide they are relerant and }'OU want the values they would retum. 
These are the two uses of scripts. but also of cached constants (e.g" 
cnching the value relUmed by OWNED·BY, a function from CARS 
to PEOPLE). A better example is user models: they range from a 
singlc bit (E.g.. a NOnCE/PRO toggle). to a few numbers (e.g., in 
PARRY). to a dynamic concept'modelling scheme (e.g., in Eurisko), 

In the interests of cognith'e economy, we conclude that 
programs should build up expectations, monitor them, and change 
their models as needed. A natural mechanism for doing this is the 
use of pattern directed knowledge modules (PDMs), which can react 
to changing situations, to suddcn disconfirmations of predictions. 
These can be used as triggers or demons; e.g~ if you hear someone 
shout "Firel" in a theater, that takes precedencc o\'er Jane Fonda. 
The second use of PDMs arises when an expectation is not met: the 
program then also has some chance of modifying the culprit rule(s) 
that made that false prediction (and/or adding new rule(s) which 
would make thc right one.) 

Appendix 4.2.: Levels of Abstraction 

SU1lUl'lll1'Y: An intelligent system's domain model is typically an 
approximation ()f realil)'. II is often the case lhal kno'll'ledge exists al 
sel'era! [erels ofderail and abslraction. The amount ofdetail required 
in intelligelll processmg depends on the problem·soMng context. By 
appropriatel), structuring kno'll'ledge. a prob!em'so/~er can lake 
adrafltage of abstroction by reasoning at the lel·el appropriate 10 the 
f(il'en situation. We argue here Ihat abstraction is clilcial for 
i/III·Uigl·1II syslcms II-hidl lt11ISt IIT{)('/'SS ora 1<11-gt k111J'II'ltdgl' ruses orI 
1I'iIIli/l l\id":,I~r"ry'il/g li1ll,' ct"lsIrJilllS, 

In mall), real·life problcm soh'ing situations. the "goal" is not a! 
sin2le. pr.:ci51! answer, Rather. therc is a' cost'beneOt tradeoff 
be",'ccn, the accuraq of the solution and the amount of resources 
consumed in producing it, Computer programs which are designed 
onlv to rcturn exact answers lie at onc extrl!me end of this cuneo 
and rarely ne3r the optimal point (of diminishing returns). As 
McCarthy and others hale obscned. when a coffee cup spills. it's 
not optimal to t'arefully integrate the equations of h}drod)'namics 1.0 
decide whcther or not to jump av.·ay from the table. 

This notion of a cost'benefit cun'e presupposes a kind of 
"continuity" in the em'ironment, as we discussed in Appendix 2.1. 
Namely. truncated search is assumed to be better than random 
selection of a legal mOl'e, Almost paradoxically, if the environment 
is mercurial, then the optimal point on the tradeoff will cause our 
prosram to be veT}' expressive. 

Cognitive s}'Stems which must cope with the world have an 
omnipresent need to approximate reality··· a need which is ~eU 
met by maintaining multiple representations of the world at vanous 
levels of abstraction; i.e., an entry in the knowledge base has aU ilS 
generalizations also stOred explicitly. redundantl~. 

Multiple levels of abstraction ("MLA") are useful for quietly 
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. Another example is the spilIin8 
of II coffee cup: the decision of whether to jump back, or what 
items will get soaked. is made very rapidly. heuristically, not by 
integrating the hydrodynamic differntlal equations. 

MLA also facilitate analogizing: they can ~ate that proc:as 
easier, faster, and occasionally e.en more \'IUd. AnalOSies can be 
recognized when tv.:o. distinct ~DCepts coincide at some abstract 
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!e\'el. Conversely, it' (corresponding slots ot) two apparcntly related 
concepts (such as two homonyms) do not share related structure at 
hisher levels of abstraction, that suggests thai an analogy between 
them would be superficial and lacking in power. 

Multiple levels of abstraction cost a cenain amount to 
implemenl both initially' (man·hours of programming) and as thc 
p~ram runs (cpu time spent maintaining the redundancy, choosing 
which level to work on nexl elC.) For problems of all sizes, this 
feature aids in the expression of new problems to the program, since 
they may be input at whatc\,er lerelts) seem appropriatc to the user. 
Thus multiple le\'els of abstraction will always add to expressiveness. 
and will either deuxt or add to efficicncy dcpending upon how 
small or large the task is, '\1LA is I'Cry useful when the program's
resoultes are cunailed or, e\'en better. \aried dramatically in 
magnitude from run 10 run (a program which was a/I\Q)'s limited to 
a IS'second cxecution time would be designed specifically for its 
task, but a program which might 8et anywhere from 2 seconds to S 
hllUl'S Ii.lr the some simulation qlk.'Sli,\D c"uld bl.'ttl.'r N-nl.'tit fwm 
ntultipl.: lelds t'f abstraction.) ~IL\ .:,Illtributes lIlill\:' III et1kil.'llC\ 
as thl! quoUcnt (taSl sill.'}llrcsourcc allObncnt) incrl.'as..'l> in sill.'. and 
as its I'llriallCt increaSeS. 

lbcre is a more gl.'neraJ result here: the methods \I hich humans 
find useful for easy e,;pression of problems ma}, be useful to 
programs a{(.acting \'er} large probll.'nts, For instance. consider the 
~«ision about wl'K'thl.'r to do inference b) a sYStem of pattern· 
ID\'oked expertS. or, instead. to preprocess the mggering conditions 
into a large discrimination netwolt. 'lbe former approach is more 
cxpressh'e, the L1lter more efficient ••. at least for small problems. 
For \'cn.' large taSks. the need to rcmain Ile);ible looms rery large, 
It is then more economical to retain pattcrn'directed control: the 
compilation of the patterns is so complex the whole procedure 
would have to be redone frequentl~· during the course of execution. 
if we opted for that alternati\'e instead. A case in point is the 
HARPY speech understanding program (Lowerre & Reddy 1979): 
whene\er the grammar changes ••• at any level ..· the entire spcech 
recognition network must be recompiled. HEARSAY II [Lesser and 
Ennan 1977]. while slower in performance. has sufficient flexibility 
(from several independent pattern-diretted knowledge sourtes) to 
obviate such monolithic integratire recompilation delays. 
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Abstract 

'[bis 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 (t) manipulation of the external system to reveal its 
structure. A theory formation system, 00, is described that employs 
experimentation and observation techniques to develop a theory ofthe 
UNIX file system ancl c~ecutive-Ievcl file commands. This theory 
formation tast. 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 llt'Cd to be developed. Previous 
techniques are reviewed. and none ofthem are found to be applicable, 
A new technique, based on controlled experimentation, is described. 
and a hypothetical trace of OO's execution is presented. 

~ WlIlli: Theory formation. generate-and-tesl, controlled 
experimentation. exploratory experiments, observation experiments, 
hypoth<.'Sis-test experiments, creditolls."IignmcRl. new terms. 

1 Int roduction 

Despite major advlnces in recent years, ArtifICial Intelligence 
models of learning and seientiflC 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 ta.~ks. 
We have chosen the laSk: of eonstructing 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, version spaca. Meta­
DE.NDRAL, 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 me theory 
formation process. and (c) to explore the various states ofthe system 
being mOOel1ed. The paper concludes wim a dcscriptionof the EO 
program and a hypothetical example of its operation. 

1.1 Desc ripUon of the theo ry formation task 

The main goal of the EO project is to investigate a largc-scale 
theory fonnation problem to determine which existlng"AI techniques 
fn be scaled-up and what new techniques need to ~ developed. The 
; 

IUNIX is aI.ill!bnart 0( Ilclll..aboataries. 

theory formation task that EO must solve is to develop a theory of the 
UNIX) operating system by designing. performing. and analyzing 
experiments with UNIX executive commands. lbe theory to be 
developed has four components (see Figure 1); input/output syntax. 
executive'level commands, system c:aJ1s. and fIle-system data 
structures. 

• Input and output syntax. (E.g., Incommand 
:: = 1nsource dest) 

• Abstract ))rograms for each executive 
command. (E.g., 1n command, cp command) 

• System caUs. (B.a.. Create-fne, 
Delete-fnt, 

" Chango-working-dirtctor,) 

• File system data Sl1'IJCture5. (E.g.. file 
directories. protection codes. current working 
directory) 

Flpre 1: Four components ofOO's theory of UNIX 

Input'output syntax includes the syntax of strings typed by the user 
(commands. file names. arguments, switches, and so on) as well as the 
syntax or strings printed by the computer (directory listings, prompt 
charactcn, error messaaes, 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 systC'm. and 
manipulation commands, which perform some action on the fiie 
syslenl. Manipulation commands typk:aUy involve such steps as 
checting the prerequisites of the action to be performed, printing 
error m~es.. requesting confirmation for dangerous actions. and. or 
course, invokinB the appropriate system caDs to perfonn the actions. 

1be final two components or the theory are closely coupted. The 
file system is described as a set of mappings and data stlUCtures that 
implement thOllC mappings. The system calls are then defined as 
operations on these data StlUCturcs. For examp1e. mere Is a many-to­
one mapping from file names to files. and this mapping is 
implemented asa table in a directory file. The Create-ftle system 
caU adds a new entry to this table (as well as writing a liIe on me disk:). 

This theory is substantially different from any theories developed 
by previous teaming programs in the inter-connectedness of the 
concepts in die theory. "Theorics" rormed by Lenat's AM [1976] and 
Euristo (1982) programs, for example, are simpler in that they 
investigate systems.or nearly-independent concepts. P..ach tOllceDt can. 
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· . 
be defined and '~valuat\ld wilhout modifying the definition of IIny 
olher concepts. In EO, however. a change in the definition of a data 
structure, tbr exmnplc. can have far-reaching effects 011 the definitions 
ofsystcllI calls, comm,mus, and even 110 syntax. 

In defining this particular task. we were guided by an analogy with 
the way people ledfll about opefllting systems. People arc rarely 
taught the details of an operating system. Instead, they read manuals 
,\lId thell conduct experiments. An examination of any operating 
systems manual will reveal many incompietenes.'lCS. For the UNIX 
m:ullIals we have inspected {Kernighan and Mcilroy, 1976; Lomuto 
and Lomuto. 19831. the syntax and main behavior of each command 
are well·specified. However. the underlying structure of the file 
s~st..:m and the exact behavior of executive commands in unusual 
situations are very incompletely described. By analogy, EO starts with 
a fairly complete model of the 1/0 ~yntax of UN IX. It is given panial 
modcls of the more common executive commands and very lillie 
information l>bout "he underlying da!.1 structures and system calls. It 
also has a body of general knowledge about computers (e.g., data 
structures for implementing a many-to-one mapping) and knowledge 
about the kinds of actions that one would normally want to perfonn 
on tiles and similar data objects. 

1.2 Review of previous work In theory formation 

Oiven 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. Defore describing the approach that 
EO employs. let us review existing techniques for searching large 
hypothesis spaces. 

The most naive approach to scm't:hing any space is to generate all 
candidate solutions and test them to see if they are indl.."Cd solutions. 
(n this domain. this approach corresponds to generating all theories of 
UNIX consistent with the starting knowledge base and testing them 
through experiments. This approach is grossly ineffICient, because it 
docs not usc 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 hypotheses. 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-climination algorithm would not perform well in this space. 

TIle approach employed in Meta-DENDRAL appears initially to be 
Ilpplicable. Meta-DENDRAL is given a set ofmolecules (with known 
structure) and their corresponding mass spectra. and its goal is to 
develop a theory that predicts how molecules will break apan inside 
the mass $pcctrometer. It employs whllt has been termed the "single­
representation trick" [Dietterich, et al.. 1982] to seareh the space of 
possiLie cleavage niles. First. each data point in each mass spectrum is 
translated huo a set of speci fic clcavage rules t1lat could have caused 
that data point to appear. Then synlaCtic 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 EO's domain would S(an by gathering training instances 
of commands and their behaviors. Then the set of maximally-spccific 
UNIX theories that could explain these behaviors would be computed. 
Finally. syntactic methods would be applied to generalize these 
theories to obtain a Singh: (heory that explained all of the behavior. 
Unfortunately, this approach is not fcasible because the set of 

maximally-specific theories that explain a given command is too large 
to compute. Furthermore. it is not obvious which data should he 
gathered initially to guiue the theory f.ommtion process. A more 
dynamic approach appears to be called for. 

The AM and r.urisko programs employ a dynamic, opportunistic 
approach to discovery ta.<;ks. It is wonhwhile investigating how 
analogous methods might be applied to EO's task. AM and Eurisko 
are discovery systems that search a Spi\CC of possible construcl~ looking 
for interesting ones. A direct application of Eurisko to the operating 
system domain would involve giving Eurisko general knowledge about 
operating systems along with heurisdcs for the design of good 
operating systems and then letting it nlll to see what interesting 
systems it discovers. To conven Eurisko into a theory formation 
system we need to replace the "interestingness" heuristics with 
techniques that foree Eurisko to general.: theories that explain the 
observed behavior of UNIX. This is roughly the approach we are 
taking. In place of "interestingness" heuristics. EO plans and carril.."S 
out observation experiments to reveal import.1nt structure in UNIX. 
This structure is then incorporated into the growing theory of the 
o~-erating system. 

1.3 The role of experiments in learning and theory 

formation 


F..xpcrimentation (or active instance selection) ha.~ been employed in 
several learning and theory formation systems (see (Buchanan, 
Mitchell. Smith, and Johnson, 1977D. It provides two basic functions: 
testing hypotheses and gatheling further information to consu'aill 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 
YP.5/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 usc this informiltion to help guide 
the theory generator. For example. as we mentioned above. Mitchell's 
[1978] version space approach guarantees that tlte generator will 
generate only theories that are consistent with the data. Hence, every 
YES/NO answer returned from an experiment is completely 
inC<Jrporated into the generator of'the.ories. In this role, experiments 
can be viewed as providers of new data from which the theory is 
developed, Even this role has not been developed much in existing 
learning system. Substantial speedups in learning can be obtained by 
clever use of experiments to "split the hypothC$is sp~ in half" (see 
(Mitchell, 1978». 

It is po~sible fO exploit YF.5/NO answers funher 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 mudify oniy the parts of the theory that 
are still incorrect. There are many techniques for aSSigning credit and 
blame. One approach described by Dietterich and nuchanan {l98l] is 
to perform controlled experiments. The generator can generate a set 
ofhypothcses by varying only one component of the hypothesiS at a 
time. Each hypothesiS is then tested. and a YP.5/NO answer is 
obtained. Because only one component has been varied since the last 
leSt, 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 
subc.omponents into one complete hypothesis. Ifsuch a factoring docs 
not exist, then this strategy reduces to exhaustive generate-and-test. 

In some domains-including the proposed operating system 
domain-more than a si:nple YESINO answer is available from 
experiments. In Arthur Samuel's [1967] book-move version of his 
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.:ll~kcrs learning system. for example. each experiment not only 
tested whether a proposed move was the correct one-it also returned 
th~ correct move as a resulL This inl'onnation was then employed to 
adjust the cur••lIlt hypothesis. . 

The morc information an experiment provides. the more the 
learning or thcory formation system can learn from thafcxperimcnL 
For example. in the LEX learning system. each experiment returns a 
~mplctc Irace of the efforts of the problem solver to solve the given 
integration problem. A powerful analytic technique has recently been 
developed for I ,EX that involves analyzing this t:race and attempting to 
"invert" each integration 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" 
these inverted operators to compute directly the heuristics for each of 
the operators in the solution sequence. Utgofr [19821 has even 
employed this technique to compute the definitions of new temll to be 
included in the generalization language of the system. 

We hope to show with EG that similar techniques can be employed 
in a morc complex theory formation task. A very important difference 
between EO and all previous theory formation systems, however. is 
that the system being experimented upon is external to the theory 
formation system. Consequently. it is not possible to observe direttly 
its internal state. This makes evident a third mnction of 
experimentation-it permits the theory formation program to 
manipulate the eltternal system in order to reveal its internal structure. 
In the UNIX domain. for instance. experiments can force UNIX into a 
new state that has never been 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 
all tiles 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 tIIat EG'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 arc now in a position to state the two basic bypotheses of the 
EO project: 

1. A heuristic search technique simUar to that employed ill 
Eurislco is sufficient to diseover theories in this domain. 
and 

2. Planned experimentation Is essential in large domains in 
order to avoid combinatorial explosion in the search tor 
theories. 

Both of these hypotheses rest on a more fundamental claim: Theory 
formation can only be accomplished if the system \IDder study can be 
factored into weakly-interacting components. The essence ofbcurisdc 
search is to subdivide the overall theory formation task into sinau 
subtasks to which heuristics can be applied. The essence of! 
experimentation is to isolate some subcomponent of the system undcrj 
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 hypothesea by 
developing a new experimentation-based theory formation method. 

2 Forming theories about operating system 
commands 

As described in section I. P.G starts with a partial theory of the 
UNIX file systcm . and incrementally improves this theory by 
conducting online experiments with a UNIX system over an Erhernet 
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 iL 1bis initial theory is incomplete and 
oversimplified, but it includes enough information to enable EG to 
manipulate and observe the state of the UNIX system. EG's tast is to 
fill in the missing parts of the theory and deepen the oversimplified 
parts in order to obtaiA a complete and accurate theory (at the given 
level ofdescription). 

This section statU by describing the architecture of the 00 
program. Then a hypothetical example ofEG's behavior is presented. 

2.1 Program architecture 

EO is designed as a set of knowledge soun:es that interact through a 
global database and a global agenda. The 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 perfonn. An executive routine 
repeatedly analyzes the agenda. chooses a tast. and invokes a 
knowledge source to perform the laSt. As the knowledae source runs. 
it may P05l new tasks on the agenda. 

Tasks faU into two major categories. One kind of laSt is placed on 
the agenda when some new information has been posted on the 
blackboard. This kind of task asks that some knowledge sources be 
Invoked to compute the consequences of this ncw information and 
propagate them to other components of the theory. The second kind 
oftask identifies some hole in the theory. It asks that some knowledge 
sources be invoked to design and execute an experiment to help fill 
this bole. 

Tasks are ranked on the itgenda according to their Importance.. 
Importance is determined by a collection of heuristic rules such as "If 
some other IaSk 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 importanL.. 

I 
I 

From the most abstract viewpoint, the seven knowledge sourCes in 
EO can be srouped into two categories: those dult generate theories 
and those that test theories. There are four generator sources. one tor 
each component of the theory: 

• TlQ-InpuVOutput theorist 

• TC-('.ommand program theorist 

• TSC-S)'Stem call theorist 

• TDS-Data suucture theorist 

Each of these has the t&$k of generating possible modifications to 
the corresponding component of the UNIX theory. These 
modifications may iIlvolve expanding the theory to include a ftner 
level ofdetail or revising the theory to correct erron. 

There are tbree knowledge sources that test theories and perform 
experiments. These are 
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o Thc experiment proposer-which examines a problem and 
attempts to find an experimental method that will help 
solve it. . 

• 	The expcriment planner-·whkh develops a specifIC 
eXlJel'imelltlO perfonn. and 

o The experiment monitor-which performs the 
experiments and gathers the raw responses from UNIX. 

The genel'JI behal'ior of tile system is tu repeatedly identify a hole 
in the theory, design and execute an experiment to gather some data, 
and then invoke approprime theory-generator knowledge sources to 
analy-/.e the data and modify tile theory. 

2.2 An extended example: the In command 

'Ibis section presents an extended example of EG as it altcmpts to 
understand the 1n command. This command permits thc UNIX user 
to create all alias mime for an cxisting file. After the command 1n 
::ource dut is executed. both names source and dest point to 
lIle same file. so that changing one file changcs the olller. 

We will start by describing the state of EG's UNIX theory at the 
point where it begins to work on the 1n command. 'Iben, we will 
present a hypothetical sequence of knowledge soult:e invocations. 

Suppnse that EG has been working for a while on tile stnlcture of 
the file ~ystem. It hilS discovered lIlat the file system is stnlctured as a 
tree of directories and now it is invC'Still;atin!1; commands (whose names 
and syntax it already knows) tn see what e!Tects they may have on the 
file system. One of these commands is the In command. Here is the 
state ofknowledge at this point in EG's rcsealt:hcs. 

RCC<lII that tile theory of UNIX is built of four components: file 
system <L1ta stntctures, system calls. command programs, and 1/0 
syntax. EG's current theory of data ~tructurcs states that the UNIX 
tile system is structult:d 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 this tree called the 
current working directory. A file il; designated by giving a path 
through this tree from t.he 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 upward link is specified by giving 
the special name ....... Each directory implements a mapping 
between file names and actual files. lbis mapping is many-to-one and 
converts file names into unique global identifiers of flIr.s. The 
mapping is implemented in the directory as a table in which file names 
and liIe identifiers are juxtaposcd. A unique file identifier is an 
address that points to the actuul string of characters that makes up the 
file. Each tile can be thought of as having a canonical path name that 
starts at the root of the file structure. . 

The second component of EG's current theory-the system call 
component-includes the following primitive o:ctions: 

• 	create-fl1e{nallle.contents) 
Create a new file with the indicated name and contents. 
This is defined as creating a new unique tile idl.'I1tifier, 
storing the contents at that address, and addillg a new 
row (name, unique identifier) to tile appropriate 
directory. 

• 	delete-flle{name) 
Delete the tile with the indicated name. 'Ibis is defmed as 
removing the directory entry for nalle, 

o 	rename-f11e{oldname. newname) 
Change the name of a file. This just changes the nalne 
field in the appropriate directory entry. 

• 	addl1nk(source. deat) 
Create a new name (dest) for an existing file (source). 
This is defined as adding a new entry to the appropriate 
directory associating dest with the same unique identifier 
as source. 

• 	fi1ep{nalle) 
Check to sec if name is the name of a file and not a 
directory. 

• 	acceSSiblep(nalle) 
Check to sec if name 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 structures. 
POI' instance, Create-file only works if the name docs not already 
exist. Addlink requires that the lource exist and that the dest not 
exist. Filep has Acceis ib1ep as a prerequisite. 

The rhird component-the command procooure 
component-iocludes procedures for the following commands: 

018 
Print a list of the file names in the current working 
directory. 

.11 -ld name 
Print liIe infomlation about the file or directory indicated 
by na..e. 

• 	cp source dest 
Create a new file dest whose contents arc copied from 
source. 

o 	rm source 

Delete the me source. 


cp 
I Succea 

j J 

I Print I lereale.file
msg1 

• f 

AcceaibIeP 

Dell 

I 
1 

I l Print 
msg2 

• I f 

FIteP 

I 
• J f 

AcceaaIbIeP 

I 
Source 

I 

I 

I Print 

~ I 

msg1: Dest: FIle .... 

msg2: Source is • ditectoly 

msg3: Source: No such liIe orditectoly 

Figure 2: Level 2 theory of the cp command. 
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For cach of th~s.: cnmmands. EG has an abstract program that 
Jclincs the command in terms of thc systcm calls givcn above (see 
Figurc 2). To represcnt these programs. I am using a slight 
m{ldification of the pnlgrammer's IIPJ>rcntice represelltation for "de<:p 
plans" (sec (Rich and Shrobe, 19761>. In this not.,tiun, a program is 
reprcsented a~ a partially-ordered graph of boxes. F.och box denotes a 
primitive action to he perfonncd. 'nle boxes are linked by control 
paths t:lat indicate that one box must be performed ben)re another. 
Conditiomll boxes have multiple outputs, one for each possible 
oltlcome of the action. Although not shown in this simple example, 
this notation also provides methods for representing iteration and 
recursion, 

i-=inally, the syntax component of EG's UNIX theory includes a 
complete grammar for Ole and di".'ctory syntax and for command 
syntax, 'Ille following UNF rules show a portion of this grammar. 

command ::- lncommand I cpcommand
I othercommand 

lncommand ::- In sp filename sp filename 

cpcommand ::- cp sp filename sp filename 

filename ::- legalchar
I filename legalchar 

{repeat up to 13 times} 

....sp ::­
I sp .. .. 

Notiec that the syntax for the 1n command is provided. 'Ibe syntax 
for several commands is given 10 EG at the start. However, the DNF 
nile for command also includes the nonterminal ot.hercommandl, 
which has no rules delinhlg it. Hence. EG knows that its list of 
command~ limy not be complete. 

Given this body of knowledge. let us suppose that EG has 
pcrfonned an 1n command and inductively in/crred that the purpose 
of the 1n command is to perfonn an Add 11 nit operation on its two 
arguments. Here is one sequence of knowledge-source invocations 
that might occur. 

In 

.'illllrc 3: Initial theory of the 1 n command. 

Step 1. 'Ibe TC knowledge ~ource is im'oked to build a theory of 
the 1 n command. In other words, it is called upon to develop 1111 
possible abstract programs that might implement the 1n command 
using the aVlIilable system calls, TC pmduccs only one theory for 1n. 
which is shown in Figure 3. (In my lirst implementation of this 
system. the TC builds this theory by backward chaining from the goal 
of the command.) 'Ibis theory says thilt the main step of the command 
is to perform an Addl1nlt operation on two argumcnL~. the source 
and destination file names. In order to do this. all of !he prerequisites 
of Addl1 nit must be checked. Hence. test boxes have been included 
that check (a) that the source liIe is accc.:ssible. (b) th:lt the soun;e file is 
a file. and (c) lhatthe destination liIe is not accessible, Unfortunately. 
this is not a complete program hlr the 1n comm,l·ld. 'Ibere are three 
dangling links: casct; where TC cannot gu~s what the 1n command 
will do. TIICSC corrCl'Opolld to the thrcc ca~ in which an error is 
prescnt in the commllnd's argulltents. Ilence. TC post:; tlucc tasks on 
die agcnda-one for CilCh "hole" in the theory. 

Step 2. 11le 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, '\lle basic plan for such an 
experiment is to issue an 1n command for which f11 ap( lource) 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 In 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 the desirable 
and undesirable paths in the program, 'lben, these labels arc 
propagated through the various conditional boxes 10 determine how 
each conditional box should be "sct." lbis problem is closely related 
to the problem of line sensitization in digital circuit test generation 
[Roth, 1966). 

In this panicular case. the solution is to choose a source name that is 
accessible. but that is not a file name (i.e.• it is a directory name), and 
to choose a destination name that i'l not accessible. An 1n cORlmand 
with those arguments will not perform the Addl1nlt operation nor 
will it scnd control out 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 design of this experiment. 

Step J. The experiment planner is invoked 10 choose specifIC nalRes 
for this experiment. If EO docs not have an up-to-date model of the 
current state of UNIX, then some observation commands must first be 
issued to lind out what tiles exist. lben. the choice of file names is 
simple. In general. the problem of choosing specifIC arguments for an 
experiment is S(imewhat tricky. since the choices may not be 
independent of one anodler, In such cases. techniques similar to those 
employed by Stelik (1980) will need to be applied to make some 
choices and then use those to constrain the odler choices. In addition 
to planning the main step. the experiment planner must also plan the 
data-gathering commands that are to be issued. In this case. we have 
some heuriSlics that tell us that the likely effects of this command are 
to modify the objects named by its arguments and to display some 
ou!put. Hence. the following plan is developed: 

11 -ld d 
Sltould display 
-drwxr-xr-x 2 xl 32 Apr 20 21:04 dW 

11 -ld b 
Should gi.e lite error mpssoge -b not found­

1n d b 
May prinl an error mt!$Sllge 
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ls -.ld d 
ShuuiJ d!:lp/ay 
"drwxr-xr-x 2 xl 32 Apr 20 21:04 d" 

Is -ld b 
,)'hOllld.'lil'C the errurmcs.'l(Jge"b not found" or else 
dircClUry itljurmalioll llboUi b 

\':here d is a (lircetory Ihat already exists, and b is a non-existing 
name. Observation ilctions (r.he 1s commands) have been placed 
before and ,iftel' the key step (the 1n command). Notice that the 
eX!Jcriment planner wmflUtes expectations so that the expcriment 
munitor can determine whether things are "on-course." If 1n were 
J'ldged to be it dangerous command, then commands would have been 
inlluded to cre,lle a scratch directory instead of using an existing 
directory. 

Step 4. Nuw the experiment monitor is invoked to perfonn the 
experiment and collrct the results. The execution of'this experiment 
produces the following response~ from UNIX: 

1. 1$ -ld d 
drwxr-xr-x 2 xl 32 Apr 20 21:04 d 
% 1$ -ld b 
b not found 
% ln d b 
d is a d1!'9ctory 
% 19 -ld d 
(!rwxr-xr-x 2 xl 32 Apr 20 21:04 d 
~ 11 -ld b 
l:) not found 

(Here are some notes to aid the reader in understanding this trace. 
The 1 is the UNIX prompt character. The output of the 11 
co:nmand-for l'xatnple "drwxr-xr-x 2 xl 3Z Apr 20 
2.1: 04 d"-is a single line giving infonnation about the file or 
directory namcd by il~ argument. This infonnation ineludes the 
protection bits. the owner, the length in bytes. dIe modification date. 
and the name.) 

Once the experilnent monitor has obtained these responses fronl 
I.JNIX, it posts them,on the blackboard and adds a task to the agenda 
suggcsting that somc kr.owledge source should interpret this data. 

Step 5. The TlO knowledge source intcrprets these data to mc.,n 
that Ihe 1 n d b command had no effect except to print thc mcs.o;age 
..d is a directory". This is intel'llfeted liS an error mcs.<;age. but. since 
HG has no anility to understand English. the only dling it can notice 
about thc mes.'\age is dlat it mcntions the d argument (this is typical for 
UNIX error messages). It is important to note that the. problem of 
interpreting the dak1 is inherently undi!rconstrained. Tbere are two 
reasons for this, First. the meaning of a string depends on the context 
in which it appears. A given string appearing in Ihe output, for 
example. c{)uld be the contents of a file, since files can contain 
arbitrary strings. Or, Ule string might contain several subfields that 
denote various objects in the computer, such as protection codes. user 
names, times and dates, and so on. Sccond, EG's 110 grammar is 
never complete. so it is always conceivable that a given string denotes 
some new class of objects that has neyer belore be.:!n encountered by 
EG. Given this lack of constraint in the parsing proccs.~. it is critical 
that EG be given some knowledge about what to expect In this 
context. since we are violating a prerequisitc oi a primitive action. we 
arc expecting an error message or else some change in one of the 
command arguments. 

Once TIO has intcrpreted thl' output. it places this interpretation on 
the blackboard and adds a new task to Ihe agenda to propagate the 
consequenccs of this interpretation to ,'ther components ufthe theory. 

Step 6. Hence. Ihe TC kr.owledge source is invoked to update the 
command component of the thcory in light of the fact that In d b 

produced only an error mCSSllge and had IlV othcr effects. The 1n 
command Ulcory is updated by atl.8ching aPr 1nt action of the form 
Pr1nt(concat(lIource. is a d1rectory")) to theIt 

dangliug link lOoming from the Fl1 oP tcst. 

Thc process of filling in the dangling lin ks of :.he 1n command 
prog.fiIm C?nl~IIUes in Ihis way unlil the plan shown in Figure 4 is 
obtaJned. nils thenry mi,ght serve quilc well for a Ion.. tilll'.: bllt at 
some point. EG might auC'mpt to create a link that ~'osscs' device 
~oundaries. The starting U1COry uf Ule file ;;ystem sketched above is 
mco~rl'Ct. .because it assumes that a directory maps names to unique 
~Ie I~entd'iers. II Ium.~ out that directories map names to tile 
IdcntJliers dIal are uniquc for a given device. 111c combination of the 
dcvice and the file identifier uniquely designates the file. As a 
consequencc, it Is impossin!e to create links across dcvices, since the 
linking operation involves changing only the within-device file 
identifier. 

Suppose that EG attempted the following cross-device 1n 
command: 

X In filea Itmp/fi1e. 
f11ea: Croaa-d.vice link 
X 

Tole line fl1 •• : Cross-device link is an unexpected error 
message. Here is the sequence ofknowledge source invocations that 
results: 

Step 45. The expcriment monitor IHltl'S immediately that this 
m~ge violates the expectations for the experiment in progress (i.e.. 
thiS In comman~ wasn't supposed to produce any output ilt all). 
H~nce. the execullon of the <)xperiment is halted, and '1'10 is quelled 
to Interpret this message. 

Step 46. TIO 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 thcory to include an new conditional box
!his box is testing some unknown condition at some unknown POin~ 
In the 1 n program and printing dle error mcss.1ge if the test slIccccds. 
lbe TC can give this condition box a synthetic name. 
Croas-devicep, but it c..1n't be sure what argumenl'l are being 

1ft 

rnsg1: Desl: File ItlIisIa 


rnsg2: Sourc:.1s a dlreclOly 


msg3: Source: No 8IICh ill. or direclOly 


Figure 4: Thcory of1 n after all dangling paths have been observed 

http:Sourc:.1s
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1111S111: Dest: File axilla 

'"'92: Source Ill.ditecIDry 

msQ3: Source: No aucn file or direclofy 
1nI04: Source: ~ link 

J:o'jgure 5: Possible locations ortbe Cron-dev1cep test 

testcd. Any data structure in the operating system might conceivably 
be checked, and EO doesn't even have a complete list of such data 
Slfuctures. Figure 5 shows the possible locations of the 
Crots -dev 1 cep check. 

TC idcntitics two problenls that must now be solved. First. the 
exact positions of Crots-dev1cep in the In program need 10 be 
determined. Most error messages indicate violated prerequisileS. 
hence, the position of each Crots-dev1cep check will indicate that 
some primitive action has this condition as a prerequisite, Second, 
once the positions have bcen identified, the prerequisite infonnation 
must be propagated to the higher levcls of the theory. These two 
problems are added to the agenda. 

Step 48. The experiment proposer is invoked to work on thc first 
problem. It bas two methods for pinning down the position of a leSt. . 
One is to hold the arguments to 1 n constant while varying the objects 
that they denote. and the other is to compare the 1it command with 
commands that contain some of the same primitive boxes. By 
applying the nrst method. the experiment proposer proposes that 1 n 
tilea 1t.llplt11ea be attempted, but with t11e. now beinJ a 
non-existent tile. 

Step 49. The experiment planner must figure out a way 10 
accomplish this. For example, 00 could simply delete t11e•. 
However. if the contents of tile. are valuable, then EO should 
instead rename tne•• In this case, EO chOOSCllIO delete t11•• 
using the rll command: 

rll fn •• 
Shouldproduce no output 

In file. 1t..p/f11•• 
Slwuldeitherprint 
til •• : No such f11, or d1r.ct.orN 
orehef11.al Croll-d.v1c. link 

11 -ld fl1ea 
Shouldprint tl1•• not. found 

11 -ld 1t..p/f11•• 
Shou/dprint lup/tn.. not. tound 

Step SO. Plan execution produces the following output: 

I \"II tn•• 
I ln file. It.Mplf11e. 
t11ea: No such tile or 
I 11 -ld t11 •• 
t11e. not. tound 
I 11 -ld It.Mplt11 •• 
1t.Mplt11•• not. tound 
I 

d1r.ct.orN 

Step S1. 1'10 interprets this as being the expcclCd output or the 1 n 
command when the source file docs not exist. 

Step 52. TC can therefore conclude that, since CrolS-dev1cep 
must be checking something besides the existence oftnea 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 prerequisilCof Access1bleP. 

Similar expcrimenl:l can be conducted to show that 
Crou-dev1cep is not a prerequisilC of the other Accessiblep 
leSt or the fl1ep leSt. Hence, CrolS-devicep Inust be a 
prerequisite of the Addl1 nk action. The resulting theory is shown in 
Figure 6. Note that the exact position of the Cross-devicep test is 
still not known. 

An ahcmativ.:: research strategy would be to compare the 1 n 
command with the cp command. Initially. it appears that these 

In 

....1:O'tFl........ 
lIII02: Source II • dlracklly 

1'IIIQ3: Source: No IUCllIiII or dlAlctory 

FllUfe 6: Locations ofCroll-dey1cep after cxperimentation 
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C(lmmands have identical prerequisite structures (compare Figures 
2 and J). The only difference is thatlhe final step in the cp command 
is a Create-fl1e insUlad ofan Addl1nk. 

Stcp 49 (alternative approach). The c1pcriment proposer suggests 
thatthe command cp f 11 ea /tRlp/f 11 ea be executed to sec if the 
Cross-device l1nk message will be printed. In this experiment 
(a~ in the previous step 49). f 11 ea names an existing file and 
/tnlp/f11 ea names a non·existing file. 

Step 50 (alternative approach). The experiment planner develops 
the following experiment: 

cp f11ea /tmp/f1lea 
ShOllIt/ produce JlO olltput or else 

tltelllessagef11oa: CI'oss-device link 


1s -ld fl1ea 

Should print 
-rw-r--r-- 1 xl 27 Apr 27 10:44 f11ea 

1. 	-ld /tmp/f11ea 

Slwuld prillt directory lillc for /tmp/f 11 ea 

orelsctltcmcssagc/tmp/f11ea not found 


Step 51 (alternative approach). The experiment mOllitor performs 
this experiment and obtains the following output: 

l cp f11ea /tmp/f11ea 
% 1s -ld fnea 

-rw-r--r-- 1 xl 27 Apr 27 10:44 f11ea 

~ ls -ld /tmp/f11ea 

-rw-r--r-- 1 xl 27 Apr 27 10:48 /tmp/f11ea 

" Step 52 (alternative approach). 1'10 interprets the two output lines 
as directory infornlation. 

Step 53 (alternative approach). TC interprets this as meaning that 
cp performed nOlmally, and hence. that Cross-dev1cep was not 
checked. It follows that Cross-dev1cep is not a prerequisite of 
AccessibleP. Fl1op.' or Create-file. Hence, it must be a 
prerequisite of Add1i nk. 

Even though the position of the Cross-dev1cep operation has 
been determined. this does not resolve the question of what it is 
checking. EO now takes up this problem. 

Step 65. The experiment proposer suggests performing several 
dlfferent experiments in an attempt to discover a pattern in the 
situations in which Cross-devicep is true. These experiments vary 
conditions that might possibly be relevant-IO Addl1 nk. sllch as the 
name 3nd location of the souree and destination files in the directory 
structure. the sile of the filc, the owner of the file. and so on. These 
experiments arc not shown here. . 

Step 102. Eventually. TSC (the system-call knowledge source) 
analyz.es the data and diseovers that Cross-devicep(s .d) is true 
if and only if the first names in the canonical file names of sand d are 
different. This turns out to correspond to device boundaries on the 
UNIX system where these experiments are run. 

Step 103. TDS (the dat.1 structure knowledge source) attempts to 
find a change in the data structure theory that can explain why this 
would be a prerequisite of Add1ink. One sueh change involves 
altering the definition of tbe mapping between unique file identifiers 
and files. In the statting theory, this was a one-to-one mapping 
represented by juxtnposition. 1f this mapping is extended to map rrom 
the ordered pair 
<first-name-of-the-canonica1-f11e-name. 

unique-identifier> i.O files. then Addlink can be defined as 
modifying only the unique-identifier field. so that two files 
must share the salno 
f1 rst-name-of-the-canon 1ca1-f11 e-na..e in order for tho 
Add 11 n k operation to make any sense. 

In 
I I Succ_ 

1 1 
Print I AddUnkmao1 

/"'" 
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• 1 I 

~bIeP 
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PrInt 1msg4 
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devicep 
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Print 

msg2 

I 
$ I I 

FileP 

I Prinl 

msQ3 
/ 

s -I , 
AccessibleP 

I 
Source 

I 

msg1: Desl: File exisls 
msg2: Source ia. directory 

msg3: Source: No such file or directory 

rnsg4: Source: Cross·device link 

Fi&UfC 7: Fioal program for the 1 n command 

Step 104. Given this revision in the definition of Add 11 nk. TC 
revises the program for the 1 n command to include 
Cross-devicep a~ a third independent tcst to check. the 
prerequisites of Add 11 nk. Figure 7 shows the final program for the 
1ncommand. 

3 Relationship to scientific theory formation 

The hypothetical example shown above exhibits some interesting 
behavior, and one can ca.~ily draw parallels with. the way in which 
people learn operating systems. It is wonhwhile 10 a~k. however. if 
EO can tell us anything about scientific theory formation. 

Despite the artificial aspects of the operating system domain, we 
believe that there are several important similnrities 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 ofilnalysis. 

• Interaction with the operating system takes place at the 
level of strings of cha...dCters, which must be interpreted in 
terms of the current theory. (Obst:rvations are "theory­
laden" (Hanson. 1958J.) 

• Data are gathered indirectly through the design, execution. 
and interpretation ofexperiments. 

• Experiments 	 go beyond simple hypothesis' test 
experiments-in which· a single YPS/NO answer is 
obtained-to include exploratory ..:xperiments. in which 
some new stimulus causes the ope ....lting system to enter nn 
unknown state and then observation commands are issued 
to learn about that state. 

http:analyz.es
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Sin~c FO's tllsk resembles a ,.cientiflC t:lsk, we can now ask what 
EG's methods tell us about scientific methods. In addition to 
hypothesis testing, EO dcmonstrates two other imponant roles for 
experimentation in sciellce: data gathering and exploration of the 
system being studied. EG may also shed $(lme 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. EO isolates and uses these terms 
before gil'ing them a prccise definition. This technique is analogous to 
the mcthod employed by UtgofT (19821. New terms at one level of 
description arc eventually defined as composites of existing tcrms at a 
more primitive level. 

4 Summary 

The goal of the' EG research prujett is to attack a cumplex theory 
formation t..1sk in order to sec what existing methods can be scaled-up 
and what new methods need to be developed. 'Ille t.uk facing EO is 
to develop a theory of the UNIX operating system that eXDl<lins the 
observable behavior of the system at the exccutive level. Our 
hypotheses are that (a) no existing methods will work in this domain 
and (b) manipulation and observation experiments will 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 result.'l whOlle 
consequences need to be propagated to other parts of the theory and 
(b) hoi\.'$ in the theory that need to be fitled. Theory-generation 
knowledge sources perform typc-(a) lasts. and experimentation 
knowledge sources design expcriments to solve type-(b) problems. 
The theory revision process can require that new data structures and 
system calls be defined in order to make scnse 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 construetion of classillcations 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 they utilize general or problem-speci6c background 
knowledge in the process of creating a classi6cation. This paper 
considers problems of generating classi6cations of structured objects 
using knowledge about the inter-relationships of various concepts 
relevant to describing individual objects as well as object 
configurations. 

1. INTRODUCTION 

Creating a classification is typically the 6rst step in 
understanding and formulating a theory about a collection of 
observations or phenomena. This process is a rorm of learning from 
observation (learning without a teacher) and its goal is to structure 
given observations into a hierarchy of meaningful categories. Past 
work on this problem was done mostly under the heading of 
numerical taxonomy and cluster analysis. It was based on the 
application of some mathematical measure of similarity between 
objects, defined over a Bnite, a priori given set of object attributes. 
Classes of objects were taken to be collections of objects with hip 
intra-c1al!s and low inter-c:lass similarity. The methods assumed that 
obiects are characterized by sequences 0( attribute-value pairs and 
that this information is sufficient ror 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 possihle purposes or classi6cation. 

Since the basis for creating classes was purely mathematical. 
the r~sulting c1assiBcations were often difficult to interpret 
conceptually. The problem of interpreting the results Will left to the 
data analyst. In addition, since descriptions of 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 relationships 
among the object parts as well as attributes of the parts. 

The recently developed method of conjunctive conceptual 
clustering [Michalski and Stepp, 1983\ 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 accordillg to a certain global criterion of classification 
Wquality.* Tbe method, however, still relies on the aUribute-value 
descriptions of objects. It also bas only limited ability to take into 
consideration the background knowledge of various concepts. This 
paper addresses the problems or extending the above method in two 
directions: 

(1) 	 how to form classifications of structured objects, 

(2) 	 how to formulate and utilize background knowledge in 
creating c1assi6cations. 

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 WEast- and Westbound trains· [Larson, 1977; Michalski, 1980al 
shown in Figure 1. In the old formulation of the problem. given are 
two collections of trains, those that are *EastboundW(A to E) and 
those tbat are wWestboundw (F to J). These trains are highly 
structured. each consisting of a sequence of cars of dilJerent shapes 
and sizes. The individual cars carty a variable number of loads of 
dilJerent shapes. In this formulation, this is a typical problem of 
lcorllill, from tZ4mplt, (or COIICtpt sequin/ioll) 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 meaningful classification of the collection 
of trains. This is a form of a It4rllill, from o6urv4lioll (or cOllcepl 
form4lioll) problem. To illustrate a possible solution for the c~n~pt 
formation prohlem, let us go back to the concept acqulllltion 
formulation of the problem and consider discriminant descriptions of 
Eastbound and Westbound trains found by the program lNDUCE/2 
[Hoi, Michalski. Stepp, 1983]. These descriptions were: 

Eastbound trains: 
WA train is Eastbound if it contains a short, closed car. W 

A. 

B. 

c. 

D. 

E. 

G. 

I. 

J.~ 

Figure 1. How would you classify these trainl! 



WestbouDd traiDs: 
~A traiD is WestbouDd il there are just two cars ill a traiD or it 
a traiD has a car with a jaued top." 

To illustrate the description laDguage used, below is tbe actaal 
output rrom the INDUCE/2 program that cormpoad. to the abon 
descriptions: 

EastbouDd: V(traiD) IcoDtaiDs(traill,carl)l(leDgth(carl)-sbortl &: 
Isbape(car 1 )-closedl 

We!ltbouDd: V(traill) IDum-cars(traiD)-21 v 
IcoDtaiDs(traiD,carl)Jtshape(carl)-jaued top) 

Various aspects 01 leamiDg structural descriptions lrom 
examples are ginD iD (WiDstoD, 19771 aud IDietterich ud 
Michalski, 10831. Tbe problem or COD cern bere ill to develop a 
gtDerai method tbat wheD applied to tbe collection 01 trains without 
class labels (Figure I) could poteDtiaily restore the above 
classificatioD or iDveDt one 01 equal conceptual appeal. Ia addition 
it should geDerate descriptioDs 01 the same kiDd as abon lor tbe 
created dasses, witb a possible provilO that eacb elass is described 
b,. a simple cODjuDctioD oDI,. (iD this case we would bave three 
classes or traiDs: those with a short dosed car, those with a jauecJ. 
top car, IIBd tbose with exactly two cars). 

SUcb classificatioD con.tructioD problems occar wbeD ODe 
wants to orgaDize aDd classif,. observatioDs that require stractural 
descriptioDs. Problems 01 this type iDclude elloIJ8il;ying pb,.sical or 
chemical structures, anal,.ziDg geDetic sequeaces, baildiDg 
taxoDomies 01 plaDts or auimall, aDd cbarKteriaiDg viaual seeDes. 
ID Sec... we propose two metbod, lor soIviDg this t,.pe or problem. 
ODe data-driveD IIBd ODe modeJ.driveD. Belore disc_inl these 
methods we turn to tbe problem of how to ase backgroaDd 
kDowledge iD creatiDg a claasiJIcatioD. 

3. BACKGROUND KNOWLEDGE 

It cau be observed tbat wheD people create a elassilicatioD or 
some observatioDs or partitioD a system iDto .ub.,.stems, they 
emplo,. kDowled&e about various cODcepts aDd relatioDlhips relevaut 
to deecribiDg the observatioDs or tbe .,.stem. Let us cODsider a 
simple example. Suppose tbat we are obseniDg a typical resiauraut 
table OD wbicb tbere are sucb objects as food OD a plate. a salad, 
uteDsils, salt and pepper, DapkiDs, a vase witb Sowers. a lamp, tie. 
Suppose a persoD is asked to build lOme meaDiDglul c1assillcatioa 01 
the objects 00 the table. ODe way to create a elassiJIcation is to 
perform tbe roilowiDg chaint of iaterellces: 

• salt aDd pepper are seasonings 

seasoDings are used to add lest to lood 

seasoDed lood i. IOmethiDg to be eatell 

thiDgs wbieh are to be eateD are edible 

salt aDd pepper are edible 


• salad is a Yegetable 

vegetables are food 

lood is IOmethiDI to be eateD 

thiDgs wbicb are to be eateD are edible 

salad ia edible 


A similar chaill 01 iDlereDces applied 10 "meat on a plate" or "eake 
on a dessert pi ate" will also lead 10 the cODcept "edible." OD the 
otber baud, a lamp is Dot lood ud is therelore DOt edible. A nse 
eOlltaiDiDg 1I0wen is Dot food aDd is therefore Iloc. edible. 
Conleq:ueIlU,.. ODe meaDiDgful classiBcatioll 01 objects OD the '-ble is 
simpl,. "edible~ ¥s. "iDedible." Tile problem 'bat we pose i. 'bill: 
suppose we are givell descriptiolls 01 objects OD the table ill terDII 01 
their attributes (iDcludiDI their .tructural attributes) aud we waut 
10 have a program tbat on the basis 01 these descriptiou woalcl 
create the above classiBcatioa illlo edible VI. inedible objec•• 
qbTiouslr, sueh a program would bave to be equipped (amonl oiber 
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thiDgs) with the above iDfereuce rules aud with the ability 10 use 
them. 

4. PROPOSED SOLUTION 

Tbis section describes two metbods ror solviag problems 01 the 
kiDd posed above, ODe data-drivell aad ODe modeJ.driveD. The dat.a 
drivell met.hod is baaed OD our previous work aud reduces t.he 
problem 01 buildiDI a classiBcat.ioD ialo a leq:lleDce 01 coaeept 
acquisitioD problems (speciBcaily. problems 01 determilliDI 
dlacrimillaut. descript.ioDs 01 objects with giveD class labels). Thu. 
the method will be called RD lor "Repeated Discrimiaat.ioD." 

Tbe modeJ.drivell method is based OD selectiDI eill,ri/,in, 
IIlIri"'t" (attributes that are used to debe classes) either Irom the 
iDitiall,. giveD pool 01 attributes or Irom attributes gellerated b,. 
applyiDg illlerence rules provided b)' backgrouDd kIIowledge. This 
method will be called CA lor "CI_I,.illi At.tributes." 

The common componeDts 01 the methods are that 'hey both 
use leDeral ud domaiD-specific howledge ill the proc_ 01 
eoastructiDg a classificatioll aDd tbat the,. both utilile a .imilar 
criterioD lor measurillg the " qualit,. " 01 geDerated caDdidate 
solutioDs. Therefore, belore we laullch illto a descriptioll 01 the 
methods, we will Bnt brieS,. diaculll our laDgullle lor describiDg 
gellerated classes aDd expressiDI backgroulld howledge inlereace 
rules, aDd then we will discu. a criteriOD lor measuriDg the quality 
01 proposed classiBeatioDs. 

1.1. 	The represeDtatioll IUluace 

ID order 10 build a c1assificatioD 01 structured objects, we must 
have aD adequate laDguage tor describiDI sucb objects as well as 
t.beir cl&.!lllet. This requiremeDt suUest.s that we lise a predicate 
calculu. or lOme modillca&.ioD 01 it. Here we han choreD a luguage 
called clllnllllltell ,rellic,'e cllieulu, (APC). APe is aD exteDsioa or 
predicate calculus tbat uses several Ilovel lorms aDd aUacbes 10 each 
predicate. variable, aDd lUDctioD u Granotlllion IMicbalski, 19831. 
Tbe uDotatioll is a sCore or illlormatioll about tbe ginll predicate 
or atomic IUDctioD. Together with all lorms fouad ill predicate 
calculus, the laDguace allO uses a special kiDd 01 predicate called a 
.eledor. A simple selector i. ill the lona: 

(alomic-fullctioD REL valae-ol-alomic.luDctioDl 

where REL (relatioll) staudt lor ODe 01 the s,.mbols - '" < > S 
~. All example oIweh a selector Is 

Iweisbt(box) > 2kl) 

which mealll "tile weight 01 the box is lreater than 2 kl." A more 
complex selector mar iDvolve inlern" lIi#junclilln (disjuDction 01 
values or the same alomic luDetioll) or inl,",11 cOlliullclioll (ibe 
ConjUDction 01 atomic-IuDctions haTiIII the same Talae). Th_ two 
operata.. are illustrated b,. the two correspoDdiai examples: 

[color(box) - red T purple) 	 "t.he color or the box is either 
red or purple." 

(color(bod a: bod) - red\ 	 "'he color 01 boxl aud box 2 is 
red." 

Selecton cau be combiDed by ,taadard Jor.ical operators 10 
lorm more complex expressions. For example, a.atemellt "'here is 
a greeD circle OB top 01 a blue or red lIqIIare" cu be expressed .. 

:)p"p,) [oDIoP(pl,p2111coJor(pl)-gFeellllsbape(pl)-circle! &: 
[color(p2)=blue v redl!shape(p2)-eqaare! 

(Logical muliiplicatioD is deBoted by the 51mbot a: or b,. 
concateDatillg selecton). 

Tile backlroulld knowledge is expressed as a set 01 APC 
implicatin rules: 
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CONDITION =l> CONSEQUENCE 

wbere CONDITION .and CONSEQUENCE are conjunctions of 
selectors. II CONDITION is satisBed, then CONSEQUENCE is 
asserted. To illustrate tbe implicative statement, consider the 
assertion "vegetables are food" from the example in Sec. 3. It caa 
be ex pressed: 

[is-vegetable(objectt)J => lis-food (objectl )) 

An alternative way to express it is 

[type(objectl) ... vegetablel => Itype(objecU) - food) 

In this expression 'vt'getable" and "food" are treated III elements 0/' 
tht structured domain of the attribute "type." Thia implication 
expresses a generalization inference rule called climbin, list 
generalization tree (tbe domain of the attribute "type" is a.umed to 
bave a tree structure). Further details on the APC languqe are 
given in [Michalski, 11183). 

".2. Mellluring the quality of a dlllsiOcation 

Creating a c1l11siflcation is a dillicult problem because there are 
usually many potential lIOlutions with no "correct- or -incorrect.­
answers. The cboice of a classiBeat.ion can be made Kcording to 
some perceived goal of classiflcat.ion or some measure of t.he quality 
of the classification. One way to measure c1assiflcatioo quality tbat 
has been successful in both INDUCE/2 aad CLUSTER/2 is to 
define various elementary, easy to measure' crittria specifying 
desirable properties of a classification and to connect them together 
into one general criterion called the Lezico,rllplliclIl EVlllulllion 
Funclil1nlll (LEF) (Michalski, 19831. The LEF consists of aa ordered 
sequence of elementary criteria along witb tolerances which control 
to what extent dillerent solutions are considered equivalent. The 
elementary criteria measure cert.ain aspects of the generated 
descriptions sucb III the lit between the classillcation lIIId the 
objects, tbe simplicity of the descriptions (the reciprocal of the 
number of selectors). the discrimination index (the number of 
attributes that singly discriminate between all el_). and the 
dimensionality reduction (the number of attributes that are 
necessary to classify the objects). 

4.3. How to use background howledle 

Building a meaningful cllllsilication. relies on Bnding good 
dassifying attributes (attributes that define cl_). The data. 
driven and model-driven methods described in the next section both 
use background knowledge rules in the searcb for such attributes. 
The background knowledge rulet! enable the system to perform a 
chain of inferences tbat add new attributes to object descriptions 
during the course of dlllsiOcation conatrudioD. These Dew 
attributes are tested to determine if tbey are good cl_ifying 
attributes. 

The background knowledge rules can represeDt both general 
knowledge managed by the classiBcatioD propam and anilable to 
all problems. aDd problem-specillc knowledge prov!ded eac~ ti~e by 
tbe data analyst. In either Cllle. the knowledge 18 supplied In tbe 
form of an inference rule (caUed a background rule. or '-rule). 
Special types of b-rules include expressions of aritbmetic 
relatioDships (lI·ruln), such III 

airtb(object) ... lengtb(object) + width(objeet) 

aad implicative rules that specify logical relationships (1-,weI) Buch 
III: 

labove(pl,p2)J1abon(p2.p3)) -I> labove(pl,p3») 

Each kiDd is associated with a cODdition iDdicatiDI tbe llituatiou to 
which the rule is applicable. 

Background knowledge is handled somewhat dillerently in tbe 
data.-driven and model-driven approaches. Tbis distinction will be 
cbaracterized below. 

..... How to form classillc ations of structured objects 

...... 1. 	 A data-driven approach: concept formation via conctpt 
acquisition 

This section explains bow a problem of concept formation 
(bere. building a c1assiBcation) can be solved via a sequence of 
controlled steps of concept acquisition (learDing from examples). To 
begin with. let us brie8y describe the program INDUCE/2 whicb 
solves concept Kquisition tasks involving structured objects. 

Given a set of objects described by annotated predicate 
calculus and arraaged into two ,,, more cJ_. INDUCE/2 
generates a descriptioD of each cia. (in the form of annotated 
predicate calculus expressions) that covers all the objects in tbe 
described cia. and no objects in any other class. This is 
accomplished in the following manner. 

Tbe objects are divided into two sets: objects belonging to tbe 
class beiDg described (called set Fl). objects belonging to any otber 
class (called set FO). One object at a time is selected from set F1 
(the ·focus of atteDtion") and a "star· is built tbat covers the 
selected object against all objects in set FO. A star is a set of all 
alternative descriptions that are maximally geDeral. cover the "focus 
0/' attention" object (the ,eel) and possibly other objects from Fl. 
aad cover no objects from FO [Michalski. 19831. To control 
computational explosion, a parameter MAXSTAR restricts tbe 
Dumber of alternative descriptions tbat are retained during tbe star 
generation process. The "best" description in tbe star (accordin~ to 
a LEF criterion) is selected. and it becomes part of tbe solution. 
Tbe objects covered by the selected description are removed from 
set Fl and tbe process is repeated by selecting another seed object 
(from among tbose DOt yet covered) and building a star f?r it. 
When all objects in the set Fl bave been covered, tbe solution IS 

complete. 

The INDUCE/2 algoritbm can be adapted for sol~ing 
classification construction problems. Given a set of uDclasslfied 
objects, k objects are selected and treated III indiv~dual 
representatives of k imaginary classes. The INDUCE/2 algofltbm 
then generates descriptions of each representatiVe that are 
maximally general and do not cover auy other representative obiect. 

These "descriptions are then used to determine the most 
represeDtative object in each class (dellned as tbe set of objects 
satisfying the dass description). The representatiVe objects are tben 
used as new seeds for the Dext iteratioD. This process stops when 
either consecutive iterations converge to some stable solution. or 
when a speciBc number of iterations will not improve a classiBcation 
(from tbe viewpoint of the criterion LEF). 

The control layer that provides the representatives to tbe 
concept acquisition process must be able to pick good 
representatives or else tbe resulting classifications will be arbitrary 
without revealing underlying patteras in the data. One techDique 
that has been used in a variety of clusteriDg situatioas is to pick 
representatives at random iD the Ont step. In the next steps cenlral 
represeDtatives or ezlreme representative. are selected alternately 
IMichalski and StepP. 1\lJ83). 

Thill approach requiret! the selectiOll of a defined number of 
represeDtatin objects (which corresponds to the number of classes). 
Since the beat Dumber of classes to form is usually unknown. two 
techniquet! are used: 

(1) varying the number of classes, and 

(2) composing the classes hierarchically. 

Since the classi6cation to be formed should be elll)' to 
undentand by bumans. we assume an upper limit on the number or 
dasses that stem from any node of tbe classi&cation hierarchy. This 
limit is assumed to be iD tbe raale of • to 7. Since tbis limit is 
small it i. computatioDally feasible to repeat the wbole process for 

http:labove(pl,p2)J1abon(p2.p3


eaCb Dumber 01 classes. Tbe IOlutioa tbat optimises tbe eeore 011 
tbe LEF (witb appropriate adjustmeDt for tbe elects ot tbe ..mber 
of classes 011 tbe scorel iDdicates tbe best Dumber of d_ to form 
at tbis level 01 tbe bierarcby. 

To live 1IIl example IOlutioD to tbe "TraiDs" problem from 
Filure I, we show in Filure 2 a classificatioD created by a dab­
driveD approacb (usiDI aD earlier meibod described by S~pp IIV78J). 
We fiDd this tind of solutioD appealiDI becuse tile diferoee 
betwecD classes is ItritiDI, yet Dot obvious by euual iupeciioD. 

4.4.2. A modeklriveD approaeh 

ID coutrast to tbe data-drivea metbod described iD tile 
precediDI sectioD, we will DOW describe a model-driveD approacb. 
Tbe uDderlyiDI loa! 01 tbe model-driveD approaeb is to lad ODe or 
more classilyiDI attributes wllose observed value sets taa be split 
iDto raDIes tbat cbaracteri:&e eacb class. The importut aspect ot 
tbis approacb is tbat tbe cbwilyiDI attribute cu be derived 
tbroup a cliaiD of infereDces from tbe iDitial attributes duriDI tbe 
course of cODstrudini tbe c:lassificatioD. The c:luaityinl attrib.tee 
_pt are tbe ODes tllat lead to c:1_ of objects maximisinl ille 
&lobal c:riteriou of c:lassi&catiou quality, (e.I., cl_ represeatiDI 
simple cODcepts ud/or cODtaiDiDI objects tbat ahare values for aU 
attributes cousidered imPOrtaat). 

Tbe importauee of au attribu~ caa be de~rmiDed eitber 011 

tbe buill 01 tbe chwificatioD loal or by tbe faet that it implies 
mllllY other attributes. For example, if tbe loal of tile c:laaaiJltatiou 
is "fiDdiDI food: tbe attribute "edibility" Irom Sec. 3 iI ille 
importaut cluaifyial aUribute. Tbe secoDd way of determiDiDI Uie 
importauce of aD attribute caa be iOultrated by the problem ot 
cluaifyiDI birds. The questioD of whether "color" is a more 
importu~ chwifyiDI attribute tbu wit-waterbird" iI unered in 
favor 01 Wit-waterbird" becuse ii implies more secoudary attrib.tee 
thu does tbe attribu~ "color" (e.I., it-waterbird implies "c_ 
swim," ·h.... webbed·leet," "eu..lsb"). 

There are two lUDdameDtal proc_ that opera~ al~rDat.ely 
to leaerate tbe classificatioD. The Int process searcbes for tile 
chwifyiDl attribute wbose value set cU be partitioued to lorm 
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cluses sucb tbat Uie produced c1_i8catioD ac:orea best ac:cordiDI to 
the LEF. The secoud process leDerates Dew attributes from IOSie'" 
ud ariihme~ic eombiaatiou 01 otber attributes, u I,dded by 
bac:tlrouDd taowledle iDfereac:e rules. 

Tbe attribute search cu be performed iD two ways. Wbea tile 
Dumber 01 c1_ to lorm (k' is hOWD iD advuce, the process 
searebes for attributes haviDI k or more difereat .alues occar ia the 
deac:riptiODa of tbe objects to be claaaiJled. Tbese .alaes are called 
the durlled "lIItie' ot the attribu~. Attributes wiUi the DUmber 01 
observed values amaller thaa t are DOt be cODsidered. 

For attributes witb observed value sets IVler tbu t, tbe 
cboice 01 tbe mappiDI or value subsets to classes depods OD tbe 
resultiDI LEF ac:ore for the cl....i8catioD produced ud ~be type or 
tbe .alae set. 

For attributes with DOmiDal (uDordered) value sets, lillY 
comblaatioDa 01 ulues eu be mapped to cl_. For attributes 
with liaearly ordered .alae sets, oDly aoD-Overlappial closed 
iD~rvais 01 values are mapped to classes. For attributes with 
leaeralisatioa·tree ordered value sets (Michalski, 1!183\, aibliDI 
valaes iD tbe leDerali:&atioD tree are mapped to elusea. 

For example, if t is 4 ud the two attribatee XI ud x, caa 
ban 7 aDd 3 valuea, reapectively, ouly XI is a caDdidate lor 
determiDiD' tbe c:Iassi&catiou. Tbe selec:tioD of wbicb or tbe 7 
values deDote w!aicb 01 t!ae 4 c:I_ depeads 011 tbe type or tbe 
value set. II we _ume that tbe valae sei is liDearly ordered, oue 
poaaible elassileatioD iavolvlDI4 eI_ could be 

(XI - 0 .. 1\ (class 1) 

(XI - 2··31 (cI_2) 

Ix l - 4) (dass3' 
(XI - 6 .. &\ (class 4) 

This dassilcauou would be selected if it il best aecordiDI to tbe 
quality criterioD LEF (w!aic!a abo takea iDto couideratioD .alaes 01 
otller a&trib.tee). 

WheD Uie Dumber of c:I_ to form is Dot tao.., tbe above 
tecbaique il perlormed lor a ruse of values or t. The best Dumber 
of cluses is iDdieated by tbe classificatioD tllat i. best accordial to 
tile LEF. 

Tbe attribate leDeratioa procell coaatracts Dew attributes 
Irom combinatioDs 01 exisiiDI attributes. CertaiD beuristic! 01 
attribute cODltradiOll are ased to luide the process. For example, 
two attribates that han IiDearly ordered value lets cu be combiDed 
utiDl arithmetic operators. Who the attributee bave Dumerical 
values (as opposed to .ymbolic values .uch u "amall," "medium," 
ud "Iarle") a tread aaalyail cU be used to aa"est appropriate 
arithmetic operators u in BACON 4 ILu&ley, Bradsbaw, Simoa. 
11183J). Predicates cu be com biDed by Iolieal operators to lorm 
aew attribatee tbroup !-rules. For example, tbe rule 

yielda a Dew attribute "i1"" witb a lpecilled Yalae "reptile." UaiD, 
tbis rule ud similar ODes, OIIe miaht el"'ly lOme aaimals iato 
reptiles, mammals, ud birds (eveD. tllolll!a tbe tlpe of oc:ll uimal 
ill Dot stated iD t!ae orialDal du.). 

5. SUMMARY 
We ban disc:uued problema ot creatial a cI_i8catlou ot 

mutared objects ud ban oatlined a daia-driveD method ud a 
model-driveD meillod. Tile lrat metbod trauforma coDcept 
lormatioD into • sequeDce ot cODcept ac:quisiuou tub. Tile second 
method lorml eluset bl partitioDiDI the valae set of OIIe or more 
cllllllilyiD, aUribatee illat were determined as man. appropri. 
aecordiDI to a c:I....ilcatioD quality criterioa (LEF). Tbe dusifliDI 
attributes are either selec:ted from the iDitially peD oues or derived 
throup u applieatiou 01 i.fereaee rules delaed iD Uie problem 
baeqro.Dd howled,e. Sotta approacbes make exteuin use ot 

http:baeqro.Dd
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attribute constructions tbrougb inference rules provided by leDew 
and: problem-speci6c background knowledge. The capability to 
incorporate background knowledge in classifying structured objects 
adds a new dimeDsion to tbe task! or concept rormatioD and data 
analysis, 
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TIE AlCBI1'ECtUIE OF JUIIBO 

DoGeI.. I. Bof.tadt.r 
eo.put.r Sci.nc. Dept. 

Indiaaa UaiY.~itl 
BlOOlliqtoA. Indiaaa 47401 

ABSTIACT 

Jumbo i., aa artificial-int.lli,.nc. proj.ct 
concern.d with the r••huffliUS of part. to fora 
diff.rent coher.nt or -w.ll-chunk.d· whol•• 
(apecificalll aaasr.... but without usiUS a 
dictionlrJ). It i. b...d ou the conc.pt of a 
parall.l nond.t.~ini.tic t.rrac.d .caa: a .o.awhat 
H.arsal-1ik•••thod of hoaiUS in••ia cu•• at "'1 
ley.Is. to the b ••t cat.sory to which to ...isn ' 
.o••thing. Th. proc••• i. SUid.d bl the ·happin•••• 
of .tructur•• it cr.at... A .tructur.·. happin••• 
is a ••asur. of how e&81 it i. to acccm.oda.te the 
Platonic coucept it i. current1, con.id.r.d to b. 
aa instaac. of. to it. For Juabo to di.co.er sooct 
.olution•• it. data .tructure. aust b. fluidl, 
r.confor.abl•• aad this i. achi••ed bl r.sroupius. 
r.arranse••nt. aad di.baadiUS. The o.erall b.ha.ior 
of Jwabo is not directl, prograaaed. but is aa 
•••rgent. or .tati.tical. outcome. of the interaction 
of the microscopic co.putational actiyiti•• happ.nius 
in parallel. 

K" t.rms: P.rc'ption, r.cognition, paralleli.., 
artificial int.llig.nc., t.rraced .caa, fluid data 
.tructur••• t.~.rature, ••If-watchius, ...r,.nc•. 

PROLOGUE: lOT WUKBO-JUIIBO 

Jumbo i. aa artificial-int.lli,enc. r •••arch 
project with a concr.t. purpo•• aad aa ab.tract 
moti.ation. It i. on. of ••••ral proj.ct•• all 
focu••d on .ariou. facet. of OUe .har.d lonrtera 
soal [Hof.ta6t.r 1083]. In ••••nc•• that coal 
i. to d.mon.trat. the .quiyalenc. of cogaition with 
·d••p p.rc.ption- -- the non-.odalitl-.P.cific la,.r. 
of perc.ption that in.ol•• fann.liDe into hishll 
ab.tract aad oft.n un••rbalizabl. cat.,ori•• 
[Schank 1080, Bofstadt..r lQ10. lG81b. aad lM2'b). 
Th••logaa ·cosnit1ou .qual. r.cogaitiou· capt.ur•• 
the id.a. 

D••p p.rceptiou (recosnitioD) [BoUSard lQ10, 
Bof.tadt.r lG82cl i. aa UD8oly.d -- in fact, al.a.t 
untouched -- probl•• of artificial int.lli,ence. It 
i. a far cry fro. low-l•••l .i.ion: it i. the mar., 
ar.a wh.re .JDtactic ••nsations interface with 
.....tic cat.sori... Thi••JDtactic-.....tic 
t.raa.ition zon•• I f ••l, i. the cor • .,.tery of 
all of iDt.lliS.nce. Bafor. we caa .ate aachta•• 
that caa learn. w. must uderetaad how conc.pte 

are .t.ructur.d and caa b. addr•••ad aad coapar.d. 
Th.refor. Juabo i. a pralud. to a mor. ubitions 
proj.ct in l.arnius. 

JUIIBO AID TIE AJW.OGIES IT IS BASED 01 

Juabo'. concr.te purpo.e is to laitate huaaa 
.kill. u••d in the aaagr.. I&a8 • Jabl.· [Arnold 
H182] . In thi. ,.... a huaaa plaler •••b aa 
Ensli.h word mad. out of a few ,i••n lett.r•. 
The id.a of the Jumbo .,.te. i. for a computer 
to con.truct Ensli.h-like word candidate. 
(·p••udo-word.·) fro. a ,i.en .et of l.tt.r•. 
Juabo po••e•••• DO dictionlrJ of Ensli.h; it ..t•• 
ite con.truction. purell by r.f.rrius to storad 
knowledge d.finin, how con.onaat aad .ow.l clust..r. 
are form.d out of lett.r., .,llable. out. of clust.r., 
aad word. out of .,llable.. Thus Jubo i. a 
buildlUS progr ..; it begin. with i.olated atoaic 
uit.. (l.t.t.r.). and graduall, con.truct. conc.ptual 
molecul•• or chunk. (-,lou·) out of th... Th.ra are 
mol.cul•• at various 1 •••1.: clust.r., .,llabl•• , 
aad word•. 

Whl no dlctionlrJ' B.caus. that i. irreleyaat 
to the ••ntal proc••••• I .. atteaptiDe to .odel. 
n..el, the ucon.cious coapo.ition of coh.r.nt whol•• 
out of .catt.r.d part.. A dictionlrJ could b. addad. 
but it would b. irrel.Yaat to Juabo'••erious 
purpo••• which i. to be a .od.l of the ••ntal proee•• 
of ....abll aad traa.formation -- not aa ..pert 
.,.t•• for pla,ing a word ,.... Th. hop. i. that 
th••• proce•••• (aad aa archit.ctur. allowius th.ir 
saooth int.gration) are notion. .zportabl. to more 
coapl.. doaains. 

Th••trat.1J of Juabo i. baa.d on two aaalo,i••• 
On. is to the wal that co~l.. mol.cul•• are 
cOD.truct.d in.id. a liyiUS c.ll [L.hniUS.r lQ111; 
the other is to the wa, that bond. of huaaa 
friend.hip are foraad in a chaotic world. 

1 will d••crib. the biololJ aaaloll fir.t. Ia 
a c.ll. the low••t 1•••1 of mol.cule i. the atoa. 
Above that, th.r. are very s ..ll molecule., whicla 
.ight b. coapared to ••ry tight couonut cluster• 
(such .. ·th· or aUS·). Th. n.It l ••el up i. \bat 
of. for in.taace...ino acids. Th••• could be 
coapar.d to loo.ell boud clust.re. BUch .. ·.tr· 
or ·nsth· or ·00·. Th.n th.r. are linear chaw of 

http:clust.re
http:coh.r.nt
http:concr.te
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amino acids -- polyp.ptid. chains (oft.n compl.t. 
proteins). Th.y could b. likened to .yllabl•• 
(often compl.te words). Kanl protein. (word.) 
consist of an agglom.ration of .ev.ral polyp.ptid. 
chains (slilabl.s). 

The assembll of mol.cul •• in a c.ll tak•• plac. 
throughout its cltoplasm (the major part of the 
interior of the cell). For .ach mol.cul. type, th.r. 
is a standard chemical pathwal bl which it i. 
assembl.d. Th. as.embll pathwal for a giv.n molecule 
type mal involve doz.n. of step. that build it 
piecemeal. All ov.r the cltoplasm, that pathwal 
is followed bl separat•• ind'p.ndent, parall.l but 
non-synchroniz.d a •••mbll proc •••••. 

Next I will bri.fll .ketch out the "fri.nd.hip" 
analogl -- or perhaps the "romanc." analogy would b. 
a better term, .ince the building of romanc•• i. the 
main driving imag.. In .0ci.tJ. the atomic unit. are 
individual p.rsons. Th.n th.r. are two-p.r.on unit. 
(couples). Abov. that th.re are friend.hip. among 
couples. and larg.r societie.. Thi. metaphor, 
how.ver, has l.ss to do with the multi-l.vel.dne•• 
of societJ than with the tim.-d'p.nd.nt mann.r of 
formation of bond.. Th. ba.ic idea i. that it take. 
•xperimentation ("flirtation" and "dalliance") for 
two people to decide if th'l wi.h to b. romanticallJ 
involved. 

Th. first stag. i. chanc.-dep.nd.nt: do the two 
individuals Coal n.ar enough to notic••ach oth.r? 
If not, there i. no hop. of a bond forming. If .0, 

this initial noticing mal g.n.rat. the g.rm of a 
romanc.: a "spark" propelling the partn.r. into a 
desire for furth.r .xploration. If theJ .urviv. this 
next stage of flirtation with .ach oth.r, th.n I 
call what result. a "flash": a autual infatuation 
not let resulting in a bond. Th. n.xt stag. i. 
that of casual dating ("dallianc.·), d.t.rmining 
compatibilitl in a more serious waJ' If th'J .urviv. 
this stag', theJ can form a g.nuine bond -- a 
"romance". Ther. is still a further stag. beJond 
thi., of cour.e, call.d ·marriage·. 

Romantic relationships often br.ak up. Some 
br.akups r.sult from internal t.nsion. in the 
r.lation.hip: oth.rs are in.tigated bJ the arrival 
of a s ••mingIJ more d.sirabl. partn.r. If an 
attractiv. pot.ntial partn.r turn. up. aaDJ thing. 
have to be s.riou.ly w.igh.d against .ach oth.r. Th. 
outcome dep.nds on the int.rnal "happin.s.· of the 
marriag" the .xcitem.nt promi••d bJ the pot.ntial 
partner. and the .cod of .ocietJ regarding divorce. 

In the c.ll. too. br.akup. of molecul•• occur 
constantlJ. Larg. mol.cul•• br.ak into small.r 
constitu.nts, and from th••e pi.c.s n.w mol.cule. 
are th.n ass.mbl.d. AssemblJ and disass.mblJ are 
not spontaneous but ar. m.diated bJ agents that are 
compl.x mol.cules in thems.lv.s -- .nzyme.. For 
.ach type of op.ration. there i. a .pecific type 
of enzyme. 

THE SIGNIFICANCE or JUMBO'S TASK DOMAIN 

Now What i. significant about coming up with 
.ome English-like r.arrangement. of a s.t of l.tt.r.? 
Ie11 , the perceptual process is .s.entiallJ on. of 
con.tructing larg.r units out of .mall.r on•• , with 
t.mporarJ .tructur.. at various levels and permanent 
m.ntal cat.gorie. trJing to accomodat. to each other. 
A lot of back-and-forth motion mu.t occur -- that 
is, con.truction, d.struction. r.grouping. and 
r.arrang•••nt of structur... Th. archit.ctur. for 
a sJ.t•• to carry out this proc.s. is the result of 
manJ subtle deci.ions about how ind'p.nd.nt proc••s.s 
.hould int.ract, how structur.s should b. put 
tog.th.r or brok.n apart, what kind. of things form 
stable structur.s. what .asJ waJs are of making n.w 
possible structur.s wh.n old on.s are •••n to be 
ina4'quat•• and so on (L.a 1980, Hanson 1918. 
laterman 1918]. 

Th. H.arsaJ-II spe.ch understanding sJst•• 
[R.ddy 191&. Erman 19S0] wa. a .ophisticat.d e1ampl. 
of such an archit.cture; Jumbo is an att.mpt to 
construct anoth.r such archit.cture. and to focus 
clearlJ on the essence of ~h. matter. That il on. 
r.ason why the domain 1s kept small . 

JUMBO AND PARALLELISM 

Jumbo 1. a parallel sJ.tem. y.~ its parall.li.m. 
based on the cell. div.rgel from that of som. model. 
of parall.li... In a c.ll. maDJ m.tabolic activiti•• 
take plac. simultan.ouslJ at differ.nt .pa~ial 
locations. Each activitJ. whether anabolic (i .•.. 
bond-forming) or catabolic (i .•.• bond-br.aking). i. 
carri.d out bl an .nzym.. The ~ypical anabolic 
.nzym.'. action involves the bonding togeth.r of two 
acl.cul.s. Bow do.s the .~zym. find tho.e mol.cules? 
It has ·cr.vic••- call.d "activ. site.- that match 
onlJ mol.cul.s of the right typ.. It wand.r. aroand 
the cJtoplas., and wh.n it bump. into a structur. 
that fits on. of it. activ. lite., it latch.s onto 
it. and then the two wand.r tog.th.r until the 
.nzym"s s.cond activ. site g.ts similarlJ fill.d 
at random. At that point. ~he .nzyme is trigg.r.d 
into action. I~ p.rforms it. ioining op.ration, and 
r.lea••• its product. Thi. product is th.D pot'Dtial 
lIaterial for a n.w .nzyme to graft som.thing .l.e 
onto it. Thu. larg.r pi.c•• ,.t built from sBall.r 
on.s. in a random wa~. Yet d.spit. ~h. randomn•••• 
.peciftc building tasts defin.d by .laborat. ch.mical 
pathwaJs g.t carried out .fficientlJ and r.liabIJ. 

Jumbo's parall.li•• is mod.l.d on the 
distribut.d parall.lism of the c.ll. A salient 
diff.r.nc. i. that Jumbo runs on a ••quential 
computer. so it.parall.lis••u.~ b. virtual rather 
than actual. Bow.v.r, Jumbo could b. adapt.d to run 
on a distribu~.d parall.l coapu~ing archit.ctur. of 
the right sort. 

At the outs.t, all the l.tt.r. are ·lon.lJ" and 
clamoring for atten~ion. nat choo••s who ,.ts to 

http:diff.r.nc
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flirt or bond with wbo.? In ••••ne•• it i. rando.. 
a. in the e.ll or the r.al .oeial world. To 
~i.ualiz. Juabo. i.acin. the l.tt.r. floatins arouad 
in a thr••-dla.n.ional fluid -- the ·ertoplaea-. If 
two l.tter. eo•• elo•• to .aeh oth.r. th.y can ••••• 
.aeh oth.r and po••ibly -epark-. 

What d.t.rain•• wh.th.r a epark i ••uee•••ful? 
At the oute.t. wh.n all l.tt.re are unattaeh.d. it 
i. affinity C·eh.ai.try· ... the intriguinsly 
aeeurat. popular ••taphor would ha~. it). For 
• zampl•• -•• and ·h· (in that ord.r) are w.ll .uited. 
but in the oppo.it. order. th.y are not. Aff1Jalty 
i. not aU or non.. 80.. letter. are Ylry happy dth 
.aeh oth.r (••• and ·h-) ••oa. only aildly happy with 
• ach oth.r cad· and ·w-, .. in -dw.U·}. and .0.. not 
at all happy tos.th.r (.J. and -z-). Th.r. are all 
d.sr..' of affinit, . Corr••pondinsl" .0.. eparb 
are .trans, .0•• w.ak. and .ou fl••1•. 

What i. the e~utational ••anins of -'parkins-? 
A epark ie a data .truetv. teUins who ie eparkins 
with whoa. and 1Ja what ord.r. lfanu1actved at the 
.am. ti.... the .park and ...oeiated with it i. a 
pi.e. of cod. eall.d a ·eod.l.t-, which i. placed in 
a qu.u.-Ilk••truetv. eall.d the -eod.raek-, .0 that 
it can b. run. Th. eod.let, wh.n run, dll look at 
the .park••nluate it. dabilit" and then ....t 
wh.ther it i. worthwhile soins on dth further 
'xploratlon in thi. t.ntati~. -ro.ane.·. If thi. 
flirtation fail., th.n both l.tt.r. will 10 on th.ir 
..rry waJ" .aeh on. free to apark with oth.r 
partn.r. iut.act. If the flirtation ..... pro.i.ins, 
thoqh. th.n the eod.l.t will create a ·n..h- -- the 
n.zt .tac. of a roaane •• 

Which cod.l.t on the eod.raek .hall run fir.tT 

".oeiated with .aeh eod.l.t i. a nnab.r, ite 

-vSlDe,- . Th. ehoie. of which eodel.t to run n.st. 

i. a w.iShted but randoa choic •• the VI.nCJ of a 
eod.l.t b.ins itl w.ipt in the eoderack. Tho a 
eod.l.t with VI.ney 10 i. fi~. tia•• a. lik.ly to be 
picked to run .. a eodel.t dth vs.ney 2. But there 
i. no suarant.. that it will be run fir.t. It ie all 
probabili.tie ••0 that only in a .tati.tieal ••u. 
will what -.hould- happ.n .or. oft.n actuallJ happea 
.or. oft.n. 

Wh.n.~er a eod.l.t ie run, it i. r • .oyed fro. 
the cod.rack. Th. 0111, trae.. it lean. b.h1Dd ar.: 
el} chanc" that it ~ caused 1D the ertopl"'; 
and (2) n.. eod.l.t. it hu placed on the eoderack. 
Thi. .nabl.. l.ucthy proc..... to b. earri.d out in 
...11 di.joint .tep" .ach .t.p ••ttins up it. OWD 
pos.ibl. continuation. It r •••abl•• the waJ that 
lans chain. of eh ••ieal r.aetion. S.t carried out 
in ind'p.nd.nt ...11 .t.p. in the e.ll. 

THE COICEPT OF A TEllACED BCd 

Why a .park. th.n a nuh. th'n perhap. a 
dalliane., and .0 on? WhJ not ch.ek out the wbol. 
thins at one.T Th. u.n.,. 11: r.al-ti.. pr••IVI" 

If thi. pot.ntial union w.r. the only po••ibility in 
the world. then tt.. wouldn't pr.... But if th.r. 
are .any po.aible option. to ehoo•• fro.. ti.. doe. 
ind••d pr.... On. n••d. to eireuaY.nt what at fir.t 
aipt •••• an awful n.e•••ity: that of '%ploriIlS all 
potential ..tehup. to an equal d.cr" before aatins 
up on.'••illd about which on. work. b ••t. Th.r. i. 
a profound n.ed for prot.etiDC on•••lf froa thi••ort 
of abaurdity. P.opl. d.y.lop way. of quickly 
.liainatins thins' of little int.r••t to th•• and 
hoainS ill on the SDod po••ibiliti... Thi. i • 
the id.a of the -t.rrae.d .ean-: a parallel 
illy••tisation of .any po••ibiliti•• to diff.r.nt 
l.~.l. of d.pth. quickly throwins out bad one. and 
hoainS in rapidly and accuratel, on sood on••. 

Th. terraced .ean .01'" by .tac": fir.t 011. 

p.rforu quick .up.rfieial te.te. and on. proc.1da 
fvther onl, 11 tho.. te.t. are pu.ed. Each II.. 

.tac' inYoh.. .or••laborate ....te. Which, 11 
p...ed. can lead to a further .tlC' -- and '0 011. 

Fvth.raor•• -p...ins a t ••t- i. not an all-or­
nothins affair: .aeh t ••t produe•• a .cor•• 
indieatins how pro.i.ins thi. lin. of iny ••tigation 
appeare .0 far. On. u••• thi••cor. to d.t.rain. the 
vs.ne, of contin~&tion eod.l.t.. Thi. proyid•• the 
d••ired lay.r.dD... to the .yaluation of the SoodD••• 
of a potential ..tehup. 

Sinc. Juabo i •••rial. it au.t int.rl.ay. the 
te.t••akins up the parall.l .xploratiou••0 that 
.an, possibiliti•• can b ••i.ultan.ou.ly .xplor.d. 
Each .tage d.t.rain•• the vs.ne, of itl follow-up 
.tage. eo that the .pe.d of a Ions proe ••• i. locall, 
adJu.tabl. to r.fl.ct the pro.i•• it off.r•. 

Th. way Juabo worb, th.n. i. that it ...in•• 
.any po••ibiliti•• in .iaulat.d parall.l, l.ttiDC 
the .ore proaiains on•• .on all.act fut.r than the 
le•• proai.ins on... L.ttere b.Sb. b, .parkins with 
on. another. Each .ucc...ful epark 'ns.nd.r. a 
n ..h. Each .uec••alul Uuh 'nsender. a eod.l.t 
which -- if and wh.n run -- will bond the si~.n 
l.tt.r. tos.th.r into a n.w .tructv. -- a Sloa. 
Glo... lilt. l.tt.r•• 1.1.0 .park to,.th.r. fl..h 
to,.ther. and can b. bond.d to,.ther into lar,er 
and lar,.r Iloaa • 

Whil. two liyu it... are eparkins, two oth.re 
"J b. fluhins. Oth.re .., alreact, han b••n bonded 
tos.th.r to aat. a 110.. Altboqh an1 particular 
-ro.anc.· hu to 10 thrOqh a fiz.d ••qu.nc. of 
increuinsly .laborat. t ••tins .tac'" .an, nch 
'xploratiou "1 b. happenins in parall.l. and lI.ed 
not b. in ph.... Fl..h-.yaluatore••park-.yaluator•• 
and oth.r tJpl' of eod.l.t. eoaainsl. and eoezi.t 1a 
the cod.rack without conflict. 

Fvth.raor., nothins pr.y.nt. a ,iY.n it•• fro. 
eparkins with IInral oth.r it... at onc.. Thu 
parall.l .xploration of .ore than on. -..t.- can ' ­
carried out. Up to a point., a ,iYin ite. can purn. 
t.wo ro.ane•• at. one.. jut. u a per.on can pvn. t.1IO 
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romantic possibilities at once. by interleavins the 
dates and lettins the rival rOa&Dc•• d.v.lop in 
parallel. Ther. com.s a ppint, how.v.r, wh.re if 
things are to go any further in a rOa&Dce, co.ait.ent 
is necessary. Thi•••an. bondins. 

GLOWS, OR COMPOUND ST&UCTUiES 

The idea of bonding is to create compound 
structures that have stability and that ar. difficult 
to penetrate or break apart. Typical glo.. (bond.d 
structures) include consonant and vow.1 clust.r•• 
syllables. and words. All of th.s. __y b. inca.pl.t. 
or imperlect. Exampl.s of incompl.t. or imp.rf.ct 
• tructures are "ngt·. an incompl.te consonant clust.r 
(it needs an "h' at the .nd), and ·oot·, 'y', and 
"ies', which ar. incompl.t. syllabl.s (th.y n.ed 
op.ning consonant clust.r.). 

A bond-making cod.l.t is like an enzyme in a 
cell causing the bondins of two pi.ces into a larger 
piece. The new piece contains the two previous 
pieces as parts. Th. parts are still acc.s.ibl. 
to the outside world. but not a....ily as befor •. 
Moreover. the n.w .tructur. now can ent.r into new 
kinds of r.lationship. that ueither p'art w ...ntitled 
to. 

Any new glom in the cytopla•• i. given a nam•. 
Accessible through that n... ar. fact. such .. the 
names of the constituents of the gloa, the type 
of the glom (is it a .yllabl., word••tc.?), the 
"happiness" of the glom (is it complete or not? how 
happy are its parts?). and so on. To the lowest 
approximation, beins sncap.ulat.d in.id. agIo. 
renders an item inacce.sible to the out.ide world, 
much as being .arried -- at least in theory - ­
prevents a per.on froa havins n.w rOa&Dc... In 
that senle. a new glom .ff.ctiv.ly replac.s its 
pi.ces in the cytopl .... 

However. the creation of a new glom do•• not ••t 
off a massive s.arch in which all cod.let. ref.rrins 
to parts of the new glom ar. purged. Tho.e cod.l.t. 
ar. allowed to stick around. and wh.n run th.y will 
usually ju.t fizzle haral.s.ly. It i. like leamins 
that so.eone you find attractiv. i. involv.d; usually 
you just give up with a .igh. 

It i. possible, though. that a piece insid. a 
stabl. glom .park••0 .tronsly with an .sternal piece 
that the re.ult chall.ns'. the bond holdiDI the fir.t 
pi.c. in. D.p.ndins on the ·happin•••• of the gloa. 
the challens. __y be def.at.d or it __y ...rg. 
victorious. which will r••ult in the di••olution of 
the bonds aaltins the old gloa, and the ••tabU.haent 
of a new g10.. Thu. in Jumbo, beins ·co..itt.d· 
(bonded) act. a. a 4a.,.r. but not a total inhibitor, 
of exploration of rival rOa&Dce. -- as i. the c ... 
with p.opl •. 

PARALLEL CONTEMPLATIONS VERSUS PARALLEL REALITIES 

Jumbo &1.. at convert1ns the content. of the 
cytopla•• fro. an initial array of unconn.ct.d and 
unrelated l.tter. into a sinsl. final structur. - ­
a coh.r.nt and hi.rarchically .tructured as•••bly of 
part•• a candidate for "wordhood·. Searsay II also 
built hi.rarchical .tructur•• out of an initially 
forale•• chaos. but with on••alient diff.r.nc.: it 
construct.d multiple top-l.vsl .tructur•• -- rival 
int.rpr.tation. of what the sp.ak.r was .aying - ­
at onc.. An analogous vi.ion program would construct 
..v.ral top-l.v.l int.rpr.tations for a .c.n. in 
paraU.l . 

Thi••trik•••• a. iaplau.ibl.. I. do not 
.xp.ri.nc. a cognitiv••up.rpo.ition of .tat••• 
••• ing (or h.aring) .o••thins two or acr. way. at 
onc.. Th. flLIIOu. ua.,le. of visual ambiguity - ­
the flipping '.ck.r cube. the vas.-face picture. 
and aany oth.r. -- .ub.tantiate .y pOint. WhU. 
ov.r tim. w. can 'asily flip back and forth b.tw••n 
top-l.v.l point. of vi.w. our cognitiv. sy.t... do 
not .a.ily .upport •••ing .o••thing in two way. at 
on••om.nt. 

Thi. .ugg••t. that parall.li.m becomes les. and 
1••• rel.vant at progre••iv.ly high.r l.v.l. of 
activity. Thi. id•• i••irror.d in the way Jumbo 
work.. A••tructur•• coal••c•• the .yst•• gr&dually 
.ak•• a tran.ition fro. being di.tribut.d and 
parall.l to b.ing localiz.d and ••rial: at the 
.nd. th.r. i. only on. top-l.v.l glom l.ft in the 
cytoplas.. Two glo.. ar. n.v.r just diff.r.nt 
arrangea.nt. of the .aa. low.r-l.v.l .tructur••. 
Th.r.for•• a certain kind of parall.li•• i. 
nonexi.t.nt in Jumbo -- n...ly. the paralleli•• 
you g.t wh.n you .nt.rtain alt.rnativ. world•. 
Jumbo has but on. world (it. cytoplas.). Bow.v.r. 
parall.l cont.mplation of alt.rnativ. worlds (i •••• 
po••ibl. action. to try in the futur.) i. p.rai••ibl. 
in Jumbo; in fact, it i. of the ••••nc.. Jumbo i. 
fr•• to "aua.· about .any po••ibl. rival action•• but 
onc. one i. cho••n and carri.d out, th.n that'. the 
way the world i •• 

L.t u. thus dr.w a di.tinction betw••n two typ'. 
of code1.t. A -auains' code1.t conteaplate. a future 
pos.ibility without actually creating it: an aaction· 
cod.l.t r.aliz.. a contemplated po••ibility by 
carrying out a chlUli' in the cytopl.... lfusins 
codelet. p.rfora ·r.ad-only- operations on the 
cytoplasm ( •. ,., .valuating spark. or fla.h••); 
action cod.l.t. p.rfora ·writ.··. in the cytopl ... 
Ce.g .• uJeins. br.akins••tr.ngth.nins. or w.ak.nins 
a bond). 

In .uaaary. in the .arly .t.... of glo.­
building. wh.n Jumbo'. cytoplasm i. coapo.e4 of ...y 
.catt.r.d piec••• nonov.rlapping action. in it CaD 
b. vi.w.d as occurrins .i.ultan.ou.ly (wh.th.r the 

.i.ultan.ity i. virtual or r.al); how.ver... 

gloaa .erg. and b.co•• larg.r but f.wer in numb.r. 
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parall.li•• of ac~ion in.id. the cytoplasa graduallJ 
giv.s way ~ ••riali~J, althouch the parall.l 
cont••pla~ion of po••ibl. ac~ion. ~ ~ak. con~inu•• 
unaba"d. 

THE BAPPIIESS OF GLOYS 

At any .~a,•• Juabo'. c~pla•• con~ain. ,loa. 
having various d.gr... of ·happin •••• -- a nuaerical 
••asur. applicabl. ~ all ,loa.. Th.r. are two 
coaponents ~ happin.... Th. IHTElIAL coapon.nt 
~ri•• to .u.aariz. how w.ll the ,10., a. a sp.cific 
in.tanc. of a ,.n.ral conc'pt, r.aliz•• that Pla~nic 
id.al. Th. EXTEIIIAL c0-POn.nt tri•• ~ .u.aarize 
~h. curr.n~ .itua~ion of ~hi. ,loa in the c~plasa. 
I. i~ part of &lar,.r ,10. (thus -••cur.·), or i. 
i~ una~~ach.d (thus ·lon.lJ·)? 

Consid.r a .Jllabl.-l.y.l glo.. I~.us~ ask 
i~••lf. ·How good a SJllabl... I?· Thi. qu••~ion 
is ann.r.d bJ a nober ~aking iD~ account the 
degr•• of Coapl.t.D'•• of the ,10.. the way i~. 
pi.c•• fill the rol•• th.J are suppo.ed ~ play. 
~h••ui~.da••• of it. par~. for .ach oth.r, and - ­
r.cur.iy.ly -- ~h' in~.rDal happin••••• of its part•. 

Tak. ~h••Jllabl.-candidat. ·lik·, for ins~anc•. 
Thi. ,loa••••n a. a po"ntial .Jllabl•• i. coapl.t.: 
it has a fill.r for ~h. thr•• aain rol•• requir.d for 
•SJllabl.hood-: iDitial con.onan~ clus"r, yow.l 
group, and fiDal con.onant clu.~.r. (Such role. are 
analogous to the rol•• of -husband· and ·wif.- in a 
• arriag., al~hou,h not all thr•• of th•• haY' to b. 
pr•••nt iD .Y'rr SJllabl•• -ing· b.ing a good .x..,l. 
of an int'rDally hapPJ .Jllabl. lacking an iIlitial 
con.onan~ clust.r.) a.ing a COMPLETE .,llabl. i. no~ 
.nough ~o .ak. ·lik- an iDt.rnallJ SAPPY .yllabl., 
b.caus. ak· do•• not fiD.IJ fill the -final consoDan~ 
clust.r- rol.. 8J contrast, ·lick- i. an int.rDallJ 
happy .yllabl., .inc. -ck· i. a fiDe fiDal con.onant 
clu.t.r. 

IDt.rDal unhappiD••• .at.. a ,loa -.qu.ak-. For 
in.tanc•• the incoapl.t••Jllabl. -Ii- wi.h•• to be 
aade coapl.t., .0 i~ .qu.ak. qui~. loudly. Th. 
iap.rf.ct .Jllabl. -lik· will .qu.ak, but no~ qui~ 
wo loudly. 

In r.al lif., c.or,. aaJ ask hi...lf, -How 
,ood a hu.band would I .ak.,. withou~ haying anJ 
particular wife in .ind. H. aaJ f ••l that h. fill. 
~h. ab.~ract ·husband· role id.ally wlthou~ th.r. 
being aDy .p.cific marriag' iD~ which h. fits. 
An aDalosou. Dotion hold. for ,loa.. Tak. the 
Bfllabl. ·lick·. Int.rDallJ, it i. gr.at, but if 
it has Dot b"D iDcorporat.d into a larg.r .~ructur., 
i~ will .till b. unhapPJ. Thi. briDp u to the 
.xt.rDal coapon.nt of happiD•••• 

Th. nt.rDal Coapon.Dt of aDJ ,loa'. happiD••• 
d.p.nd. On how the ,10. fit. into the curr.nt .ta~ 
of ~h. c~plasa. IDitlallJ, all l.tter. are UDbapPJ 
but not duperat., becau. th'J are all in the ..... 

boa~ -- UDaa~.da.... AII.OIIe ,.~ aa~ed and other. 
don·~. how.Y.r, an•• • • .otion- .n~.r. ~h. pic~ur.: 

j ...lou.J. Th. longer a l.t~.r SO'. UDaa"d, the 
unhappi.r it b.coae.. It ·.qu.aks- to .xpr••• it. 
unhappin.... Thi. SO'.... w.ll for UDaat.d higb.r­
Inel ,loa.. 

·Squ.aking- tran.lat.. into lik.lihood of 
.parking with oth.r it... in the cytoplasm -- tha~ 

i., the ur"ncr of a cod.l.t that .ill plac. the item 
on a qu.u. of pot.ntial ·spark••••• A. in r.al lif., 
it'. the .qu.aki••t .h••l tha~ ,.ts the oil. 

·Bappin...• i. thus a ..asur. ~hat a gloa 
coaput•• , ~aking iDto accoun~ both its ••If-••tiaa~.d 
int.rDal .tabilitJ, and i~•••1f-p.rc.iY.d -llOraalcr­
relative to ~h. .n.rDal .0ei'~J. Juabo'. oyerall 
,oal could b ••UCCiDCtly .tat.d ... : producing on. 
happy ~p-lnel ,loa. Ell rout. ~ this SOal, it has 
to b. guided bJ the happiD..... of the int.rmediary 
.tructur•• it .at••. 

DESTIUCTIVE OPERATIOIS II JUMBO 

It would b. nic. if the randoalJ-driY'n building 
proc••••• that take plac. fro. the ground up alwaJ. 
gay. ri•• to an .xc.ll.nt candidat. for wordhood. 
Bo••v.r, .inc. this i. unlik.ly, th.r• .ust b. 
waJ. of changing around what h ... b••D construct.d . 
Sinc. auch car. has ,on. into the buildup of the 
con.titu.nts on yariou. low.r l.y.l•• it would be 
r.ckl••• to di.band the thing .ithout trring .oa• 
r.workiD, fir.t. 

TraditioDallJ iD artificial iDt.l1i,.nc., 
r.aching a d.ci.ion poiDt wh.r. ODS •••• that ODS 
has ~ ,0 back and undo wouthing i. a critical 
.oa.nt. Th••tandard .olution i. ·iDt.lli,.Dt 
back~racking· [Bobrow 1074], iD which JOu .ith.r 
~ak. a diff.r.Dt fork at that d.ci.ion poiDt or 
backtrack furth.r. Th. latt.r UIOWlts ~ undOing 
on. d.ci.ion af~.r anoth.r until you fiDd on. JOu can 
11...ith, and th.D .tarting there fro. .cratch. 

Taking a diff.r.Dt fork r.quir•• y011 to choo•• 

at. randoa or bJ r ....on. Th. latt.r i. obYion.lJ . 

pr.f.rabl., but the .orld do•• not alwaJ. ,iY' J011 

.nough tla. or DOIl.q. to r.ason ev.rything out. 

EY.D the b ••t-calculat.d tiD' of the fork aaJ l.ad 

to DO succ•••• iD which cas. J011 would hay. b"D 

bett.r off choo.ing at randoa, for JOu woulda't 

hay. iDy••t.d .0 auch tiae at~..,ting to for.... 

the UD.for....able. Thu the adyantag. of choosing 

a~ randoa i. that J011 dOD't worry oy.r aatt.r. that 

JOu can't po••iblJ anticipat. -- JOu .iaplJ plunge 

forward aDd ••• what happe .... 


Thi. is what JWIbo doe.. Bowever, this .hould 
not b. confu.d with b11Dda.... Althouch the 
·choic••• at branch poiDt. are aad. at randoa, th.r. 
are powerful bias•• built iD. lot. ...rythiq h...... 
equal chanc.; iIld.ed • ....n id.... will t.Dd to b. 
~.iped hip ur,.Dei... and d1l.llll oa.. low ur,.Dei•• ~ 
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There is no guarantee of thi., nor i. there be a 
guarant.. that hi,h-ur,.ncy cod.l.t••ill ,et run 
first. sinc. aft.r all, randomn••• i. rando.ne•• - ­
but in the lon, haul, thin,••ill .ork out favorably. 
Thi., at any rat., i. the hop. on .hich Juabo i. 
bas.d. 

Ther. i. another aspect to the hope placed in 
randomn.s.: it ..... .ar. lik.ly that intere.ting 
routes .ill b. di.cover.d by accid.ntal .sploration 
than if the ·b.st· rout. i. al.ay. cho••n at .very 
junction. Fur the rmor., having an .stre••ly .imple 
control structur. allo.. the .y.t.. to do thin,. that 
a v.ry compl.s control .tructur. .ould ,et thoroughly 
tangled up in. Compl.s control structur•• are highly 
brittle, .h.r.a. probabili.tic control .tructure. are 
rubbery and don't car••hat happ.n. in .hat order. 

So••hat ar. the po••ible re.edie. to choo•• 
from, .h.n th.re i. an unhappy p.eudo-.ord? There 
are two ba.ic typ•• of tran.formation: ·.ntropy­
pr.serving· and ·entropy-incr.asing·. By ·.ntropy·, 
I mean "perceived di.ord.r". A cytopla •• containing 
no bonded l.tt.rs has masimal entropy; a cytopla •• 
containing ju.t on. p ••udo-.ord ha ••inimal .ntropy. 
Entropy-pr.servin, transforaatious do not incr.a.e 
disorder: th.y pres.rv. the numb.r of ,loas. By 
contrast, .ntropy-incr.asin, tran.formation. de.troy 
,loms, bringing the cytoplasm clo••r to it. initial 
.tate of total di.order. 

Of the t.o varieties of .ntropy-pre.erving 
transformation. the .ild.r on. i. REGROUPIRC: 
r.adjustin,'internal boundaries .0 as to yield ne. 
.ubstructuree .ithout r.arranging anything. The 
other. aore dra.tic, variety i. REARlAHGEWEMT: 
taking pi.c•• of a ,10m and .huffling th•• around 
to make ne. ,10" on the .~. l.v.l [Bolland 1981]. 
A mor. radical reaedy i. the .ntropy-incr.a.ing 
transformation of DISBANDING: pulling a gloa'. 
top-level bond. apart and p.rhap••ven di.banding 
some of the lo••r-Iev.l .tructur••. 

ENTROPY-PRESERVING TRANSFORMATIONS 

Suppo.. that the unhappy p••udo-.ord i. 
.panglo•••. p.rc.iv.d &8 t.o 8Jllable. -- ·pan,- and 
·10•••• Fir.t con.id.r r.grouping_ On. po••ibilitJ 
is to acve the .,- fro. the fir.t .yllable to the 
••cond. thus making ·pan-'lo•••. On the other hand. 
it i. not po••ible to d.tach the entir. con.onant 
clu.t.r .ng. froa the fir8t 8yllabl. and to reattach 
it to the ••cond con.onant clu.t.r. b.caus. "ngl" 
i. not an acc.ptabl. cousonant clu.t.r. 

A .are co.ples type of r.,roupin, can occur 
.h.n t.o .,llabl•• coal••c. into on., or on. breaks 
into t.o. like drops of liquid. A .impl ••sampl. can 
b. giv.n u.ing four l.tter. found in.id. ·PaAllo•••• 
Suppose the two slllabl•• ·ap· and ·.0· ,et Donded 
to,.th.r in this ord.r: ·.o-ap·. 10. ·.oap· might 
b. bislllabic (lik. ·react· or ·Moab·). but it. 

pr.f.rr.d perc.ption i. &8 a .ingl••,llabl•• 


Th.r.for. Juabo .hould b. able to carry out this 
typ. of r.grouping flu.ntly. Th. "f1 ••ion· proc~•• 
--acvin, from on'-.r:1abl••ords like ".oap· to 
t.o-.yllabl••ords '~c-op· or ·.o-ap" -- .hould b. 
a. natural for Juabo a~ the ·fu.ion· proc•••. 

Th. n.st .ntropy-pr•••rving alternativ•• 
r.arran,e••nt. offers aany po••ibiliti... On••ould 
b. to p.rfora the op.ration known a. ·.poon.ri••·: 
int.rchanging tha initial con.onant clu.ter. of 
t.o .yllable.. Thi. produce. an•• t.o-.yllabl. 
candidate, ·lang-po •••. Th. t.ra com.s from the 
n~. of an An,lican aini.t.r, Th. Rever.nd Spooner, 
but it i. tempting to ienore tb~t dienified .tymology 
and to invent parallel culinary t.ru: ·forlteri••• 
(the int.rchang. of final con.onant clu.ter.) 
and ·knif.ri••• (the interchan,. of vo••l ,roup.). 
Op.ratin, on ·pang-lo•••• tho •••ould produc. 
·pa••-lon,· and ·pong-la••• r ••p.ctiv.ly. Spoon.ri•• 
n••d not involv. entire clu.ter.; .o••ti••• pi.c•• of 
clust.r. can b. ,schan,.d. a. in the tran.foraation 
of -.lag-pons· to ala,-spous·. 

R.arr~•••nt can involve the EXCBAKGE of 
.yllabl•• (-pan,-lo••• to ·lo••-pane·). It can al.o 
involv. the int.rnal REVERSAL of a .yllabl. at the 
clu.t.r l.v.l C·.tan- to ·na.t·) or the l.tt.r l.v.l 
(".tan" to ·nata·). R.v.r.al at .ith.r l.v.l. 
unfortunat.ly. po••• tricky probl.... Obviou.ly. not 
all .yllabl•• can be r.v.r••d at the clu.t.r l.v.l, 
.inc••0.. con.onant clu.ter. cannot function 
initially, .hil. oth.r. cannot function finally (try 
-knot.·, for .sample). l.v.r.al at the l.tt.r l.v.l 
i. 'qually knotty (try -thuap·). Thu. on. cannot 

ju.t bar,. ah.ad .ith .ith.r typ. of r.v.r.al; .u.in, 

cod. let••u.t pr.pare the .ay by ch.ckin, out 

the d••irability of cont.aplat.d action.. Thi. 

..pha.iz•• onc. a,ain that, althouch Juabo i. 

permeat.d by randomn•••• it i. al.o p.rm.ated by 

dJD~ic te.t. i.buing it .ith caution and for••1cht. 


Anoth.r typ. of i.arrane.m.nt is .h.r. on. 
.yllabl••ant. to trade it. final con.onant clu.t.r 
for anoth.r on.'. initial con.onant clu.t.r. For 
in.tanc., in ·plag-DO•••• -pIa,· .icht .ant to trade 
it. -,- for ·no••••• ·n-. to yi.ld ·plan-co•••· 
Again, the f.a.ibility of .uch a aan.uv.r d,p.Dds 
on .h.th.r the liven clu.ter. can function in the 
de.ir.d n•• po.itions. A natural nom.nclatur. 
for such trad•• 'USS••t. it••lf: -8pork.ri••• and 
·foon.ris.· . 

A lIIU.ing cod.l.t propo.ing a trade r •••able. an 
off.r by on. ba••ball t.~ to trade ita pitch.r for 
anoth.r t.am'. l.ft-fi.ld.r. Such off.r. are u.uall, 
mad. out of r,coenition of ••akn.s•••• and the 
f ••lin, that both can b.n.fit trom the ••itch. 
Th••eak.r a te~ is in a c.rtain po.ition. the 
mor. di.po••d it i. to ,iva awal .om.thins in ord.r 
to fill that role ••11. Lik••i•• in Juabo. Th. 
mor. valuable a trade i. p.rc.iv.d to b. bl the ,10" 
involved. the mor. ur,.nt .ill b. the corr••ponding 
action cod.let manufactured by the au.ing codel.t. 
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Thus the principl. of the t.rrac.d .can i. at work at 
this .tag. of the g... no 1••• than in the .arli.r. 
glomming-tog.th.r .tag••. 

fLUID DATA STaUCTURES: A PRIICIPAL AIM OF JUMBO 

Th. coabination of r.grouping and r.arrang•••nt 
pro.ide. a .urpri.ingl, pow.rful tool. It pr•••r.•• 
a gr.at d.al of .tructur. at all ti.... and ,.t 
achi•••• a .ignificant r••huffling of high-l•••l 
pi.c... H.r. i. a rando. walk through p••udo-word 
spac., beginning at -pang-lo••-: 

pang-lo.. .tart 
pong-la•• lmU.ri•• 
lon;-pu. .poon.ri•• 
pu.-long .witch .,llabl•• 
pu-dong r.group -. ­
• ap-.long r•••r•••,llabl• 
dap-.ong IpOOD.ri.. 
• lang-sop fork.ri.. 
•op-dang .witch .,llabl•• 
• lop-.ang • pOOD.ri .. 
• loa-pang trade -p- for -•• 
lo.-.pang .poon.ri•• 
lo••-pang r.group ••• 
pang-lo•• ..itch .,llabl•• 
pan-glo•• r.group -g. 

You can continu. with this proc••• for a long ti... 

On. .ight .uppo.. this proc... to b. 
idio.yncratic to the doaain. an ob.cur. typ. of 
tran.fo~ation ha.ing little r.l••anc. to s.n.ral 
int.llig.nc.. Such an impr•••ion would, how•••r, 
b. quite wrong. a.call that Juabo'. d••p ai. i. 
to aid in deaon.trating the th••i. ·cognition .qual. 
recognition·. How an, .tud, of r.cognition r•••al. 
the inde.cribablJ fluid boUDdari.. of p.rcept. and 
concept.. Th.r. ar. thou.and. of wa,. of drawing 
the letter ·A· C.ee HOF-6), ,et w. r.cogniz. an, of 
the. at a glance. For an, ••ntal cat.gor, (concr.te 
one. like ·doS· and ab.tract on•• like •••taphor·), 
we immediat.l, recocniz. thousand. of in.tance., 
de.pite .a.t difference•. 

To recognize -- i .•.• to .atch &n ite. with 
a Platonic ab.traction -- there .ust b. rooa for 
flezing both the Platonic ab.traction and the ..ntal 
repre.entation of the thing ita.lf, to .ate th.. 
...t. What kind. of di.tortion are ••uibl.? 
aeadjust.ent of int.rnal boundari•• , r.us.....nt of 
connection .trength., and r.arrange••nt of part. are 
at the cor. of the r.cognition proc.... Thought'. 
fluidity e.aDate. fro. the nonrigidity -- the 
fluidity --of repr•••ntational .tructur... Th., 
have an abilit, to adju.t, to alter th.as.l••• 
.ffortle••l" to a••uae .any couforaation.. For 
fluidity to •••rge at a high 1 •••1, the und.rl,ing 
data structur•• au.t b. p.ra.ated b, an abilit, to 
.lip back aDd forth at the drop of a hat. 

It i. iaportant that this capacit, r ••id. 
inh.r.ntI, in.id. the .tructur. ite.lf: it au.t b. 
read, and willing to b. int.rnallJ r.conforaed if 
,ou ju.t -tap- it the right wa,. Th. t.ra ·chang. 
of r.pr•••ntation-, us.d in 80•• AI proj.ct., 
uaually r.f.r. to a ·r.a.oning .ngin.· con••rting 
on. r.pr•••ntation into anoth.r r.pr•••ntation. 
lith Juabo, bJ contrut, r.conforaability i. inh.r.nt 
in the .tructur•• th....h... P.rhap. the aajor part 
of the int.llig.nc. of the .,.t•• u a whole r••id•• 
in the hing.point. of ita data .tructur... Th. 
iaport of that k.J id.a go•• far b.JODd the confin •• 
of this on. doaain. 

It i • ., b.li.f that a n.arlJ constant 
background acti.ity of cr.ati•••inds i. a plaJful 
twi.ting-around of ..ntal .tructur.. of all .ort. - ­
turning th.. in.id. out or baci:lrard., regrouping 
part•••ruing or iu.rting n.W 1•••1. of .tructur•• 
ac.ing thing. back and forth betw••n 1•••1., and .0 
on. In .hort, taking full adYaDtag. of the fluidit, 
of th.ir ••ntal r.pr•••ntation•• and .iaplJ b.ing 
••uiti•• to unanticipated .id••ff.ct•. 

ElTROPT-IIClEASIIG TIlISFORMATIOIS 

If Juabo d .... it. lingl. top-l...l gloa 
un.atisfactor,. ite fir.t att.mpt.d reae4J will b. 
to cr.at. r.grouping and r.arrang...nt cod.l.t. 
and to gin th•• high urgenci... Thus, a bit of 
.huffling-about u illu.trat.d abo•• will tak. plac•. 
During thi., Juabo will aonitor the o ••rall happin••• 
of the cJtoplu.. If aft.r a whil. that happin••• 
hu not r.ach.d a .ati.factor, l.v.l, Juabo will 
alt.r it. prioriti•• and pour di.banding-cod.l.t. 
into the cod.rack. 

An uaaple of disbanding would be: .auh the 

word candidate into it••yllabl••• then .auh tho•• 

.,llabl•• furth.r into th.ir cluster-le••l 

con.titu.nt.. In the cu. of ·pang-lo •••• this 

Ji.ld.: .p., ·a-, .ng., ·1·, ·0·, and ••••. low 

on••aJ hope that .oa. fr••h glo .. will bubble up. 

If not, on. can di.band furth.rl 


Action cod.l.ta for di.banding are call.d 
·di••ol••r.·. A di.banding op.ration i. not 
und.rtak.n lightly••inc. it ri.k. d••troying a hapPJ 
gloa. Th.refore, a aualng cod.let .ust ch.ck the 
id.a out fir.t. and if it appro••• of the di.banding, 
it cr.ate. a di••ol••r -- but if th.r. i. hop. that 
aoa. g.ntl.r r ••edJ .ight .at. the cJtoplu. happi.r, 
it .ill u.ign the di••ol••r a 10. urg.ncJ. 

Ther. two .ort. of di••olnr.: targ.ted and 
nontarg.t.d. The fora.r i. al••d at a .pecific gloa 
that hu gi••n trouble for a whil.. Th. latt.r i. a 
beut who•••i ••ion i. to find All glo. and t.ar it 
into it. i ...diat. con.titu.nta. 

IbJ nontarg.t.d di••olver.? '.11, if you ha•• 
be.n troubl.d by a gloa that hu be.n unfruitful no 
aatter how JOu .huffl.d it about, on. waJ to r ••tart 
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quickly would b. ~o load up the cod.r~ck with ~ bunch 
of nont~get.d di.solv.rs. In ~ fl~h. th.y, not 
unlike ~ horde of hungry piranh~. will te~ th~t 
pesky glom fro. li.b to li.b, le~ving you to st~t 
out ~gain with a totally disorder.d cytopl~•. 

There is a problem her.. Suppose you put t.n 
nontargeted di.solvers in the coderack. and aft.r 
juat five have run, the cytoplasm has been reduced 
to raw lett.r.. Five nont~rg.t.d di••olv.r. re..in 
in the coderack. What's to prevent th•• fro. lat.r 
b.ing called upon to run. and ~t that ti•• totally 
ruining the n ••.•••rging ord.r? 

TEMPERATURE AND SElF-iATCBIla 

One way i. to have a global v~iabl. call.d 
the atemperatur.· of the cytoplasm. 10. wh.n the 
top-level glo.. are happy. and high .h.n th.y ~. 
unhappy. Th. h~ppiest .t~t. i. wh.n th.r. i. ju.t 
one single happy glom. Sinc. w. want to pre.erve 
such & state. this .tat. i. ~s.igned the ·fr••zing­
temperatur.. When the cytopla.m i. fre.zing, 
di••olving is prev.nt.d. 

When the cytopla •• i. boiling. nontarg.t.d 
di.solv.rs have p.r.i••ion to t.~ apart any glo., 
wh.r.as wh.n it i •••r.ly w~ra. th.y ~e inhibit.d 
(i. •.• have ~ low probability of c~rying out th.ir 
ai.sion) in proportion to the happin ••s of the glo.. 
they ~. attacking. Th. cytopla ••ic t.~.ra~ur. 
i. thus Jumbo'••quival.nt to the -mood" of .oci.ty 
regarding divorc.. Bigh t.~.ratur••ncourag•• 
split-up., 10. t.mp.r~ture di.courag•• th••. 

Cytopla.mic t.~er~tur. i. ~ v.ry gen.r~l 
concept. It provid.s quick global f ••dback about 
the system, h.lping ~o dynamically gov.rn ~he 
probabili~i•• of varioua kind. of ac~ivi~y. Th. 
temperature r.gulate. the d.gr•• of chao. in the 
system. sea.thing like the rod. in a nucl.~ reactor. 
Wh.n thing. st~t to get too wild, you lower ~he 
temperature a bit, and when ~hing••••• to b. going 
no.h.r•• you rai•• it and p~ in seae crazin••• 
[Smol.n.ky 1983]. 

T.~.r~~ur. will b. ua.ful only if k.p~ upda~.d. 
If no~ as•••••d fr.qu.ntly .nough. i~. ou~a~.dn••• 
could b. harmful. Now t.~.ratur.-••a.ur•••nt 
cod.l.t. auat vi. for r.cogni~ion in the cod. rack 
along with .v.rybody .l.e. Thi. bring. up the tricky 
qu••tion of how ~h••y.t•• k.ep. it••lf balanc.d. 
with .0 many co~l.x ~hing. h~pp.niDl a~ onc., all 
• ingling in the .am. cod.nell:. 

How can loop-like b.havior b. obviat.d? anI 
way il for ~h. .y.t•• ~o wa~ch i~. own cytopl... and 
coderack [Hof.tadtlr 19S2a}. and to ..t. sur. th~t 
if any loopin••• i. d.~.c~ed, pr.ven~iv. ac~ions ~. 
taken. Such st.pl. r•••di•• ~ ra1siDl or 10nZ'ing 
the te~.ratur••ay .uffic., a. would ch~iDl the 
valu•• of oth.r iapor~ant Ilobal v~iabl••• 

But how do••••If-monitoring r.~lly take plac.? 
Thi. i. ~. y.t unexplored ~erri~ory in Jumbo. Th. 
g.neral id.a i. ~ha~ th.r. .hould b. ~ way of 
.uam~izing ~h. cont.nt. of the cytopl~. and 
cod. rack in .i~l. ~.ras, .0 tha~ no d.tail.d 
••If-.crutiny i. n••d.d. For the coderack, a good 
.~~t .ight involve a ·c.n.u." d.~~iling what kind. 
of cod.l.~. ar. pr•••n~, and for .ach typ•• giving 
i~ perc.nt~ge of the totai urgency. For the 
cytoplas., li.~ing the ~op-level glo.. • app.~anc•• 
(l.tt.r ••quenc••) .igh~ b. a good b.ginning. 
That .ay. p.riodic and qu~i-p.riodic ~s••mbly and 
di.as••mbly of .tructur•• would b....ily d.~.ct~bl•. 
But ag~in, the tricky probl•• of ••If-r.f.r.nc. 
~ri••• : cytopl~.m-.~tch.r. and cod.r~ck-w~tch.r. 
auat th....lv•• b. cod.l.t., TJing like all cod.l.t. 
for tim.' 

Th••• ~wi.~y id... ~. not y.t i~l.aent.d. 
Cl.~rly th.y will b••ignifican~ in d.termining 
how Jumbo tun•• it••lf and thu. control. it••lf 
dynamically. Such f ••db~ck ••chani... off.r the 
pot.nti~l for gr.at fl.zibility and pow.r. bu~ th.y 
~. al.o v.ry tricky. Th.y ~r. r ••ini.c.nt. ill way•• 
of human con.ciou.n•••• aD alluring my.t.ry toward. 
which AI i••lowly moving [Hof.t~dt.r 1979. 1~81~. 
10S2d. Smith 1982J. M.chani... for ••If-w~tching 
are therefor••0aethiDl to look forward to in the 
d.v.loping archit.ctur. of Jumbo. 

A SELF-SENSITIVE. SELF-DRIVEl SYSTEM 

In Jumbo, th.r. i. no ~op-l.v.l -driv.r" ..ting 
d.ci.ion. ~bou~ what to do n.xt. The flow i. a 
function of "igh~. aDd random number.. not of 
c~r.ful consid.ration and r.fl.ction ~~ .ach 
.icro.copic branch-point. Thi••ake. Jumbo .ound 
.~upid.r thaD it i.. In lif., you of~en mu.t mak. 
a deci.ion raDdomly in ord.r no~ to g.~ bogg.d doWll 
in aD infinite r.gr.... At .0•• l.vel, r.fl.ction 
mu.t give w~y to r.fl.z. But thi. n.ed not b. 
di.a.trou., provided your r.fl.z•• ~. well-tailor.d 
on... Th~t i. the purpo.e of the ..igh~. -­
urg.nci•• -- at~ach.d to eod.l.~., and of the 
..a.ur•• of happin •••. 

Tog.th.r, urgencie. and happin ••••• guide 
Juabo·. proc•••iDl. Cl.~IT. the flow of control. 
to the .ztent th~t it i. deterainat., i. d.~.rain.d 
by urg.ncT valu... Iha~ d.t.rain•• ~ho•• v~lu••? 
So•• proc•••••• such ~ .p~k-g.n.rating cod.l.t., 
have fiz.d urg.ncie.: Oth.rs ••uch .. cod.l.~. for 
.park-evaluating, fl~h-.v~luating. and bonding. 
h~v. variable urg.nci... Th. vari~tion co.e• 
from the p.rc.iv.d mutual .uit.dn••• of the glo.. 
involved. Thi. in turn i. d.~.rain.d by ~h. 
IITRIBSIC AFFINITY of the .~ructur•• involv.d -­
a fiz.d f.atur. of EDgli.h -- and th.ir HAPPIIESS. 
Thu. happin ••••• and affini~i•• d.~.rain. the 
urg.ncy v~lu•• for bonding- aDd di.banding-cod.l.~•. 
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In this .ay. happin••••• aDd ur,.nci•• are 
intert.in.d. and they co.bin. to yi.ld a total 
outco•• that i. the overall. ob••rvabl. b.havior 
of the .y.t... Juabo thu. ...r,•• a. an .zqui.it.ly 
••If-••n.itiv. coll.ction of proc•••••: a coh.r.nt 
whole coapo••d of .any ind.p.nd.nt int.rwov.n 
• trand•. (S•• the ·Pr.lud•...Ant Fugu.- and co...nt. 
in [Rof.tadtar 1070] or (Bof.tadt.r 81a]. S•• alwo 
[Ruaelhart 10821. [Binton 10811 •••p.cially Chapt.r 
1. and [F.ldaan 1082].) 

EPILOGUE: .MIBl!·S (EPI)PBEHDMEXAL IITELLIGERCE 

Juabo'. int.llig.nc•• if ind••d it ~ any. 
cl.arly haa not b••n dir.ctly progr....d; rath.r, 
it •••rg•• a. a .tati.tical con••qu.nc. of the .ay 
that a&Dy .aall thing. that on. HAS d••ign.d interact 
with .ach oth.r. It i. like the ch••• proar" that 
·lik•• to ,.t it. qu••n out .arly· ••urpri.in, it. 
pro,rama.r••ho n.v.r .zplicitly put .uch a .trategic 
conc.pt into the progr... Dani.l D.nn.tt call. this 
an ·innoc.ntly .m.rg.nt- quality [D.nn.tt 1077]; I 
call it an -.piph.no••non- [Bof.tadt.r 1070. 1082c. 
1082d]. On. could th.r.for••ay that Juabo involv•• 
a third ••taphor: that of .tati.tical ••chanic•• 
• hich .splainl how aacro.copic ord.r can ...rg. 
fro••icro.copic chaoa. 

Thi. vi•• of int.lli,.nc. ,0.1 againat the grain 
of traditional AI .ork••hich •••k. to find .zplicit 
(non.tati.tical) rul•• ,ov.rnin, the flo. of thonght•. 
Th. hop. i. to d••crib. thoucht. at th.ir own l.v.l 
.ithout having to r ••ort to d••cribing biological 
und.rpinningl of th... It i. an adairabl. dr.... 
but it i. not a priori obviou. that auch la•••zi.t. 

I call thia the ·Bool.an Dr...• after Geor,. 
Bool••ho ••t forth an .l.gant calculus call.d 
"Th. La•• of Thought· [Bool. 1855l ••hich •• know as 
BooI.an alg.bra. I. the BooI.an dr... r.alizabl., 
Most AI people •••• to hope .0: .0•• ev.n fe.l that 
a clai. to the contrary i. an antilcientific clai•. 
I ••e thing. differ.ntly. My vi•• i. that AI 
and the Bool.an dr... are clos.ly r.lat.d but not 
•JDODJ1IIOU'. Thu. the p.ri.hing of the Bool.an 
dream .ould not b. a ••tback to AI, but .1aply a 
r.cognition that .0.. high-l.vel ••ntal ph.no••na 
are innoc.ntly ••erg.nt. Th. goal of AI .ould th.n 
.hUt fro. trying to capture the ·la•• of thoucht" 
in an el.gant aath••atical foraali•• to trying to 
und.r.tand the la•• ,ov.rning subcognitiv. event. 
(l.t UI call .uch .v.ntl "••ntalic.·) that 
collectively ,0 to .at. up cognition. or the 
dJDamic. of thinking. 

To .ua uttar. up, th.n, •• could lay that the 

shift.d burd.n of AI .hould .v.ntually becoa. the 

clarification of the .eaning of the follo.ing corny 

but hopefully catchy -.quation·: 


thinkodJD..ic. =.tati.tical .entalica. 

0, a nobl. dre..! 
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ABSTRACT 

Learning from observation requires a syste. 
to appreciate the significance of an event (or set 
of events) which are either fortuitous or part of 
another's planning process. Then the new events 
must be generalized into a new concept. We 
present a framework in which these processes can 
occur. The approach is called explanatory ~ 
acquisition. It involves knowledge-based general­
ization which can construct a first-pass general­
ized concept from just one input example. 

Ii!: .t.JIr.mll: Schema learning, machine learning, 
knowledge acquis1t10n, art1f1c1al 1ntel11gence, 
natural language processing, induct10n. 

I. INTRODUCTION 

There are two problema that the genera11za­
t10n process must face. The f1rst 1s to know when 
it should be applied. Clearly, every 1nput text 
ought not to cause the system to construct a new 
schema. Only -1nterest1ng- 1nputs should 1nvoke 
the schema acqu1sition system. The second problem 
is how to perform the generalizat10n. There are a 
number of subproblems here, for example, select1ng 
wh1ch events and objects should be genera11zed, 
impos1ng l1mits on the extent of genera11zat10n, 
and actually carry1ng out the schema construct10n. 

Br1efly, the approach can be summar1zed as 1) 
understand1ng the input, 2) evaluat1ng the f1ve 
generalizat10n cr1ter1a outlined above, and 3) 
poss1bly genera11z1ng the 1nput to a new schema 
based on the evaluat10ns of (2). The understand­
1ng phase 1s not s1gn1f1cantly different from most 
plann1ng-type understanders [Scba1dt & Sr1dharan, 
1977; Cullingford, 1978; DeJong, 1979; Kolodner, 
1980; Lebowitz, 1980] w1th one exception. The 
understander maintains data dependency supports 
[F1kes, 1975; Doyle, 1979] for all of the infer­
ences necessary to make sense of the input. This 
dependency network drives the genera11zation pro­
cess. The part1cular input representat10n 1s 
genera11zed as far as possible w1thout violating 
the dependency support structure. Violat1ng the 
dependency support structure would undermine the 
reasons the system had 1n be11ev1ng tbe story 

makes sense. Usually, input can be generalized in 
a number of different ways. The particular gen­
eralization selected is determined by fitting tbe 
input into a taxonomy of generalization tech­
niques. 

II. TO GENERALIZE OR NOT TO GENERALIZE 

There are five aspects to be considered when 
dec1ding whetber or not to generalize an 1nput 
1nto a new schema. By hypothesis we will assume 
that tbe input did not match an exist1ng scbema 
(if it had then the system already possesses tbe 
des1red schema and indeed that schema would have 
been used to process tbe story). If any of tbese 
five conditions does not bold, constructing a new 
schema from this input 1s inappropriate. 

The criteria are: 

1) Is the main goal of a charscter 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 effeotive as the otber known 
volitional schemata to achieve this goal? 

5) Does tbe input match one of the known 
generalizable patterns? 

These criteria are tested for all goals in 
the story. Tbe first criterion -Was the goal 
aohieved?- 1s self explanstory and easily judged. 
The second -Is it a general goal?- and tbe third 
-Are the resouroes ,enerally available?- reqUire 
some discussion. 

Novelty alone in an approach to achieving a 
goal 18 not sufficient to warrant COl18tructing a 
new schema. Consider, for example, a plot from 
the -Mission ImPOSSible- television series. Tbese 
plots are noteworthy in that they are very novel. 
They all use b1zarre methods to achieve rather 
peculiar 80als. Furthermore, they are always suc­
cessful. However, the soals 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 
&&ain. 

Clearly a new schema should be conatructed 
only it there 1s a reasonable expectatIon that It 
will be helpful In future process1ng. It a schema

Tb1s work was supported in part by tbe Air will never be used again, 1t should not be con­
Force Off1ce of Scientific Researcb under grant structed in the f1rst place.
F49620-82-K-0009 and in part by the Nat10nal Sci­
ence Foundat10n under grant NSF IST 81-20254. 
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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 soal whioh 
arises from general oonditions important to an 
individual's well-being and using readily avail ­
able resouroes is likely to result in an interest­
ing new schema, one which will arise again and 
again. For the solution, ve use an aspect of 
Sohank &Abelson's theory of planning [Schank & 
Abelson, 1977]. In their view ~ s1ve rise to 
the highest level goals (goals whioh are not sim­
ply subgoals in the aohievement of other goals). 
Interpersonal and ~ themes are what ve 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--vorked stu­
dent wife. This exemplifies the theme of taking on 
goals of others that one cares for. It is not 
neoessary to go beyond this theme in explaining 
the husband's aot1ons. 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 oon­
struot1ng sohemata that are muoh less efficient 
than similar already-known sohemata. In a natural 
language input this would ocour only if a oharao­
tel' 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 seo­
tion. 

III. TAIONOMY 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 

Volit1onalization 


In the first part of this section ve will illus­
trate each of these situations with an example. 

3. 1. ~ composition 

The first situation ve vill discuss is called 
~ composition. BaSically, it involves oom­
posing known schemata in a novel way. Typically, 
this vill involve a primary schema, essentially 
unohanged •. with one or more of its preoonditions 
satisfied in a novel way by other known. sohemata. 

To olarity the prooedure, oonsider an exaa­
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 sohema for kidnapping or 
extortion or any similar notion. We do, however. 
assume the knowledge of a considerable quantity of 
background information about stealing, bargaining, 
the use of normal physical objects. and goals of 
people and institutiOns. 

Paris polioe disolosed Tuesday that a man 
who identified himself as Jean Maraneaux 

abduoted the 12 year old d~ughter of 
wealthy Parisian businessman Michel Boul­
lard late last week. BQullard reoe1ved a 
a letter containing a snapshot of the kid­
napped girl. The next day he received a 
telegram demanding that 1 million francs 
be lett in a lobby waste basket of the 
crowded Pompidou Center in exchange for 
the girl. Aaking 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 offioe on Honday. 

In this story the primary schema is BARGAIN, 
a sohema which we assumed the system already knew. 
One of the preconditions specified in the BARGAIN 
schema is that each party to the bargain must con­
vince the other that he can indeed deliver his 
side of the bargain. For Maraneaux, this 
corresponds to making Boullard believe that he 
(Haraneaux) has control of Boullard's daughter and 
can, therefore, relinquish the girl to him. 
Maraneaux achieves this by actually establishing 
control over the daughter (via an instance of the 
STEAL scbema) and then sending Boullard a photo­
grapb. To tbe system, tbis is a novel way to 
satisfy BARGAIN's preoonditiOns. 

3.2. Segondary.l.Ul:l,g,t elentign 

Consider tbe following scenario: 

Fred wanted to date only Sue, but Sue 
steadfastly refused his overtures. Fred 
was on tbe verge of giving up vhen be saw 
what happened to his friend, John: John 
wanted to date Mary but she also refused. 
John started seeing Wilma. Mary became 
jealous and tbe next time be asked her, 
Mary eagerly accepted. Fred told Sue that 
be was soing to make a date with Lisa. 

Here Fred has not acquired a new schema; he has 
used an existing schema (DATE) in a new way. Tbis 
18 called seoondary effect elevation. Fred's DATE 
sohema already contains all of the knowledge 
necessarY for resolving his dilemma. The problem 
is that the normal DATE sohema is organized in the 
wrons way. In seoondary effeot elevation situa­
tions an eXisting schema is annotated indicating 
that the schema may be used to achieve a result 
wbich is normally neutral or negative. 

The main purpose of the DATE schema is to 
aatisfy certain reourrins social goals (like com­
panionship, sex, etc.). DATE oontains seoondarY 
effects as well. Tbese are often undesirable 
effeots accompanying tbe main, planned effeots. 
For example, one is usually monetarily poorer 
after a date. Another seoondary effect is that if 
ODe has an old girlfriend, she mal become jealous 
of a new date. 

What Fred learned from John'. experienoe is 
that it is oocasionally useful to invoke the DATI 
schema in order to cause one of its secondary 
effeots (jealousy) vhile oompletely ignorins the 
Usual main goal. 

Just as with schema composition, tbe existing 
schema is changed to reflect a ienereltzatioD made 
trom a specitio instance. In tbis case, the 



specific instance is Jobn's interaotions witb 
Mary. Notice, however, that Fred did not simply 
copy Jobn's actions. John actually made a date 
with Wilma wbile Fred only expressed an intention 
to date Lisa. This is not an earth-shaking 
differenoe, but in the context of dating it is 
extremely signifioant. In the normal DATE situa­
tion expressing an intention to date someone is 
not nearly 50 satisfying as an aotual date. Onoe 
modified for the purpose of causing jealousy, 
however, expressing an intention for a date and 
aotually carrying it out can be equally effeotive. 

One might arsue that the dist1notion between 
main and seoondary effeots of a sobema is otiose 
and, in situations such as thiS, even deleterious. 
After all, DATE already had all of the information 
necessary for'solving Fred's problem. If a system 
simply treats all of tbe effects of a sobema the 
same, then any effeot can be Singled out during 
the planning process to be used as the main goal. 
There is, however, a strong argument asainst this 
position. The possible desired effects of a 
sohema do not exist only within the schema itself. 
Tbey are used to organize and seleot among sche­
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 combinatorial quagmire 
of undifferentiated possibilities, most of whioh 
are Wildly implausible. For example, we do not 
want our understanding prooess to prediot that 
John will take a nap wben it it is told that John 
dated Mary. Given tbe input -John took a nap- the 
system ought to be able to justify it. However, 
it ought not actively predict it. Given the mul­
tiplio1ty of individual aotions making up tbe DATE 
schema (eaoh w1tb its own set of effeots) the vast 
majority of tbe effeots from this sohema (and any 
otber sobema) are simply irrelevant to overall 
planning and understanding prooesses •. Instead, we 
would like our system to single out the plausible 
volitional effeots of its sobemata and use only 
tbose for sobema orsanization and aelection. 
Tbus, in our example, Fred has oonstruoted, via 
secondary effeot elevation, a new use of tbe DATE 
sobema. 

3.3. ~ alteratipn 

Sobema alteration involves modifying a nearly 
oorreot sohema so that it fits the requirements of 
a new situation. The alteration process 18 
guided by tbe system's world model. This is 
illustrated by t~e following brief aneodote: 

I had ocoas1on to replaoe temporarily a 
broken window in my baok door with a ply­
wood panel. Tbe plywood sheet trOll wh10h 
tbe panel was to be out had a -sood- Side 
and a -bad- side (as does most raw 
lumber). Tbe good side was reasonably 
smootb wbile the bad side had several ruts 
and knot holes. I automatically examined 
both sides of the sheet (presumably sa 
part of my SAWING or CUTTING-A-BOlRD-TG­
FIT sohema) and seleoted the good side to 
face into the house with the bad side to 
be exposed to tbe elements. After I bad 
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cut the panel and fitted it in place I no­
t10ed that several splinters had been torn 
out leaving ruts in the -good- side. I 
i ...d1ately saw tbe problem. Hand saws 
only cut in one direction. With hand 
saws, the downward motion does the cutting 
while the upward motion only repositions 
the cutting blade for another downward mo­
tion. I had cut 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 surfaoe 
of tbe board. Since tbe good side was the 
lower surface, it suffered the loss ot 
splinters. It I had to perform the same 
action asain, I would not make tbe same 
II1stake. I would cut the board with the 
sood side fao1ng up. However, what I 
learned was not just a simple specialized 
patoh to handle this part10ular instanoe 
of splintering. S1noe I knew the cause of 
the splintering, I knew that it would not 
always be a problem: it is only a problem 
wben 1) tbe lumber is prone to splinter­
ing, 2) tbere is a -good- side of tbe 
board that 18 to be preserved, and 3) one 
is making a crosscut (aoross tbe wood's 
grain) ratber than a rip cut (along the 
grain). Horeover, tbe solution is not al­
ways to position the wood w1tb the sood 
side up. My electric saber saw (also a 
reciprocating saw) cuts during tbe 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 
sufficiently poor quality sheet ot plywood 
splintering would likely always be a prob­
lem. Rather, these are useful heur1stios 
that lead to a refinement of the SAWING 
schema. 

Hote that this refinement to tbe SAWING schema is 
far more general than required to handle the 
particular problem that gave rise to it. The 
refinement oontains contingencies relevant to the 
use of saber saws even thougb no saber saw was 
used in the immediate problem. Tbis is possible 
because the refinement is driven by world model, 
not just the problem. The SAWING schema was 
altered by identifying and elill1nating the otfend­
ing cause in tbe underlying knowledge-based expla­
nation of the phenomena. 

This situation involves transforming a schema 
for which there is no planner (like VEHICLE­
ACCIDENT, ROULETTE, eto.) into a schema whicb can 
be used by a planner to attain a speoifio goal. 
Consider the following story: 

Herman, who was married to Joy tor 15 
years had tallen in love with his secre­
tary, Heather. When Joy retuaed to di­
vorce him, Herman out a hydraulic brake 
hose in Joy's car. The next t1ll8 she 
drove down tbe winding road to tow she 
lost control of ber car and struck a tree. 
The car burst into fl...s. 
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This story describes a vehicle accident. 
However. unlike most vebicle accidents. this one 
has an active agent. Tbe VEHICLE-ACCIDENT scbema 
is normally non-volitiQnal. Tbat is. it dictates 
what to expect in a vebicle 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 whicb vas 
previously only attributable to accidental causes 
can. in fact. be contrOlled. Tbus, a volitional 
counterpart can be constructed for the previously
non-volitional schema. Tbis new volitional scbema 
has certain effects that can be labeled as its 
main goals, new constraints on tbe actors and 
objects, etc. It is. in fact, a new scbema in its 
own right. Furthermore. using the underlying 
explanation of the story to drive tbe generaliza­
tion process, tbe schema can encompass situations 
significantly different from tbe one described in 
the story. For example. it sbould handle a story 
about a student weakening tbe steering rod of a 
professor's car after receiving a failing grade. 

IV. AN EXAMPLE 

Here. we give an example of tbe first-pass 
implementation of the system. It illustrates a 
new schema acquired by volitionalization. Tbe 
system does not have a natural language front end. 
Tbe inputs are given in conceptual form. Tbese 
are denoted by lines starting witb ·Processing--­
•••• Tbere are just four inputs. Englisb versions 
of the inputs are given below. For readability, 
tbis output is a sligbtly altered form ot tbe 
program's output. The system generates many more 
GENSYHed atoms and refers to tbem by tbeir GENSYH 
names. Tbe GENSYHs have been replaoed witb 
mnemonic symbols. 

ENGLISHIFIED INPUT: 
1) CLAUDIUS OWNED AN ISLAND ESTATE. 
2) AGRIPPINA FED CLAUDIUS POISONED MUSHJIOCIIS. 
3) CLAUDIUS DIED. 
4) AGRIPPINA INHERITED THE ISLAND ESTATE. 

The first input 
Processing---(tPOss (ACTOR -CLAUDIUS-) 

(OBJECT (-ESTATE-» 

New Schema--S00001 UPOSS (ACTOR -CLAUDIUS-) 
(OBJECT -ESTATE-» 

Setting bindings and l1Dks 
New Schema---SOOOO (tDESIRE-FOR-HlTERIAL-THIlGS

(ACTOR -CLAUDIUS-) (OBJECT -ESTATE-» 
Setting ~indings and liDks 

Tbe second input

Processing---(tFEED (ACTOR -AGRIPPINA-) 


(OBJECT -POISON- TYPE -MUSHROQMe» 


New Schema--SO0003 UFEED (ACTOR -AGRIPPINA­
(OBJECT -POISON-) (TO -CLAUDIUS-» 

Setting bindings and liDks 
New Schema---SOOOOS (tEAT (ACTOR -CLAUDIUS-) 

(OBJECT -POISON-) 
Activated by SO0003 
Setting bindings and 11Dks 

tEATing poison brings in tbe polson scbema. We 
call it NAIVE POISON to remind ourselves that 
it Is an incomplete scbema containing 11ttle 
more tban wbat is needed for tbis story. 

New Scbema--SOOOO6 (tNAIVE-POISON (ACTOR 

-AGRIPPINA-) (INSTRUMENT -MUSHROOM-) 

<OBJECT -CLAUDIUS-)


Activated by SO0003 

Setting bindlngs and liDks 


New Scbema---SO0007 (tHOVE (ACTOR -AGRIPPINA-) 
(OBJECT -MUSHROOM-) (FROM (OUTSIDE -CLAUDIUS-) 
(TO (INSIDE -CLAUDIUS-») 

Actlvated by SO0006 

Setting bindlngs and llDks 


New Schema---SO0008 (tBODILY-HAIM (OBJECT 
• -CLAUDIUS-» 


Actlvated by SO0006 

Setting bindings and liDks 


New Schema--SO0009 (tHEALTH (CREATURE 
-CLAUDIUS-) (STATE (-VAR- S1») 


Activated by SOOo08 

Setting blndings and liDks 


New Schema---S00010 (tINGEST (ACTOR -AGRIPPINA-) 
(OBJECT -POISON-) (TO -CLAUDIUS-» 


Actlvated by SOOOO6 

Settlng bindings and 11Dks 


Tbis tDEATH 18 predicted by tbe poisoning 
New Scbema--SO0011 (tDEATH (OBJECT -CLAUDIUS-» 
Aotivated by SO0006 
Setting bindlngs and 11Dks 

Old Schema---SO0009 (tHEALTH (CREATURE 
-CLAUDIUS-) (STATE -ALIVE-» 


Aotivated by SO0011 

Setting bindings and 11Dks 


New Schema---SO0012 (tHEALTH (CREATURE 
-CLAUDIUS-) (STATE -DEAD-» 


Aotivated by SO0011 

Setting bindings and l1Dks 


Alternatlvel,. Claudius might only beoome 111. 
Tbis is also predicted. 


New Schema---SOOO13 UIlAUSEA (ACTOR -CLAUDIUS.» 

Activated by 800006 

Setting bindings and 11nk8 


It Claudlus dies, Agrippina m1&bt have planned bl. 
deatb. 

New Scbema---SO00111 <tNAIVE-REMEDITATED-MURDER 
(ACTOR -AGRIPPIIA-) (OBJECT -CLAUDIUS-» 


Aotivated by SOo006 

Setting blndings and l1Dks 


Old Schema---SO0011 (tDEATH <OBJECT -CLAUDIUS-» 

Aotivated by 80001_ 

Settlng blndings and 11Dk. 


Old Schema--.. S00006 (tIAIVE-POlSOH (ACTOR 
-AGRIPPINA-) (INSTRUMENT ~SHROOM.) (OBJECf 
-CLAUDIUS*» 

Activated by SO001. 

Setting blndlngs and l1Dks 
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New Conjunction Node--SO0015 CUD (.DEATH 
(ACTOR -CLAUDIUS-» (NOT (.PUNISH (OBJECT 
-AGRIPPINA-»» 

Old Schema---SO0011 (.DEATH (OBJECT -CLAUDIUS.» 

The third input 
Processing---(.DEATH (OBJECT .CLAUDIUS-» 
~ld Schema---SO0011 (.DEATH (OBJECT -CLAUDIUS-» 

This matches the dying prediction. Thus, very 
little processing must be done. 

The fourth input 
Processing---(.NAIVE-INDIVIDUAL-INHERIT 

(HEIR -AGRIPPINA-) (BEQUESTS -ESTATE-» 

New Schema-..-SO0018 (.NAIVE-INDIVIDUAL-INHERIT 
(HEIR -AGRIPPINA-) (BEQUESTS -ESTATE-» 

Setting bindings and links 

Old Schema---SOOOOl (.POSS (ACTOR -CLAUDIUS-) 
(OBJECT -ESTATE-» 


Activated by SO0018 

Setting bindings and links 


Old Schema---SOOOll (.DEATH (OBJECT -CLAUDIUS-» 
Activated by SO0018 
Setting bindings and links 

New Schema---SO0021 (.HEALTH (CREATURE 
-AGRIPPINA-) (STATE -ALIVE-» 


Activated by SO0018 

Setting bindings and links 


Old Schema---SO0012 (.HEALTH (CREATURE 
-CLAUDIUS-) (STATE -DEAD-» 


Activated by SO0018 

Setting bindings and links 


New Schema---SO0022 (.TRUSFER-OF-POSSESSION 
(FROM -CLAUDIUS-) (TO -AGRIPPINA-) (OBJECT 
-ESTATE-» 

Activated by SO0018 

Setting bindings and links 


Old Schema---SOOOOl ($POSS (ACTOR -CLAUDIUS-) 
(OBJECT -ESTATE-» 


Activated by SO0022 

Setting bindings and links 


New Schema---SO0025 C.POSS (ACTOR -AGRIPPINA-) 
(OBJECT -ESTATE-» 

Activated by SO0022 
Setting binding. and links 

Finally. the sy.tem ha. a motivation tor tbe 

IIW'der. 


New Schema--S00026 (.MATERIAL-DESIRE (ACTOR 
-AGRIPPINA-) (OBJECT -ESTATE-» 


Activated by SO0025 

Setting bindings and link. 


VOLITIONALIZATION TRIGGERED 

NEW SCHEMA V00035: 

(FORM SCHEMA 

(VARS (BENEFACTOR (-VAR- V00031) 


PRIOR-HEIRS (-VAR- V00033) 
BEQUESTS (-VAR- V00029) 
HEIR (-VAR- V00030) 

ACTOR (-VAR- V00030) 
OBJECT (-VAR- V00031» 


(POINT-OF·VIEW (-VAR- V00030» 

(GOAL V00032) 

(ACTIVATE 


(V00032 (.POSS (ACTOR (-VAR- V00030» 
(OBJECT (-VAR- V00029») 

V00033 
(.NAIVE-INDIVIDUAL-INHERIT

(BENEFACTOR (.VAR- V00031» 
PRIOR-HEIRS (-VAR- V00033) 
BEQUESTS (-VAR- V00029) 
HEIR (-VAR- V00030» 

YO0034 
(.NAIVE-PREMEDITATED-MURDER ACTOR 

(-VAR- V00030) 
OBJECT (-VAR- V00031» 

(COMPLEX (V00033 V00034»») 

V. CONCLUSION 

The example show. a new schema acquired by 
the system. The torm ot thi. schema is identical 
to those pre-programmed into the .y.t... The only 
ditterence i. in the mn..onic naming ot variable•• 
There are ..veral problem. with thi. 
t.pl..entation which are the subject ot current 
re.earch. Fir.t, there i. an inadequate treatment 
ot tt.e. Tbe .yst.. assumes (whenever it cares) 
that tbe input. are presented in the same order as 
the events tbey report. Tbe syst.. pertoraa 
(throup sch..a expansion) a good deal ot cauaal 
analysis. This also implies some t ..poral order­
ings. However, by and large, ditticult time prob­
le.. do not surtace tor this simple .tory. A 
seoond problem is witb variable con.tratnts. This 
impl.mentation does very little reasoning about 
objects. Host of its g.n.ralization i. parformed 
on constituent .v.nts rath.r than the obj.ct. par­
ticipating in those ev.nts. Th.s. gen.ralizations 
(such as generalizing POlSOR to MURDER) ....ed 
l ••s obvious and theretor. more inter.sting. 
FUrtb.rmor., tbere bas been pr.vious work on gen­
eralizing obj.ots [Fikes; 1972]. Finally. there 
ia a good deal ot work to be done on goal maD1pu­
lation ot story characters and on .chema repr.aen­
tation. The representations used h.re are ad hoc 
and cannot .asily handle the next task we have 
chos.n (a sequenoe ot kidnapping stories). 

Unlike more correlational approaches [Michal­
ski, 1971; Fox. Reddy. 1977; Langley, 1981], tbe 
prooedure is capable ot constructing a sohema trca 
one input exampl.. Nor is the procedure -failure­
driven- [tolOdner, 1980; Lebowitz, 1980; Schank, 
1982]. Nor ia it prt.arily analogical [Winston, 
1980; Carbonell, 1982]. The LEX sy.tem [Mitchell, 
Utgoft I Banerji, 1983] is also a significantly 
ditterent approach. In that syst.. concepts are 
acquired that are judged to be u..ful tbroup 
search and experimentation not tbrough an analysiS 
ot why an operator was useful. In explanatory 
schema acqUisition concepts are formed entirely on 
the basis ot thia kind of analysis. The 
knowledge-based concept approach owes much to 
Soloway [1911] and Lenat (1916]. 
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ABSTRACT 
Automatic conc{'pt learning Crom large amounts or 
complex input. data. is an interesting and dirri('ult 
proc{'ss. In this paper we discuss how the use or a 
permanent, generalization-based, memory can serve as 
aA important tool in denloping programs that learn in 
rkh IIIput domains. Its use allows programs to 
d~termine what concepts to learn, as well as definitions 
of the concepts. We present in this paper a 
characterization of our research, and then describe our 
use or Gen{'ralizatioll·Based Memory in two programs 
undl>r development tl.t Columbia, UNIMEM and 
RESEARCHER, and describe how they perform concept 
evaluat iOll and genera.lizat.ion or C'omplex structural 
desC'riptions. problems typical of those we are concerned 
with. 

Key Terms: Learning. aut.omatic concept formation. 
~enl'rlllization, Generalization-Based Memory, intelligent 
mformation systems, artiCicial intelligence, cognith'e 
sdt:'nee. 

1 INTRODUCTION 
Automatic concept learning in the form or 
genl'ralization has been shown to be useful in 
interpreting and organizing large amounts of 
information about a domain ILebowitz 80; Schank 82; 
Lebowitz 83a1, as well as being an interesting task in its 
own right. nl'cently, we have been concerned with the 
development of new methods of concept Cormation that 
make use or rermanent memory and include the 
determination 0 what concepts to learn, as well as the 
deCinitions of the C'ont'epts. In particular, we have 
concentrated on the J)roblems of concept formation from 
a strMm of input that is complex In any oC several 
difCerent ways. In this paper, we will detail the class or 
problems we are addressing, present the basic learning 
tl't'hnique that we use, known as Generalization-Based 
Memory (GBM}, ;lnd indicate solutions to some of the 
spl'ciCic problems that are involved. 

!\fut'h of the t'oncept learning research that has been 
dnne in Artificial Intelligence has consisted oC either 
supplving programs with examples, and possibly 
t'ounter-examples, oC specified conC'epts and having these 

IThill research was supported in part by the DeCense 
Advant'l~d Rcst'arch Projects Agf'ncy under t'ontraet 
NOOO:U}-82-C·O~27. Comments by Kathy MC'Keown on 
an earlier draft of this paper wpre most lielpCul. 

pro~rams dt·termine d{'Cinitions of those con('epts 
( 1\\ inston i2: Mit.ehell i8], ror examp'le) or of uSing 
Ia.rgt·ly analytic te('hniques t.o classify in~ut (e.g., 
IMit'halski 80; Langley Sill. In "real-world' settings, 

th{' ('fucial conC'epts to be learned - those that best help 
explain and organize information about a domain .- are 
not pre-supplied; rather, it is necessary to determine 
these concepts from a stream of v{'ry complex input 
data. Consequently, our research concentrates not just 
on how to compare examples, but also on methods for 
dl'tl'rmining what examples to compare, which largely 
determines what t'oncepts to t'reate. 

To t3k{' examples Crom various programs we have 
work~d on, we will look here at how intelligent systems 
t'ould extract from complex input streams 
gt'neralizat.ions such as: "States that have high st'hool 
expenditures have high per capita incomes" ~from 
information about the states of the United States; "A 
large class oC disk drives use nexible (noppyl iscs" 
(from pa.tent abstracts about disk drives); or "Terrorist 
attacks in Northern Ireland are Crequently carried out 
by the IRA" (Crom news stories about terrorism), to the 
same extent that people do. 

We desrribe h{'re a powerful memory organization and 
concfopt learning technique, Generalization-Based 
Memory. GB~I was developed for the computer program 
IPP ILf'bowitz 80; LebOWitz 8311.1, based on intuitions 
about how complex human episoaes might be stored in 
memory in a manner analogous to Schank's MOPs. 
[SC'hank 82; Kolodner 801. We will discuss the 

advantages gained b)' using the same technique in a 
more traditional concept learning environment or for 
intelligenC'e inCormation systems that involve complex 
streams of inl,>ut. Our presentation or the J)roblems of 
cont'ept learning Crom complex input is be done in the 
contt'xt or two intelligent inCormation 9stems being 
developed at. Columbia, UNIMEM and RESEARCHER, 
both of which use GBM. 

UNIMEM is a program that can accept a large quantity 
of relatively unstructured facts about a domain, use 
geueralization techniques to determine important 
cont'epts. and use these concepts to organize the 
information in a fashion that allows further 
generalization and intelligent question answering. For 
example, iC inCormation about the states in the U.S. was 
given to such a program (a domain used in prototfpe 
testing), the program mij!;ht determine that New 
England states, or states With large education budgets 
were userul concepts. UNIMEl\f is being used to study 
probl{'ms that can arise when the individual items used 
for lE'arning are not highly structured, each consisting 
simply or a set or dE'Scriptive features. 
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Th(' problellls !n forming conrep~s Crom, complc,x i"nput 
data involved In ollr resear(,h with UNIMEM Include: 
I he impact oC domain-dependent knowledge on concept 
learning; categorizing numeric input inCormation so that 
gent'ralizatioll is possible; concept, evaluation ,and 
refinement Crom Curther examples; uSing concepts that 
very slightly rontradict 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 Cor using GBM and ror 
evaluating concepts in the context oC UNlMEM, 

HESEARCHER [Lebowitz 83bl, in contrast with 
U;-";I~IEM, deals with highly structured, physical 
desrriptions oC devices, RESEARCHER ·reads patent 
abstrarts in natural language Corm, and then remembers 
and gene~alizes inCormation r~om these te~ts. 
lindcrstandmg raten.ts tends to requ!re complex physical 
desrriptions 0 objects. I~ thiS, paper,. we use 
RESEARCHER as a context In which to diSCUSS the 
problems oC comparing complex, highly structured 
representations. 

Figure 1 l>hows some typical concepts generalized by 
each oC the Generalization-Based Memory programs 
mentioned here. The IPP and UNL\1EM ~eneralizations 
were actually made by the programs {although the 
English was generated by hand}, ,an.d the 
RESEARCHER examples show what we are aiming Cor. 

IPP Concep.ts: 
Bombings in EI Salvador cause damage, but do 
not orten hurt anvone. 

Urban terrorists iii Italy' frequently use 
silencer equipped pistols. 

UNIMEM Concepts: . . 
St.ate ('lass - Hig:h urban percentage, low mmonty
pen'entage, moderate income, low taxesJmanuCacturing important [RI, NJ, TX, 1\11, FLA, OH) 

State das;; _. High value oC Carm.land, Cairly hjgh 
popu lat ion manuCacturi~jkaJ;rlcultureJJouflSm I 
Important tNC, ARK, TENN, MINN, wISC, VA, MO 

RESEARCHER Concepts:
Floppy disk drive 

Double density disk drive 

Fully enclosed disk drive 

Figure 1: GBM Concept Examples 

In the remainder of this pap~r, we describe ~ow our 
research relates to other work 10 concept Co~mat1on, and 
present an overview oC our concept learn~ng.methodsz
ron('entrating on our use. of Generahzatlon-Basea 
Memory. Finally, we desCribe t~e .way we handle 
('one cpt evaluation and generahzatlon oC complex 
structural descriptions, problems typical of those we are 
concerned with. 

2 COMPLEX INPUT DOMAINS 
The intelligent in.rormation ~ystem~ we are develop}ng 
basi('ally engage 1D what IMl(~halskl 831 calls multIple 
concept learning from observation (descriptive 
generalization), in that these programs are ~iven large 
number oC examples, with no pre-specification oC the 
concepts to generalize, and they acquire sets of concepts 
by deciding what instances to compare !'ond how such 
examples are similar. The concepts derived ar~ oCten 
overlapping, in that many concepts can describe the 
same example. 

The tasks or our progra'!ls..also involve as.J>~cts of 
Michalski's cOllcept acquIsItIon. In additIOn to 
d~termining the properties of instances in the dasses 
that they create they Cit objects to those cl~ses. There 
are I'lemcnts in our programs oC both observmg patterns 
in data and developing discriminant descriptions of the 
c1ass('s thereby derived. 

Our rcsearrh is characterized by several other 
properties, all somewhat novel for working systems, b~t, 
we fe('l, rrucial to the development of usef~l, dynaml~, 
information sl'~tems. We look at learning that IS 
jtlrremwlal. It is not possible in systems tbat are 
rontinually re~~iving .input to wait Cor. all examples to ~e 
available Cor lIlspertlOn before ('reatJ~g concepts. We 
require that aCter every example IS processed, our 
systems hav~ made the best possible generalizations 
based on the input that bas been processed so Car, 

We expect that our systems will ultimatelx deal with 
large numbers of examples. It is the a~llity to deal 
with ml\ny examples and many concepts slmulta~eously 
that gives human learning the power ~e would h~e our 
Syst('DlS to have. No method that requlfc~ comparls0!l of 
a new instance with all, or a large portlo~ of, prevIous 
examples will.be a.cc~ptable, for. computatIOnal rcasons. 
Even eomparlson With generalized concep.ts mu~t. be 
done in a principled way. Weare, ID. ad.dl.tlon, 
sometimes conrcrned with cases where the mdlVldu~1 
items to be ~eneralized are themselves eomplex, as In 
RESEARCHER. 

The final parameter that characterizes all our. wo~k is 
that we are dealing with "pr~gmatic" general,zahor;as. 
That is, we are conrerned With <;oncepts that descrd~e 
what is usually, but not necessarily alway~, tr';1e. ThIS 
means, crucially. that meth.ods th,at Invahdate a 
generalized conrcpts on the basiS <?C a slOgle example ~re 
not arceptable. In the same velD. we do not require 
that every conrept that could legitimately ~e 
genera.lized be found. The rlass of p,r~g.mat,lc 
generalizations provides more power and nexlbdity. 10 
reprt'Scnting what it is possible to learn about a rich 
domain. 

We feel that methods for dealing with the type of input 

. described here will be necessary in developing s>:stems 

that take Cull advanta.ge of the large qu.antitles oC 

complex inCormation we are now able to prOVide them. 

3GBM 
In this section we provide an overview oC the techniques 
used to ror~ roncepts as part of maintaining a 

http:advanta.ge
http:concep.ts
http:Concep.ts
http:raten.ts
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Genernlizatioll-Based Memory. For clarity, we describe 
the wav the process works in UNIMEM, but the main 
te("hniqut's arc identical in IPP and RESEARCHER. 

The basic idea of Generalization-Based Memory is that 
a generalization begins to create a hierarchy or concepts 
that describe a situation Crom a small number or 
examples, and then records in memory specific items, 
both those that the concepts are generalized rrom and 
further examples, in terms of the generalized concepts. 
~fore specific generalizations are recorded along with 
spe('iric examples under the more general cast'S. GBM 
involvt'S identifying and defining mUltifle concepts, as 
opposed to maintaining a single model 0 a concept. 

In ordl'r to standardize our terminology, we refer to the 
objects stored in memory, i.e. the input examples, which 
are used to build generalizations, as instances. In 
l'~I~fEM these are descriptions of objects in a domain. 
An instance is described in UNIMEM terms or a set or 
features (essl'ntially property/value pairs). As we will 
sep. REsE:ARCHER Uses more complex descriptions of 
inst :mces. The combinations or generalizations, 
themselves sets of features, and the events and sub:: 
~l'ner:llizations they organize are called GEN.NODEs.2 
\.;EN· NODEs Corm the basis of GBM. The structure or a 
typical GEN-NODE is shown in Figure 2. 

GEN-NODE 
descriptive features 

sub·GEN Instance 
D-NET D-NET 

IJa~ances under 
this GEN·NODEIII--------_.._.--------­

Morel ~jeeine
GEN-NODEa 

Figure 2: Schematic GEN-NODE 

Gl'n('ralization-Ba.<;ed Memory consists basically of one 
or more hierarchies of GEN· NODES that describe 
con('epts of increasin~~speciricity. As shown in Figure 2, 
instances and sub-GEN-NODEs are stored under each 
GEN-NODE using discrimination networks ID-NETs) 
!Chnrniak, et a1. 801. (Note that a GEN-NODE can 

organize both instances and more specific GEN­
NODEs.) D-NETs provide an efficient waf to retrieve 
allY object stored with a given set of indiCes. In tbe 
GH!\I model. evt'ry feature of an instance or sub·GEN· 
NODE is initially used as an index, resulting in shallow, 
bushy D-r'mTs that allow retriev!,1 of an object, giyen 
anyone of its features. The resultmg plethora of In3lces 
is pruned by ceasing to use ~ in.dlces. features that 
pertain to a large number of objects In a given D-NET. 

The use of a hierarchy or GEN-NODEs with D-NETs as 
a method of memory organization allows efficient 

2GEN.NODEs were called S-MOPs in IPP, as tbel 
are, in soml'· sense, ;-pecialized versions or Schank s 
Memory Organization Packets [Schank 821· . 

storag(' of inCormation, since inrormation in a. 
generalization does not have to be repeated ror each 
tnstance 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 rurther 
r;eneralizations. This property of GBM is largely 
IDdependent or the specific knowledge representation 
being used. 

The process of maintaining GBM, wbich 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 Cound. This is 
done easily and efficiently, using tbe 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. It there are enough
such features (one of many adjustable parameters or the 
system). a new concept 15 generalized, and the 
contributing instances indexed there. Otherwise, the 
new instanc3 is simply stored under the existing 
GEN-NODE. 

Two further important features characterize CBM. 
Sinc(' concepts are generalized 011 the basis of few 
instanct'S, tliey must be evaluated to eliminate over· 
g('neralization (including the elimination of whole 
conc('ptsj. This is discussed in Section... The second 
f('ature is the use or an idea known as predictability. 
While sp'ace does not permit a discussion of 
predicl.abtlity here (see !Lebowitz 8311.1), the basic idea is 
that only the presence of some features or a concept in 
an instance indicate the relevance of the concept, and 
that these Ceatures can be identified quite easily using 
GUM. 

To summarize GBM satisfies handles tbe domain 
characteristics described in S(>('tion 2 as Collows: 

1) GBM is inherently incremental. As each instance is 
added to CBM. the best possible concepts that can be 
generalized so rar are made. 

2) GBM is ideal Cor handling large numbers of 
e~aml'les. The use or a bierarchy of concepts that 
orgamze 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 concepts generalized in GBM are "pragmatic". 
No concept 15 removed by a single counter-example. but 

&rhe process is actually a bit more complex, as a 
givE'n instance can be stored in multiple spots in 
m('mory ror two dirrerent reasons. An mstance can 
either be classified initially in several different ways,
each or which would indicate a j!laee to store it, or 
scv('ral diCCrrent "most. spc('ific" Gt:N-NODEs might be 
found each of which would lead to the processing
describ('d in the text . 



180 

illstl·ad. the process described in the next section is used 
to evaluate all eoncepts. The generalization process is 
also pra~matir be~ause it can sometimes miss concepts 
that could be found by comparing instances that were 
stored in widely different parts of GBM, but this seems 
a reasonable trade-orr to avoid combinatoric numbers or 
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 mformation about each 
instance. Thus, we reguire each concept learned to be 
(·valuatl!d over time. For each generalization made by 
UNIME,\I, an evaluation process continually looks for 
J3t~r instanct'S ror which the generalization might be 
r(~lcvant.. This occurs as a normal part or the memory 
update process. since t.he j!;eneralizatlons to be evalua.ted 
a.re exactly those that might be used to store the new 
instances. UNJMEM checks whether a relevant 
generalization is confirmed or contradicted by each new 
instance. 

A new instance found by UNLMEM is considered to 
contradict an applicable concept ir it possesses a 
prl'dict able rca.ture indicating that the concept is 
relcyunl, but also another feature with the same 
property as the concept hmch as the region of a state), 
but with a dirferent value (Midwest instead of East, 
perhaps). When this condition occurs, confidence in the 
concept is undermined. 

Early versions of confidence ror generalizations in GBM 
simply involved adding or subtracting _points from a 
numeric confidellce level for each GEN-NODE, resulting 
in a property much like the ronfidence in conclusions 
discussed in [Collins 181, or the confidence in rule 
application used in some expert systems. In a domain 
rich in information this technique will not do, as there 
will almost always be extraneous information in each 
generalized concept, as the result of inevitable 
coinddences, 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 C(.Ist, hopefully occurring as a natural part 
of the memory update process, and requiring only a 
small amount of extra record-keeping. 

The solution devised for UNlMEM is straightforward. 
Instead of ke~pin-, a single confidence level as part of 
each GEN·NODE, UNIMEM tracks bow often each 
feature or a concept is confirmed or contradicted. In 
efrect, a confidence level is maintained for each reature 
of each cOllcept, rather than a single value ror an entire 
concept. 

Sp('ciCirally a ('oullter is maintained ror ea.ch feature or 
each g('nera.lization and these counters are incremented 

or decremented as their features are confirmed or 
contradicted, respeetively. in a situation where a 
concept is deemed relevant. The counter modification 
occurs as UNL\1EM determines which GEN-NODEs best 
describe !\ new instance, as described in Section 3. If a 
counter passes a negative threshold, then we can 
eliminate the feature from the generalization, since the 
feature has been wrong much more often than right. 
We sometimes have to eliminate entire generalizations 
when too many of their features have been eliminated. 
Dt>tails of this process, and an example of its allPlication 
in the domain of football plays, can be found in 
[Lebowitz 821. 

When this scheme was added to UNJMEM, it proved 
quite l'rrective in culling extraneous features from 
gent>ralizations, and only totally disconfirming those 
concepts that were completely the result of 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 Sta.tes. 

Figure 3 illustrates a concept (GNDl) generalized by 
UNIMEM. In it, the third column of each feature Jthe 
valu(') indicates a cateFjorr. derived from numeric ata 
by a method described In ILebowitz 83c]. For example, 
the first feature of the generalization is that per capita 
inrome in the relevant states is in the third of four 
categories, i.e., rather high. Roughly, the concellt 
generalized here describes states with moderately high 
per capita income. rather low taxes, high school 
expenditure, and fairly 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. 

GlDt: 
IICDIE 
TAlES 
SCHDOL-EIP 
1110RITI-PCT 

RlIGE 
LliGE 
RlIGE 
RAiCE 

IICS:4 
TAlII: & 
SCRS:S 
1111:11 

Orlu1l1ll: lOlA. ums. MICHIGAI·. 100TAll,
IUBlSO, PUIS1LYAlIA, TEllS 

Flaure a: 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 order). Notice that 
these states are similar in a number of additional ways, 
e.g. they are both fa.rm states, so UNIMEM initially 
generalized nn over-general, and not widely al'plicable, 
concept. These extraneous features were ultimately 
removed by the evaluation process described in this 
section, leaving a much more useful concept. 

GID!: 
CRIIE-R1TE RAlQE CRlS:& 
STATE-DEBT RAIGE DUll:?
IICOIE RlIGE ncs:4 
TAlES RlIGE tAla:'
IIGRATIDI-IIT RAIGE IIG1 :11
SCHOOL-EIP RAIGE SCBS:I 
ST1TE REGIOI FWI 
IIIORITT RlIGE 1111:11
Orlu1111, • lOll IEBRlSll 

Flaure 4.: Initial Generalization 

Finally, in Figure 5 we show how UI\'1MEM was able to 
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g('IH'rali~e more sl>cciric concepts when an attempt was 
made to store additional instances under tbe GEN· 
!\ODE GND l. (Note that tbis means tbat tbe seven 
slates shown in Figure 3 were not all stored under 
Gj'\;Dl at any single time.) For example, Kansas and 
Nebraska are rarm states with low migration rates. 
This typifies the process in GBM that rarely allows large 
numbers or 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 SIZ3:8 
IIGRATIOI·IET RAIGE IIGt:g
Or,a.izia,: lOll, IICBIGlI, PElISTLVlIll 

GIDO: 
STATE REGIOI FlRI 
IICRlTIOI·IET ~IGE IIG1:8 
Or,uilt1D,: lAlSlS, IEBRlSLl 

GID2S: 
ST1TE SIZE SIZ6:8 
IIDUSTRT TTPE 1lJUF1CTUlIIG 
Or,uizi.,: 101Tlil. TEllS 

Figure 5: Sub-generalizations or GNDI 

5 RESEARCHER 
As mentioned earlier in tbis paper, RESEARCHER is a 
program that reads patent abstracts and adds 
IIlCormation rrom them to a Generalization·Based 
Memory so that it can errectively answer questions 
ILcbowitz 83bl. In this paper, we look onl, at the 

process or takmg representations or two objects (or, 
equivall'ntly, a generalized concept and a concrete 
objett) and extracting a generalized concept. The 
representations we compare are frame-like and 
primitive-based, concentratmg on the physical relations 
among the various parts of a complex object. (See 
(Wasserman and Lebowitz 821 for a comp1ete 

description of the representa.tion scheme.) 

In the disc drive domain, typical concept.s the 
generalization process might identiCy as being useCul 
would be floppy disc drives or double sided discs. As 
with all our work, this must be done without specifically 
providing with examples or these concepts. Instead, 
anstances stored together in Generalization·Based 
Memory, are recognized as being similar and 
generalized. 

The use of GBM is more complex here than in the 
UNIMEM. The "Ceatures" that two objects have in 
common can only be determined by comparing two 
complex object representations. The matching ,Problem 
is much the same as that Caced by Winston in hIS blocks 
world I('arning work IWinston 12}. Our pr_oblem 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, however .... at 
least in the lon$ run, by the existence oC an entire GuM, 
rather than a smgle model. We believe tbis will simplify 
the matching process. We look here both at the 
('omplexity of matching object descriptions and at bow 
GBM can simplify the process. 

The reprt!Sentations for two similar, sli$htly simplilied 
disc dm'c ~atents, used to test the inItial versIon of 
RESEARCHER's generalization module are shown in 
Figure 6. 

..clo."-dl.c-drl••1 
/ I 

-- di.t-dri••t- eaclo.ar.l-------· 
I I I I / o.-to,-of \ 

_tor' I di.t. I court ----.----.) ..'port.-MIIbvt
.,ladl.' r/....ad. 

••clo...-di.c·dri••a 
II 

-- dl.t·drl,.a- ••clOilrea-----------·--­
II II I o.·to,-of \1\ 

_tor' I di.t. I co,.r' •••••---) ..... I \ 
.,ladl" r/.-..... / .UT \ 

b-fl1ter' .-.) r·fl1ter' 

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; shows the concept created by
RESEARCHER's generalization module. 

.aclo.ed-dl.c-drl,.' 
/ I 

-. di.t-drl••'- ..clo.ar..---··-­
I I I I / o.·top-of \ 

_tor' I dl.tt I co••r. .--.---•••) < ) 
Ipl.dl.. r/.-b.... 

C••clo...-4i.c-drl••1 aad ••clo.ed-dl.c·drl••a 
.tor.. .. .arlaat.. of .aclo...-4i.c·drl'••) 

Figure 1: Generalized Enclosed Disc Drive 

The idea illustrated in Figure 1 is tbat RESEARCHER 
rinds 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 Corm 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 Cor 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 oC the 
major problems and suggest the nature of the possible 
solution. 

The central problem in generalizing structural 
descriptions is the process of matching two 
representations (either oC two objects or an object and a 
generalized object), thereby determining wbat parts and 
relations correspond (as was p<>inted out Cor simpler 
examples in IWinston 72)}. Clearly, if we wish to 
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th·l .. rmine that the disk mounts in two drives are 
"imila... they must be compared with each other. Since 
on!.' part of thedesrription of complex objects is a set or 
r~lations, we mllst 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 
described as a direct part of a disc drive in one patent 
but part of a "read/write assembly" in another. Thi~ 
makes Ihe inherent similarity hard to identiry. 

At the moment, we deal with this "level problem" with 
simple heuristics that allow only a limited amount of 
"level hopping" during the comparison process (to avoid 
the need to 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 
!\Iemory. If a new object can be identified as an instance 
of a generalized concept, with only a few minor 
difrerences (done with a discrimination-net-based search 
of the sort dt'!'cribed in Section 31, then the levels of 
aggregation will be set. In effect. by using the form or 
aggregalion that was generalized, we will have a 
canonical framework for describing new objects. In 
addition. by using Generalization-Based Memory, we 
lIeed compare only a small number of dil/erenr:es 
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), 
e"en 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 first is that 
the development or a dynamic set of concepts is a 
powl'fful approach to take when learning from a rich 
Illput domain. We can never hope to find the "right" 
set or concepts, so it is crucial that we constantly update 
the concepts that we have and look for new ones. 
Furthermore, the use or long-term memory, in the rorm 
or 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 orten ends up being 
easier than one at a time and certainly leads to more 
powerful systems. 
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Abstract 

This work describes recent advances in the specification and 
implementalion 01 a model of practice. In previouG 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 chunking theory 01 learning. 
This previous work established the feasibility of the chunking 
theory for a single task - a 1023·choice reaction· lime 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. Chunking occurs during task performance in 
terms of the parameters and results of the goals experienced. It 
improves the performance 01 the system by gradually reducing 
the need to decompose goals into their subgoals. This model 
hRS 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 pmformance? At least for natural systems (people, for 
example), we know that practice is effective. A system is 
engaged in practice when it repeatedly porforms one, or a sel of 
similar, tasks. Recontly. Newell and Rosenbloom (1961) 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 baen performed (called the trial number). This result 
holds over the entire domain 01 human performance, including 
both purely perceptual tasks, such as targ~t detection (Neisser, 
Novick, & Lazar, 1963], and purely cognitive tasks, such as 

1 This research ..as &pOnsored by the Oefen.. Advanced Research Projects 
Agency (000). ARPA Order No. 3597_ monitored by \he Air Forte AYionica 
laboratory Under Contract F33615·78·Cl551. The Yie_ lind concluslontt 
contained in this document are thOle 01 the author. and ehould no! be 
Hltt'tpteled as representing the offici.1 poIiciea, either expressed or implied, aI 
the Defense Advanced ReMarch Projects Agency Ot the US ~. 

We would Bite IQ thank John Laird for Innumerable helpful discussions about 
\hia materiel. 

supplying justifications for geometric proofs [Neves & Anderson. 
1981) or playing a game of solitaire [Newell & Rosenbloom, 
1981). 

The ubiQuity 01 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 [Shorlliffe, 
1976} and R1 (McDermott. 1980) fnr 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·structurod problem solving [Ernst & Newell, 1969; Newell & 
Simon. 1972). This article discusses recent efforts to take 
advantage of the power law 01 practice by using it as a generator 
lor a production-system practice mechanism. This Is a highly 
constrained task because 01 the paucity 01 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 chunlling ­
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 
formulation 01 the chunking theory. 

Rosenbloom and Newell [1982: In press) took the analysis one 
step further by showing how the chunking tMOry of learning 
could be implemented within a highly parallel. activation·basI..>d 
production system - X.ps2 - 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 chunktng 
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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Of task performance - is discussed in detail in Rosenbloom 
[19113J. II is tackled by examining a set of tasks that fall within a 
neighborhood around the Seibel [1963] task 
stimulus response compatibility tasks. The area of compatibility 
is a SlIbdomalO o! the set 01 tasks referred to as reaction·time 
lasl<s. These tasks, which are used widely in psYChological 
experiml?ntation. involve lhe presentation to a subject of a 
stimulus display - such as an array of lights, a string of 
characters on a computer terminal, or a spoken word - lor 
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 diHerent. From the 
subject's re<lction·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 bused on the concept of goal 
hierarcllies provide excellent fits to the data (Rosenbloom. 
1983]. In a goal hierarchy, the root node expresses a desire to 
do a task. At each level further 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 
found in ariificial intelligence, but this is the first lime they have 
been applied to the domain of reactIOn time tasks. 

These goal structures (discuss~ in Section 4) provide us with 
the gent;1rahzed task representation reQuirCd as the basis for a 
task· independent chunking mechanism. Chunking essentially 
implements a form of store,versus·comput9 trade·off. in which 
patterns of parameter values are relatEid 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. Tho:1 X.,ps3 architecture is an evolutionary development 
from the Xaps2 architecture. Only those changes necessitated 
by tit" needs of 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 01 the practice and compatibility tasks within 
the new architecture2

• 

In Section 8 we place thi~ work in perspective by relating the 
chunking theory to previOUS work on learning mochanisms, 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 lusl 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'lelops a 
p\?rlormance algorithm lor 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·13w function of the 
number of times the task has been performed. This basic law ­

:2A more compreheosive presentation and discussion 01 these fesuha can be 
fauna in Rosenbloom [19831 

known as the power law of practice or the log-log linear learning 
law3 - has been known since Snoddy [1926]. While this law was 
originally recognized in the domain of motor skills, it has recently 
become cloar that it holds over a much wider range 01 human 
tasks - possibly extending to the full range of human 
performance. Newell and nnscnblooOl fl981J showed this lor 
perceptual·motor skills [Snoddy, 1926; Crossman. 19591. 
perception (Kolers. 1975; Neisser. Novick, & Lazar, 1963], motor 
behavior [Card. English & Burr. 1978], elementary 
decisions (Seibel, 1963]. memory (Anderson. 1980], routine 
cognitive skill tMoran. 19001, and problem solving [Neves & 
Anderson, 1981; Newell & Rosenbloom, 1981). 

Practice curves are generated by p!otling task performance 
against trial number. This cannot be done without assuming 
some specific measure of performance. There are many 
possibilities for 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 01 the lime to 
perl arm the task on a trial. It states that the time to perform the 
task (T) is a power· law function of 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 1/)9·109 paper: 

10g(T)" log (8) + (-a) log(N) (2.2) 

Figure 2·1 shows the practice curve from one subject in Kolers 
[1975] study 01 reading inverted texts - each line of text on the 
p~ge 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). Plotted from the original data for Subject 
HA tKolers. 1975]. 

Many practice curves are linear (in log· 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.taw CUrvelI pial as r.lfllighllir>eS on 1og·log paper. 
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limitations and/or device limitations - if, for example. the 
subiect must operate a machine. The other added parameter (E) 
is required because power laws are not translation invariant. 
Practice occurring before the official beginning of the 
experiment - even if It consists only of transfer of training from 
everyday experience - will alter the shape of the curve, unless 
the effect is explicitly allowed for by the inclusion of this 
parameter. Augmenting the power· law function by these two 
paramoters yields the following generalized function: 

T '" A + B (N + E)-a 	 (2.3) 

A generalized power law plots as a straight line on log· log paper 
once the effects of the asymptote (A ) are removed from the time 
(7), and the effective number of trials prior to the experiment (E) 
are added to those performed during the experiment (N): 

10g(T-A) '" log(8) + (-a) 10g("'+E) (2.4) 

Figure 2·2 shows a practice curve from a 1023·choice 
reaction· time task {Seibel. 1963]. as it is lit by a generalized 
power·law function (each data point represents the mean 
reaction time over a block of 1023 trials). This is a perceptual· 
motor task in which the task environment consists of a horizontal 
stimulus array of ten lights, and a response arre.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 bolh ends when plotted 
as a simple power law, is now linear over 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 data 
(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 have a different analytical form. 

3. The Chunking Theory of learning 
The chunkiny theory of learning proposes that practice 

improves performance via the acquisition of knowledge about 
patterns in the task environment. Implicit in this theory is a 
model of task performance based on this pattern knowledge. 
These patterns are called chunils [Miller, 1956]. The theory thus 
starts from the chunlling hypothesis: 

• 	The Chunlling Hypothesis: A human acquires and 
organizes knowledge of the environment by forming 
and storing expressions. called Cllullils. 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, 
otc.). rooted in a set of preexisting primitives. A given 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 view of chunks is that they are data 
structures representing the combination of several items. For 
example. in one set of classic experiments. Bower and 
colleagues [Bower. 1972; Bower & Springston. 1970; Bower & 
Winzenz, 1969J showed thllt recall 01 strings of numbers or 
leiters is strongly influenced by the segmentntion 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 if it is contradictory (FB·IPH·DTW·AIB·M). These 
results were interpreted as evidence for segmentation guided 
chunking of familiar strings. By rejllacing a string of several 
letters with a single chunk. the 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 \:hunking theory of learning proposes two modifications 
to this classical view. 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 tetters into a chunk. followed by the 
subsequent decoding to the three letters. What needs to be 
decodCl(1 is not the visual representation of IBM, but the 
articulatory representation - allowing the subject to say IBM. 

Based on this consideration. the chunking theory assumes 
that there are two symbols lor each chunk - a stin,ulus symbol 
and a response symbol. The process of using a chunk consists 
01 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 of response can be made. Acquisition 01 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. 
Aftor acquisition 01 the chunk. one mapping suffices. 

The second difference between this proposal and the classical 
view of chunking is that the chunk consists 01 the three 
processes (encoding. mapping, and decoding). not just the 
symbols. This is really just a shilt of emphasis, in which chunks 
are viewed as the processes. rather than just as the results of the 
processes. 
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Map 

"eye" "bee" "em"B M 

Figure 3·1; A three·part chunk for the articulation of the 
visual string "18M". 

4. Goal-Structured Performance Models 
In its current formulation, chunking explains how performance 

on a task can be sped up with practice. It does not explain how 
the organism lirst learns to do the task (but·see the discussion in 
Section 9). Consequently, each tasl\ Simulation must be 
initialized with a performance model for the task. What is 
needed - and is provided by tile notion of a goal hierarchy - is 
a general, task· independent representation for these 
performance models. Goal hierarchies are found frequently in 
artificial intelilgence systems, but have not previously been 
employed in the modeling 01 the kinds 01 reaction·time tasks with 
which we are dealing. 

Goal hierarchies are buill out 01 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 ba one of the more flexible 
weal! melti,)ds lNewell, 1969] such as means-ends 
analysis [Ernst & Newell. 19591 or heuristic search [Nilsson. 
1971). Goals taka parameters - information used in the 
fulfillment of the goal - and return results. 

When a goal can be decomposed into a set of simpler 
goals [Nilsson, 1971 I. and those goals can be decomposed even 
further, a goal hierarchy results. In its simplest form. as an AND 
hit'rarchy, a goal is succtlSSful if all 01 its subgoals are 
successlul. 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 
"ne 01 their subgoals succeed. A lerminal 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 
goats in a dep/ll·firsl lash ion , 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 con/rol slaei< specifies the location in the hierarchy at which 
contrOl currently resides. It does this by maintaining the path 
from the root goal of the hierarchy to the current goal. This path 
consists of the active goal, and all 01 its suspended ancestors. 

Figure 4·1 shows two different representations of 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 
IigtJre. the goals are shown in their depth·lirst processing order. 
In both representations, the bold-faced goals are the terminals­
those goals that can be fulfilled directly. 1he labeled 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 augmented 
this style 01 control by allowing the left·to·right processing to be 
conditioned on the success or failure of the previous child 
(actually 01 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 lights on that 
need to be processed, and the parent goat (goat 1: Do·lights·lf. 
Any) can just be terminated successfully. Those goals that do 
not return a result are called predicales (denoted by a • in Figure 
4·1). and are used to test the truth of various conditions. It is 
only the success or failure of predicate!'> that mailers (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 that something went wrong during the attempt. 

The goat structure in Figure 4·1 is based on a recursive divide· 
and·conquer algorithm in which the stimulus display is broken 
up inlO smaller and smaller horizontal segments. until 
manageable pieces are generated. There are three types 01 
horizontal segments that have been defined as manageable. 
The lirst type 01 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- Oo·lights.1f·Any(Min.X. Male.X) 

2 NO·lighl·On'?'....in.X.IIAax.X) 

r·fAl.fn No-Light·On' l'Hf.N 

3. Oo·L.ighIs(....in·X. t.lax.X) 
4. No·ligh'·Ofl?(Min·X. t.lax.X) 

.·SUCCEtOEn No·Light·OII? THEN 


5. Oo·P'ell·AII·BuUonS(1lAin.X........X) 

"','AI.ED No·Light·OIl? THEN 

6. Do·OII·And·On(t.tin.)(. t.lax.X) 
7. One·lighl·On?(Min.X. Male.X) 
• SI.JC)r,t[I>I!D Ona·Light-Ort? l'Hf.N 

8. Press·Butlon·Under·OO·lil/hl(....in.x. Male.X) 
9. Gel·On lighIX(1IAin·X. Max-X) 

10. Oet·On·lighl·Slimulu.(....in.X. Max.X) 
11. Get·Stimulus.X 

12 ProstI·Bulton.At.lI 
•·.....EO One·Ligh!·On? THEN 

13. Oolights·I!·Any(Min·X. [MIn· X .. Max,XI/2) 
14. Do·lighls·If·Any«(....in·X .. Male·XI/2. Male.X) 

Figure 4·1: Goal hierarchy for the Seibel [1963] task. 

specifying that a pfess action must occur in the entire region 

http:ProstI�Bulton.At.lI
http:r�fAl.fn
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defined by the segment (using the Do·Press·AII·Bultons goal). 
Specifying a single button pross is actually a special case of this, 
in which the region is just large enough to contain the one 
button. Allowing multi·on·light segments to be manageable, 
imphtls that sequences of adjacent on·lights can be pressed 
simultaneously. even belore 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·Bullon·Under·On·Light goal) by finding. the 
location 01 th<Jt light, and generating a button press at that 
location. "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 
difforent instances of each goal will be simultaneousty 
represented in the system, though at most one can actually be 
active. In ardor to keep track 0' which goal instance is relevant 
to which segment 01 the stimulus display, the segment (in terms 
01 i" minimum and maximum X values) is an explicit parameter 
to tM goals. In addition to the explicit parameters, a goal can 
have tmplicilly defined parameters. Any object existing before 
the activation 0' the goal (ie., part of the goal's initial state), that 
is examined during the procesSing of the goal - such as a 
stimulus light - is an implicit parameter of the goal. Implicit 
parameters are dynamically determined by the actual processing 
01 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 repetitions 01 the topmost goal in the hierarchy (Do· Lights·"· 
Any), but the scope 01 each is limited to one hall 01 the display 
currently being processed. The numeric computation to obtain 
the middle of the segment (involving an addilion 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 01 inlormation relevant to the 
processing that is going on. For each goal, the working memory 
is logically partitioned into two components - the initial stale 
and the local state. The initial state consists of the data existing 
at the time the goal is lir$t activated. The remainder of the 
working memory - consisting of those pieces of data created 
during the processing of the goal- make up its local state. Only 
the IClcal 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 performance 01 the chunking mechanism. 

Each datl'm in the working memory is relevant in a particular 
temporal processing context. As long as the datum's creator 
goal is in the control stack. the system is either working on that 
goal. or on one 01 its descendents. The datum may be relevant 
at any point in this processing. However, once the goal 
disappears from the control stack. it is no longer being l)\Ir$ued. 

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 01 inlormation 
becomes out ot conteltt - its creator is no longer part 01 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 10 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 lormulation 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 fully process a specilic instance (a 
combination of parameter values) 01 a particular goal. It 
replaces the normal processing (decomposition into subgoats 
lor non·terminal goals. and direct execution of an action for 
termlnat 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 01 
parameter values requires its own chunk. It should be clear that 
chunking implements a store·versus·compute trade·off, a form 01 
goal·based caching. 

I\s with the abstract characterization of the chunking theory. 
each chunk consists 01 three components: encoding. decoding. 
and connClction (or mapping). The goal's parameter values form 
the basis lor the encoding component. Given the presence 01 
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 01 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 01 decoding 
components lorms a hierarchical structure, in which complex 
reslIlts 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 
of the goals. Thus, a connection can be made only when the 
system is working on the goal for which the chunk was 10rmed 
(soe after the encoding component has executed). This assures 
that even 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 lor a goal when the following two conditions ore 
met: (1) the goal has just completed successlully, and (2) all 01 
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the gonl's subgoals were themselves processed by chunks. It is 
this bOllom-up aspect 01 chunking that leads to hierarchical 
encoding and decc:iding networks. However. notice that bottom­
up cl1Unl(ing does not imply that all low· level chunks are tearned 
before any high-level chunks qre learned. or even that all of the 
chunks must be learned for a subgoal before any can be learned 
lor Its parent goal. The second condition on chunk creation 
merely states that chunks must exist 101 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 lor all 01 the goals 
in the hierarchy will be chunked, and asymptotic behavior will be 
reached lor the task. The amount of time this takes depends on 
the number of goals, the number 01 situations for each goal. how 
froquently the dilferent situations arise, and whether chunks are 
creat~d whenever they can be. 

As a simple example 01 how chunking workS, consider the 
simple three-goal hierarctlY in Figure 5·1. This structure 
ccmputes the average 01 two numbers. The top-level goal 
(Compute·Average·OI-Two-Numbers) takes as parameters the 
two numbers to be averaged, and returns a single result, which is 
their mean. The lirst subgoal 
(Compute-Sum-Of·Two·Numbers) performs the first half 01 
the computation. It takes the two numbers as parameters, and 
returns their sum as its result. The second subgoal finishes the 
computation by taking the sum as a parameter, and returning 
half 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-Numbera 

3- Divide·Sum·By·2 


Figure 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 (E1). It executes as soon as it is created, 
because the parameters are in the working memory. Adecoding 
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 goat name above it and 
yoal 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 execuld 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·By-2). When 

.this 	goal terminates successlully (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 

Cotnpule·AvelOlQe 01-Two-Numbera 

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 01 numbers. 
This is a lorm of transfer 01 training. 

Following the termination of goal 3, goal 1 is reactivated, and 
terminates successfully (returning the number 5). No chunk is 
created for goat 1 because its subgoals were not p!ocessed by 
chunks. At this point, the task is complete. 

GiYen what was learned during the perlormance 01 this task. 
the next time the same task is performed things will go 
differently. As soon as the task. is restar1ed (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 lavor 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 lor 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 E1 to a new symbol (E3); it does 
not go straight Irom goal1's primitive parameters (3 and 7). This 
happens (and causes hierarchical encoding) because. for this 
instance of goal 1, E1 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 Slate that are 
examined during the goal's performance. E1 is generated before 
goal 1 is activated (so it is part of the goal'S initial state), and 
examined by the connection componfilnt for goal 2. On the other 
hand. neither of the objects representing the numbers 3 ood 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 (03) to 02. This occurs 
because 02 (and not the number 10) is the result of goal 1. It 
never became necessary 10 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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11 the same task is performed yet again, the encoding 
comp,ment!: immediately generate E I, followed by E3. Goal 1 is 
activaled, and its connection component· executes, generating 
03 and completing goal 1. If the result is needed by some pan of 
the system outside 01 the hierarchy, it will be decoded to 01, and 
then to the number 10. 

The example that we have illst 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 stans in this structure with the terminal goals 
(numbers 2, 4, 5, 7, 10, 11, and 12). Take goal 11 
(Get-Stimulus· X), lor example. Successful completion 01 this 
goal reQuires retrieving Irom the working memory the 
representation 01 a stimulus that has been perceived, and then 
generating a piece 01 information representing the horizontal 
location (X) 01 that stimulus. The parameter for this goal is the 
stimulus - an implicit paramoter - and the result is the location. 
In the chunk lor 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-Llght·Stimulus) presents a slighlly more 
complicated case than goal 11. The goal has both explicit and 
implicit parameters. The e)(plicit parameters (Min. X and Max·X) 
deline the region 01 the stimulus display in which an on·light 
should be lound. The implicit parameter is the actual external 
reroresentation (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 lorm the basis for 
trivial t'flcoding and decoding components. However, the 
explicit parameters are different. TIi~y do not exist as separate 
entitie'l in the working memory; instead they act as if they were 
augmentations to the name of the goal. Therefore. they appear 
alon~ With the name of the goal. as part 01 the connection 
component. 

As a final example of the workings of the chunking 
mechanism, consider how it creates the kinds 01 multiple light­
bullon 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 (Oo·lights·I!·Any) has 
implicit parameters that represent lights in the stimulus display, 
and generates results that are thl:'! button presses for those 
lights. The earliest chunks that can be created for 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 
reprosont a single on·light in a region. a region of solid on·lights, 
or a region with no on· lights. Once the chunks exist for goals 13 
and 14 (and their sibling goal 7: the predicate One-Light-On?) 
in a single situation, the parent goal (goal 6: Oo·Off·And·On) can 
be chu~ked. This yields a new chunk for the combined situation 
in both segments. This process continues up the hierarchy until 
goal 1 is chunked for that Ie"el of recursion. But goal 1 at that 
level is just goal 13 or 14 at the neK! level up, Therefore, 
gradually (since these chunks are aCQuired one at a time), the 
level 01 aggregation of segments covered by chunks increases. 

This process always leads to light·butlon chunks for 
contiguous light·bullon pairs. It does not lead to chunks for· 
disjoint patterns such as just the two extreme right and left light-

button pairs. This is not a limitation on the generality of the 
chunking mechanism. Instead. it is a function 01 the goal 
structure employed, A different goal structure (reflecting a 
different processing strategy) could lead to the creation 01 such 
disjoint chunk pattema. 

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. Tnis 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 goats for processing 
segments 01 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 of 

chunking as it applies to goal hierarchies. 


• Each 	 chunk represents a specifiC goal with a 
specific set of parameter values. It relaleS the 
parameter values to the results of 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 
from (possibly encoded) parameters. 

• Chunks 	 improve performance by replacing the 
normal processing of a goal (and its subgoal$) with 
the laster processes of encoding. connection. and 
decoding, 

6. The Xaps3 Architecture 
The Xaps3 production. system architecture was designed to 

be used in the modeling of goal hierarchies and chunking. II is a 
new architecture, but it builds upon the work done in the 
development of 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 Ilre 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 must 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 out Xaps2. and have led to the design of the Xaps3 
architecture. Though it is a direct descendent of Xaps2. the 
constraints have forced a number of significant changes in the 
Xaps3 design. 
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The lirst new constraint is Ihe crypto·informalion constraint. 

• The 	crypto·jnformalion constraint: any syslt;tm Ihal 

learns through experience cannot conlain crypto­

information if it wants to guarantee correct learning. 


Cryplo·informalion - "hidden" information - is information that 
the architecture accesses while making decisions. but that is not 
accessible to "programs" running wilhin the architecture. In the 
Xaps2 architecture. activation is a form of cryplo·information. It 
is used by the architecture to. among other purposes. decide 
which of multiple instantiations 01 a production should execute 
on 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 tho information about working-memory recency 
used lor conflict resolution in the Opslanguages (Forgy. 1979).' 

The use of activation in Xap,",2 is a good example 01 how 
crypto,inlormalion can lead to incorrect performance, Suppose 
there is an object A that has an activation of 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 
exocute because of its greater activation. From this experience. 
the system learns what action to perlorm under these 
circum!;tances; that is. the action associated with Ihe A 
instantiallon, At some later point both A ane:! 13 may 8gain both 
be represenled. but this time with the activations reversed. Even 
though the action associated with B is now the correct one. its 
pre/viouG experience lells the system to do the action associated 
wilh A, because the information about relative levels of activation 
could not be represented in the record 01 the previous 
experience. Not only would the previous information be 
incorrect. but there would in fact be no way to ever learn the 
conect information. 

It is important to note that this constraint does not rule out all 
actiyation.based production,system architectures, If either the 
activation is nol used a:s a basis for an architectural decision. or 
sulficient knowledge about activation levels is representable 
Within productions, then activation is not a problem. because it is 
no longer a form of crypto·information. 

Though activation was a focal point 01 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 is the goal'8 rchitecturalily 

constraint. 

• The 	 goal-archilecturalily 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 chunklng 
mechanism is itself an architectural mechanism. 

4 Anderson [1982a) has previously made 8 ,pmil. argument lor !he plac_t 
01 goal Pfocessing in the archlteclule of !he Ae'· ",oduction system (Anderson, 

1983). 

One way lor the architecture to understand the processing of 
goalS. is Illr the algorithm to be defined within th", architecture 
itself. The obvious alternative - production·delined processing 
01 goals - requires the chunking mechanism to be able to 
abstrac:.t the algorithm and representation Irom the productions, 
and tune itself to whatever scheme is being used. This requires 
conSiderably more intelligence than we are willing to ascribe to 
tm. chunking mecbanism. or for that matter. to any mechanism 
built into the architecture. For a system to exhibit truly adaptive 
behaviQr, it must be able to apply its lull knowledge and learning 
capabilities to any task reqviring inteHigence. This is feasible at 
lbe program level, but not at thE! arcni~cturallevel. 

In response to the goal·architecJ.urality constraint, the goal 
'proGessing that occurred at the level of productions in Xnps2. 
has been moved down into the architecture of Xaps3. 

XIJPs3 is one architecture sitting within the design space 
delimited by the constraints l!O far determined. In the remainder 
of this section we describe the Xaps3 architecture (see 
Rosenbloom (19831 for more details), It is like Xaps2 in the 
structure of working· memory objects, and in allow!ng parallelism 
at the level of production execution, but dillers in its lack 01 
activation, and in that goal processing and chunking are built in 
at the areh.itectl.lral 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 

With respect to symbols. the working memory in Xaps3 is 
nearly identical to the one in Xaps2, It consists of an unordered 
set 01 ouiccts. representing all of the types of information 
required in all information processing system (except lor tho 
types of information represented in productions): goals, patterns 
of stimuli and responses. intermediate computations, and so 
forth. As was true in Xaps2, each object is a token - in the 
sense of the classical type· token distinction. It is uniquely 
specified by a general type and a unique idanlifier, The type is a 
symbol that can be common among several objects. such as 
Goal, The identifier is a unique symbol for the object. allowing 
multiple objects of the same type to be simultaneously in working 
memory. A new identifier is gener3ted dynamically by the 
architecture whenever a new object is created. 

like objects in Xaps2, Xaps3 objects also have an optional 
set of attribufes. However. unlike Xaps2 objects, each attribute 
has only one value. P. 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 
exampleS . 

(Goal Object127 
[NAME Press·Buflon·AI·Horizontal·LocBtion] 
[STATUS Succeeded] [RESULT ,TVPE Response]) 

The interpretation of two of the attributes (NAME and STATUS) 
should be obvioUs. They tell the system that this goal is an 
instance of thePress-Bulton·At·Ho rizontal·Location goal 
that has completed. successfuMy. The third attribute 

SSM Anderson 119631 and Sauers and Farrell {198'llor othel' a!t~mptll al 
integrating !he flI~jQlI of g081$ into the afChitecture of aPfoduclion syslem, 

liThe lormal Mil bden altered slighlly lor clarily 01 presenlation. 
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(11CSULT-TYr'E) specifies the type of object to be returned as the 
result 01 this goal (see Section 6.4 lor the details). 

During the lifetime 01 a Ylorking memory object. two types of 
auxiliary tags are kepI. The lirst one marks the identifier of the 
goal that was active - there being at most one - when the 
object was created (If there was no goal active at the time, then 
the special symbol <None) is used). This tag is used for 
determining the object's status as being either part of 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 Xsps3. 
The productions in it are Similar to the productions in XDps2 
and to those in the Ops languages. They have three parts: a 
name, a list of one o~ more conditions, and a list 01 one or more 
actions. Here is an example production taken from the 
implementation of the Seibel task (Figure 4-1)7. 

(DefProd ~oal/00-bights/Oo-Press-All-Buttons 
( (Goal <Ex i s ts> [NAME Do·Lights) [STATUS Active] 

[MiNIMIJMLOCATION =Min·Loc] 
[MAXIMUM,LOCATION = Max·Loc]) 

(Goal {<Local> <hists>} [NWE No·Light.Oll7] 
[STATUS Suc,eeded]» 

« Goal <New-Object> [Name Do·Press·AII·8utlons1 
[STATUS Want] [RESULT.TYPE Response] 
[MiNIMUM.LOCATION : Min.Loc] 
[MAXIMUM·LOCATION : Max·Loc]») 

The name is purely for the convenience 01 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 
wot1<.ing memory. A condition pattern contains a type field 
(specifying the type 01 the object to be matched). an identifier 
field (containing several different types of information). and an 
optional set of patterns lor attributes. Condition' patterns are 
primarily built from constllnlS and variables. Constants are 
signilied 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 
5ubGoi! l/Do-l i gllts/Do-Pr,ss -AJ1-8uttol1.1 are Goal. 
MINIMUM LOCATION. and Succeeded. Variables are signified by a 
symbol (thp. 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 01 
tho same variable within a production must be bound to the 
same value in order for the match to succeed, 

The identifiers . in production 
~allDo-1. ill"ts/Do-Press-Al1-Buttons are specified 
by the special symbol < E It is ts). Such a condition succeeds if 

7A$ with lhe format 01 wetkino.memory objeelS. lhe lermal 01 this productiOn 
hill! been Sbghlly al1e<ed 10 increaae the clarity 01 presentalion. 

there is any object in working memory that matches the 
condition. II there is more than one such object, the chOice is 
conceptually arbitrary (actually. the first object lound is used). 
Only one instantiation is generated. II the identifier is specified 
as a variable. the condition stilt acts like an exists condition. but 
the identilier 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 signilies 
that the match succeeds only il there is no object in working 
memory that matches the remainder 01 the condition pattern. 

The aecond 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 adderl to an identifier pattern of any type - constant. 
variable. exiSts. and not·eleists - it signifies that the condition 
should only be matched against those objects in wot1<.ing 
memory that are local to the active goal. This information -
provided by the objects' crealed·bv tags ­ is a means by which 
the ~roductions 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 01 wot1<.ing·memory objects. 
These patterns are built out of constants. variables. built·in 
predicates (such as <Greatar-Than»). and general Lisp 
computations (via an escape mechanism), In addition. any of the 
above forms can be negated. denoting that the condition only 
matches objects that do not match the pattern. 

There is only one kind of action in Xaps3 - modify wot1<.ing 

memory. As in Xaps2. the iflterface to the outside world is 
thr.:>ugh wot1<.ing memory. rather thllll through prcduction 
actions. Actions can create new objects in wot1<.ing memory and. 
under certain circumstances. modil'! existing objects. A new 
object is created when the action ha... an identifier of 
<New-Obj ec 0. by replncing 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 ~scape 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 modilied. 

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 01 the 
current context8. No explicit mechanism lor deletion has proved 
necessary, so none has been included. 

6.3 The Cyclo of Execution 

Xaps3 follows the traditional. recognize·act cycle of 
production·system architectures. with a lew twists thrown in by 
the need to process goals, The recognition phase begins with 
the mDlcn. and finishes up with conllici rosolution. The cycle 
number - the simulated time - is incremented after the 
recognition phase. whether any productions are executed or not. 
During the 3ct phase. productions are executed. 

'TlliS mechanism beats a relationship to lhe dam".n;"f1 mechanism in Ihe 
Acf archileclure IAnderson. 1978}. 
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6.3.1 	Recognition 

The match phase is quite simple. All of the productions in the 
system are matched against working memory in parallel 
(conceptually). to yield a set 01 legal instantiations - at most one 
per production. Each instantiation consists 01 a production 
name and a set 01 variable bindings lor that production that yield 
a successful match. This set 01 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 conflict·resolution 
rules. 

The first rule is goal-context relraction. It states that a 
production instantiation can fire only once within any particular 
goal context. It is a lorm 01 the standard Ops relractory 
inhibition rule (Forgy, 1979]. differing only in how the inhibition 
on liring is released. With the IItandard rule. the inhibition is 
released whenever one of the working·memory objects on which 
the instantiation is predicated, has been modified. With goal· 
context relraction, inhibition is released whenever the s:,'Stem 
leaves the context In which the instantiation fired. If the 
i"stantiation could not legally fire belore the context was 
established. and it could fire both during and alter 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 lelt. Therefore, the instantiation should be Iree 
to fire again to reestablish the still relevant information. 

The second rule - the parameter·passing bottleneck - states 
that only one parameter· passing instantiation can execute on a 
cycle (conceptually selected arbitrarily). This rule tirst appeared 
in a slightly different form as nn assumption in the Hpsa11 
architecture [Newell, 1980a). It will be justified in Section 6.5. 

6.3.2 Action 

All of the instantiations that make it through the conflict 
resolution phase are fired (conceptuaily) in parallel. Firing a 
production instantiation consists of: (1) overwriting the 
examined·by 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) 
performir,g the actions. This can result in the addition of new 
objects to working memory, and the m()dification 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 of 
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 c:hunks, are just data 
structures in working memory. A typical Xaps3 goal goes 
through four phases in its lite. The current phase Of. a gOal. is 
represented explicitly at all times by the value assocIated with 

9Fo,' purpo'lel'l 01 efficiency. Ihese two ph811115 are actuaHy intermingted. 
Howellf!f • this does nol change the behavior 01 the system at the level al whieh 

we alf' interested. 

the STATUS attribute of the working' memory object representing 
the goal. 

In the first stage 01 its Iile, the goal is desired - at some point, 
but not necessarily right then. the goal should be processed. 
Productions crf'ate goal desires by generating a new object 01 
type Goal. Each new goal object must have a NAME attribute. a 
STATUS attribute with a value ot Want, and a RESULT·TVPE 

attribute. In addition, it may have any number 01 other attributes, 
specifying explicit parameters to the goal. The value of the 
RESUU·TVPE attribute specifies the type of the results that are to 
be returned on successtul 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 tor 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 activate a neVi 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 - thai 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 01 the newly 
activated subgoal. If more than one desired subgoal is found, 
one is arbitrarily selected (actually, the lalit one tound is used). 

Suspension is the third phase in the lile of a goal (it occurs 
only for non·terminal goals). Replacing the STATUS of the parent 
goal With the subgoal's identifier accomplishes two things: it 
halts work on the goal, because the productions that process 
goals all check for a STATUS 01 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. If a goal has more than one subgoal, it 
oscillates between the active and suspended states. 

If 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. Followi"i:ltermination, the goal is in its fourth 
and final phase 01 Ufe. In addition to a failure termination, goals 
can be terminated with a STATUS of 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 goal, and reactivates its parent. 

At goal termination time, a number of activities occur, in 
aUdition to the obvious one of changing the active goal. The first 
two activities occur only on the successful termination of a goal. 
As discussed in the following section, the first step is the 
possihle 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 the results so 
that 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. 



193 

6.5 Chunking 

AS we saw in Section 5. chunking improves performance by 
enabling tM system to use its experience with previous 
instanc'!s 01 a goal to avoid expanding the goal tree below it. In 
this section we detail how this has been implemented within the 
Xapfl3 architecture - yielding a working, task· independent, 
production· system practice mechanism. We begin by describing 
hoVi chunks are used. and conclude with how they are acquired. 

6.5.1 The use of chunks 

The key to the behavior 01 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. "there is a desired goal in working memory in a situation 
for which a connection production exisls. the connection will be 
eligible to lire. Whether (and when) it does fire, depends on 
contlicl resolution. Connection productions are subject to the 
psrsmeler·psssing boWenecl< 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 01 the bottleneck 

constraint [Rosenbloom & Newell. In press] - and only one 
connection can execute for any particular g01l1 i.lstance 
\removing a source of possible error). 

II thf! connechon cloes lire. it rl'lmOlles the need to activate and 
expand thl'! gou!. because the goal's results will be generated 
dirc:ctly by the connection land decoding). and the yoal will be 
marked as having succeeded. If instead. no connection 
production is available lor the current situation of a desired goal, 
then eventually the production systf:m wi!! reach an impasse ­
no productions eligible to lire - and th'll goal will be activated 
and expanded. Therefore. we have ju!::t the bfJhavior required of 
chunks - they replace goal acltvation and expansion. if they 
exist. 

This behavior is. of course. predicated on the workings of the 
encoding nnd decoding components of the chunk 11. The 
encoding component 01 a chunk must execute before the 
associated connection can. In fact. it should execute even 
before the p<lrcnt goal is activated. because the subgoof's 
encoded symbol must 00 part 01 the parent goal's initial state. 
Recall. that encociings are built up hierarchically. If the parent 
goal r.hares all of the parameters of one of its subgoals, then the 
encoding of the parent goal's parameters is partly based on the 
cncoding generated for the subgoal. This behavior occurs in 
XaDs:1 because the encoding components are implemented as 
gO~I.lree proc:luctions that do not pass parameters. They lire 
(conClJI.ently with whatever else is happening in the system) 
whencver their parameters are in working memory (subject to 
conflict resolution). If the parameters exist before the parent 

l°M:ltters are somewhat more compficated 'Of negated «Not- Ex lUI» 
conditions [Rosenbloom. 1983). 

"I"or efficiency, the encoding and decoding components _ not created" 
It..,re is only OM l'a,amL'tor Of result (respectively). 

goal becomes active. as they must if lhey are parameters to it. 
then the encoded symbol becomes part of the parent goal's 
initial state. 

As stated in Section 4. the decoding component must decode 
an encoded result when it will be needed. Each decoding 
component is a production that keys off of the !'on·primitive 
result pattern generated by the connection production. and off of 
an object 01 type Decode. When the architecture determines 
that decoding should occur, it places a DeCOde object in 
working memory. with the type 01 the obiect to be decoded 
specified by the TYPE attribute12. The actions of the decoding 
production generate the component results out of which the 
non· primitive pattern was composed. 

6.5.2 The acquisition 01 chunks 

A complete specification of the chunk acquisition process 
must include the details of when chunkS can be acquired. and 
'rom what information they are built. A chunk can be acquired 
wnen three conditIons are met. The first condition is tha: some 
goal must have just completed. The system can't croate a chunk 
lor a goal that terminated at some point in the distant past, 
because the information on which tne 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 01 the goal - then a sophisticated analysis 
might be required in order to determine which pnrameters 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 
5ucco:.;slully. Part of the essence of goal failure. is that the 
s,;;tem does not know why the goal failed. This moans that the 
systl:!llI 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 of 
the working. memory modifications occurring since the goal was 
first activated. must be attributable to that goal. rather than to 
one 01 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 either be processed by a 
chunk. or fail immediately alter activation - failure of a subgoal, 
particularly of predicates. does not necessarily imply failure of 
the parent goal. 

To summarize, a chunk is created after the system has 
decided to successfully terminate a goal. but before anything is 
done about it (such as marking the goal as succeeded. returning 
the results. and flushing the local objects from working memory). 
At that point the goaf is still active, and all of its information is still 
available. 

Most of the information on which the chunk is based, can be 
found in working memory (except. see below). The first piece of 
informillion needed lor the creation of a chunk. is the name (and 
identifier) of the goal that is being chunked. This information is 
found by retrieving the object representing the active goal. The 
goal's exphcit parameters are also available as attrlbute·value 

12Mtlters Ole acluaUy somewhat more complicated (Rosenbloom. 1983), 
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pairs on the goal object. Given the goal's identifier, its implicit 
parameters are fClUne by retrieving all of the objects in working 
memory that WGre part of the goal's initial state .- that is, their 
aeatr.d·by tag contains an identtfier 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' eKl/mine(/·by tags. The goal's results 
are equally easy to find. The system simply mtrleves all of the 
goal's local objects that have a type equal to the goal's 
RLSULT·TVPE. Because the parameter and result inlormation is 
determined from the constant objects in working memory. 
chunks themselves are not parameterized. Each chunk 
represents a specific situation lor a specific goal. 

The one complication to the clean picture 01 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 wOlking·memory. The current solution lor this 
problem is not elegant, but it works. 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. Elelore the conditions are placed in this memory, they 
are lully instantiated with the values bound to their variables by 
the ot:'er 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 [1983J. For the Seibel task. two different 
sequences of trials were simulated. The first sequence is the 
same as the one used in Rosenbloom and Newell lin press). The 
simulation completed 268 trials before it was terminated '3. A 
total 01 682 productions were learned. On the second sequence 
of trials - from a newly generated random permutation 01 the 
1023 possibilities - 259 trials were completed before 
termination. For this sequence, 652 productions were learned. 

Figure 7·' shows the first sequence as fit by a general power 
law. Each point in the figure represents the mean value over five 
data pOints (except for the last one, which only includes three)'''. 
For this curve. the asymptote parameter (A) has no effect. Only 
E. the correction for previous pracllce. 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 possibility ios that the level at which the terminal goals 
are defined is too high (complex). If the "true" terminals are 

13At this point the F,allzl..is" sysIem - which appeared 10 not be !IIlrbllge 
collecting in the lirst place - refused to allocate any more memory lor the 

simulatiOn. 

1"Thi$ data appear noisicr than that in Figure 2·2 showing \tie human data 
Irom Seibel [1963J. ThiS is accounted lor by each point in F'l{jure 2·2 being \tie 
mean of 1023 data poinla. ralher than the 5 data points oIlhisligure. 
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Figu ra 7·1: General power law lit to 268 simulated trials of 
the Seibel (1963) task. 

more primitive. then chunklng starts at a lower level in the 
hierarchy. One view of what chunks arc 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 
effectively previous practice for the current simulation. 

The other source of previous practice, is the goal hierarchy 
itself. AI the beginning fJf the simulalion, this structure is already 
known perfectly. However. there must be a process of method 
acquisition by which the subiect got}!; from th'! written (or oral) 
instructions to an internal goal hierarchy. lliough 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 01 the earlier 
model of cllunkiog [Rosenbloom & Newell, In pressj, was that 
learning was demonstrably too fast. In order to achieve 
reasonable curves. I~arning was artificially slowed through the 
addition of a rate parameter. So far. such a parameter has not 
been required in the current model, because there is much more 
to be learned. Chunks are still learned for light·bullon 
combinations, as in the earlier model. but thece chunks are for 
only 1 of the 12 goals in the hierarchy in Figurp 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 01 
the minor flaws of the e.Uier 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 Irom 
three different compatibility experiments {FiItS & Seeger, 1953; 
Morin & Forrin. 1962; Duncan. 1977). As a sample of these 
resulls. Figure 7·2 shows a psir of simulated practice curves for 
two tasks from Fills and Seeger [1953}. These curves contain 
fifty 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 01 
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 SB,RA from Fitts and Seeger (1953). The latter curve is the 
average over tWo hierarchy variations. 

compaltbility tasks are among the simplest tasks for which we 
have human practice data. For more on this issue. see Newelf 
and Rosenbloom [1901}llnd Rosenbloom [1983}. 

8. Relationship to Previous Work 
In addition to the already mentioned relationship to caching, 

the current formulation 01 the chunking theory of learning 
provid!:!s 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. 1962b]. Classical 
chunking has already been described in Section 3. A memo 
function 15 is a function with an auxiliary table added. Whenever 
the iunction is evaluated, the table 'is first checked to see II there 
is a result stored with the current set of parameter values. If so, it 
is retrieved as the value of the function. Otherwise. the function 
is computed and the arguments and result are stored in the 
table. 

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 of the new production consists of all of the 
conditions 01 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 of the actions from 
both of the productions. The resulting composition is a single 
product: ,that accomplishes the combined effects of the older 
pair of pr OOuctions. 

Though these mechanisms were proposed in quite different 
contexts, and bear little obvious relationsi1ip to each other, the 
current formulation 01 the chunking theory of learning has strong 
ties to all three. It (1) explains how classical chunks can be 
created nnd used: (2) caches the results of computations, as do 
memo functions; and (3) results in productions similar to those 
generated by goal·directed production compooition [Sauers & 
Farrell, 1982; Anderson. 1983). The chunking theory dillors from 
these. three mechanisms in a number of ways [Rosenbloom, 
1983], but at the same time it occupies a common yround 

15Merno 'unctions themselves are del'ioed 'rom the earlier WOI1< by Samuel 
(1959) on crealinQ a rote memory lor !he values 01 board posilions In the game 01 
dleckenl. 

between them. This leads uS to propose that all four 
mechanisms are different 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 for tasks that can dlready be accomplished. 
Performance is sped up, but not qualitatively changed. It is 
interesting tl) ask whether chunking can be used to, implement 
any of the other more complex forms of learning - such as 
method acquisition. concept formation. generalization, learning 
by being told. and expectation· driven lellrning. Chunking does 
not directly accomplish any of these forms of 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. 

Meth<XI acquisition is the prototypical case of "hard" learning. 
Given an nrbitrary 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, 1980b; Laird & Newell, 1983] 
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 fulfill. Associated with that goal is a problem space 
in which the goal can be pursued. The problem space consists 
of a set of states, a problem (initial and desired states). a set of 
operators that move the agent between states, and search 
contrOl information which nssists in guiding the agent elliciently 
from the initial to the desired state. 

One way to lOok at the goal structures used in the current 
model.s as dP.generate 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 Ini\ial 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 controf 
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 thai it does not already "know" how to do. The 
second step must be to show how chunking could lead from an 
inefficient search, to the development of an efficient goal. 
structured method, 

This may go as follows. 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 of ways. One of 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. "a path is found to the desired goal, 
the first operator on that path is returned as the result of the 
search. This is 01 course the paradigm case for a game·tree 
search. in which the goal is to win the game, but choosing the 

http:67.5N-O.57
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next' mOlle (operator) may be problematic. Game playing 
programs tlflectillely go into a choose· operator subgoal in which 
they simulate future paths in the game tree. They ellaluate the 
alternatilles. and return information allowing the selection of an 
openltor in the lop·lellel problem space. 

Given such an augmentalion to the current system. it would 
require only a small conceptual leap to imagine how chllnking 
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 Ihe 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 01 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 01 knowledge. As currently 
formulated. it cannot create the kinds of parameterized 
operators used as terminal nodes in the goal hieral'chies (though 
it can achieve a form 01 separation 01 parameters16). On the 
other hand. problem spaces are inherently parameterized by 
their illltilll iJnd desired states. Therefore. it may Ix! that it is not 
nt.!cecsary for chunks to create parameterized operators. These 
operators can come from another source (problem spaces). 
Ch"nks would only be responsible for making these operators 
more elfident. 

In sumrnary, doing method acquisition via chunking in 
problem spaces looks feasible. at least at the ralher cursory level 
of detail at which it has been described here. If it does pan out. 
we hope to be ahle to formulate a number of the other difficult 
laarnlng problems within thtS 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 moeel of practice, capable of 
producing power·law practice curves. The model was to be 
based on the concept 01 chunking, and to be used as the basis 
(and a source of constraint) for a production·system practice 
mechanism. All of this has been accomplished. The generalized 
model that we halle d~valoped is based on a !Joal·structured 
representation of reaction·time tasks. Each task has its own goal 
hierarchy. representiny an initial performance algorithm. 

When a !Joal is successfully completed, a three· part chunk 
can be CI eated for it. The chunk is based on the parameters and 
results 01 thp. goal. The encoding component of 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 results of the goal. The decoding component of 
the chunk, decodes the new result symbol to the results Ollt of 
which it is composed. 

1600l.'orm 01 parameter independence achievable wilh the current ~yste.n ill 
tne tocalio'Hnd~pendcnt recogmtion 01 patterns. ntis enn be accomplished b, 
having coo IIl)al (or a set of goa'&)to recogni1e and rela'e IhI! component .. (lithe 
pattern .ia their lelalivo Iocalions. and a second goal to dlllermine 'he absolute 
Iocal,on 01 th" entire pallern. eaCh chunk lor the first goal would be a location­
independent !Jallern rocognizer. 

The ct.unk 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 create 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 goal processing and chunking have been 
built into a new production·system architecture that fits within a 
set of constraints developed lor 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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Abstr.lI:t 
We describe a theoretical framework being developed in an 

attempt to occount for human learning of physical domains. We are 
using Qualitalive Process lbeory to model people's physical 
knowledge and the Structure·Mapping Theory to eharocterize the 
computations that move a learner from one representation to another. 
Here we outline the component theories and propose a learning 
sequence for physical domains. 

1. introductiOll. 

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 10 construct a computational 
account ofhuman learning. 

Below we describe the theoretical framework we are 
developing in an attempt 10 account for human learning of physical 
domains. Any such framework mustdeseribe 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, 1982) 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 Theol'J 

Our first requirement is a language in which 10 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 10 
formalize this notion. An important propeny 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 quantilies. In 
QP theory the value of a number is defined in terms of its QuQltlity 
Space' a collection of inequalities which hold between it and other 
quantities.. The Quantity Space is a useful qualitative representation 
because processes typically stan and stop when inequalities between 
parameters change. 

Processes cause changes by iII}1uencing quantities. There 
are two kinds of influence which can occur. A quantity can be 
directly influenced 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 

QiClCQ 02 

(read "Q] is qualitatively proportional 10 Q2"), meaning there exisU a 

function which determines Ql and is increasing monotonic in its 
dependence on Q2. IXQ expresses panhll information, since the 
implicitly specified function mayor may not depend upon other 
quantities. riguring out the sign of a quantity's derivative from its 
influences is called resolvillg its influences. 

A process is a thing that acts through time to cause changes. 
Processes arc specified by five pans: 
Individuals: Descriptions of the objects which panicipate in the 
process. 
Quantity Conditions: Inequality statements and status assignments 10 
other conditionalited descriptions which must be true for the process 
to be active. 
Preconditions: Statements other than Quantity Conditions that must 
be true for the process 10 be active. 
Relalions: 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 
malCh 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 siuing in the ketrle 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 vinue 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 characterited in terms of a Process 
Vocabulary that describes the kinds of processes the reasoner believes 
can occur. The actual c!langes that occur as a result of processes 
acting are represented as a history IHayes. 1979). 

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 10 
perform more complex reasoning tasks. Two examples of more 
complex deductions are qualitative simulation [Forbus. 1982) and 
measurement interpretation [Forbus. 1983~ 

3. Comparisons and Structure MappiDa 

So far we have considered how a Naive Physics might be 
represented. We now tum 10 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 10 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 are at Icast three dilTerent ways 
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he could reach this conclusion. First, he may compare the current 
siluation with past furnace experiences and nOlice a regularity~ 
Second. he may match the current situation with a known abstraction. 
such as a ptlSilion-action controller (as 9Pposcd 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 form of 
cumparison. either 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 It Gentner. 1983). The theory 
describes the rules that are used to import a descriptive structure 
from one domain (the base domain) to another (the larget domain). 
Literal Similarity, Analogy. and Abstraction Mappings (applications 
of general laws) arc viewed as different kinds of mappings between 
descriptions. The types ofcomparisons are defined syntactically. and 
depend only on the fonn of the knowledge representation. not its 
content. In particular: 
(\)A literal 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 hmb. object-attributes and relational predicates.1 

(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 determined by svstcmaticjty. II 

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 Hypothesis 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. 
Successful analogies may yield abstractions. Analogy serves as a 
means of changing mental models. and therefore plays an imponant 
role in the middle stages of learning. In the later stages of learnina. 
abstraction mappings and literal similarities predominate. 

The role ofa comparison in learning depends on at least two 
things: (1) accessibility, the likelihood that the match will be noticed; 
and (2) usefolness. what can be deduced from the match. if it is 

1. Object attributes arc predicates which take one object as aD 

argument, such as RE[)(x). Relations are predicates which take two 
or more arguments, such as COLLlDE(1. 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 ilS arguments. Thul 
CO\'UD~x. y) would be first order if x and y are domain objectS, 
and CAUSE(COLLJI)f~x,y), RRHAK(x» would be order two. 
Examples of higher-order relations are CAUSE and IMPLIES. 

accessed. Accessibility, in tum, depends atlcast on (i) the familiarity 
of the base descripLion and (ii) the overall similarily beLwccn the base 
descripLion and the current target. lbe comparisons discussed above 
behave very differently with respect In these two criteria. 

Literal similarity matches arc quite accessible. but of limited 
usefulness. Psychological evidence indicates that people 
automatically perform such comparisons to combine perceptually 
similar experiences into composite prototypes. However, such 
composites are of limited use in revealing the principles that govern 
the phenomenon. In general. literal similarity matches Ire 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 are extremely useful. 
but not necessarily accessible: novice learners may not know the 
appropriate abstraction. or It may be so unfamiliar that its 
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 pcnnit 
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 It Holyoak. 1981). Winston's (1981) program. 
which derives if-then rules by abstracting the predicates common to 
two analogs. is acase in point. 

4. Stales or UnderstaDdiDa 

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 the 
theories of the stage before iL We do not think every person goa 
through each stage for every domain. nor that a person is at the same 
stage in every domain at the same time. 

4.1 Stale 1 • ProtoHistories 

Suppose we are observing some new physical phenomena. 
AU we can do is observe and remember what is happening. We 
conjecture that the simplesr: physical models of a domain are 
proiohislories - prototype histories which serve as summaries of 

experiencc.1 Uke object prototypes. protohistories are the "most 
typical instances" ofphcnomena (sec Rosch. 1973. 1975.1976; Smith 
&; Medin. 1981). The terms in these descriptions are observables" and 
their deductive import can be roughly expressed as "If I see X, then Y 

1. Some of diSessa's Phenomenological Primitives appear to be 
representable as protohistorics (diScssa.1981~ 



200 

will(has) happen(ed)." 
Consider a balance beam or sec-saw. If we place a weight 

on each side IIf the fulcrum. it will either tilt eounter-clockwise, 
clocKwise, or not at all. Most people have had enough experiences 
with sec-saws tu have formed protohistories concerning their 
behavior. By our conjccture, a prolOhistory is aUlOmatically available 
whenever ~e encounter a see-saw. From it. we can often predict 
which way the panicular see-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. lbere is no guarantee that the features matched actually 
correspond to relevant factors. For example, we will be fooled when 
a large person si!5 close to the fulcurm if we have formed our see-saw 
protohistory from watching people sitting at equal distances. Massive 
overlap in features is nceded for reliable use, which means 
protohistorics will yield conclusions in fewer situations than a true 
theory would. Furthermore. there is no cenain way to decide 
between conflicting results if more than one protohistory matches a 
situation.l 

4.1.1 Lcami~g Protohistories 

The process of constructing protohistories requires dividinl 
up experience into classes according to literal simi~arity .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 imponant 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 pauerns. they may be more 
confident of having seen the prolotype (which was never presented) 
than they are of having seen the actually presented patterns (Posner 
& Mitchell, 1967). Finally. people may not be aware of fonning 
prototypes, except as a .general sense of increased familiarity with ~ 
category. 

To summarize. if protohistories behave like object 
prototypes, then we should find that they are computed implicitly; 
that they are sensitive to configurations among events; that. once 
computed they show the recognition strength and other 
psychological privileges of prototypes. 

4.1 Stage 2· The Cau.ul 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 connectinl all 
observable parameters in a typical situation call be quite large. 
Instead. we conjecture that weaker theories are fonned first. th~ries 
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 panicular. we conjecture that a collection of CAUSE 
stalemcnts. the CauSilI Corpus, is computed from prototype objects 
and protohistories. 

We view CAUSE as an approximation concept, in particular 
a weak form of ontological committment. Saying 

CAUSEIA, 8) 

means that there is a mechanism., specified by some theory T. such 
that 

AAT •• 

Processes provide the notion or mechanism for physical domains. 
The statement 

CAUSE(Tri ••g'l!f). "a.-Thrll-Sidl.lf» 

is nOI a legitimate use ofCAUSE by this definition. since the required 
axioms ofgeometry do not specify a mechanism. 

The further distillation of experience from protohistories to 
the Causal Corpus serves two purposes (aside from its potcotial as a 
means of data reduction). Finl, it provides a collection of heuristics 
that can be used directly to draw inferences. While the leamer 
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 ofCA USE 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 
miJhtbe: 

CauII(ligglr(A, I). Tilt-TowlrdIIA» 
CIU'I(farth,r(A. I). Tilt-To.,rd.(A» 

These statements can be interpreted as rules in several ways: if we see 
that block Ais bigger than block Bwe 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 CAUSE relauon 
limits the abilitY to discriminate betwecnconnicting predictions. 
With the Causal Corpus above. for instance, if block A is bigger and 
block B is fanher out we will have two predictions. As we shall 
discuss. in order to make Ir.on: precise inferences the leamer must 
eventually urtcOver the mechanisms whose behavior the Causal 
Corpus describes. 

"-2.1 lamina the Causal eo..... 

We suspect there are three techniques for computing and 
debugging a Causal Corpus. lbe first te(;hnique is to hypothesize 
causality from co-occurana:: 

If you .1.,y, .1. A b,forl '. 

thlft hypothl,'z1 CAUSE(A, ') 


If A 1, true whl.lv,r B i. true, 

http:a.-Thrll-Sidl.lf
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th.n hypoth.siz. CAUSE(A. 8) 

These rules make certain assumptions on the form of memory, 
namely that some number of cin:umstantes can be remembered, and 
in sufficient detail so that A is either explicitly stored or computable 
from what is stored. Protohistories 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 are used to debug 
a Causal Corpus in the face ofncw information (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 higher-order 
constraining relation (see [Winston. 19811>. 

4.3 Stage 3 • Naive Physics 

The Naivc Physics models replace CAUSE statements with 
theories about thc specific mechanisms of change. The ontoloaY 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 or it through some 
unknown path. 

Returning to our balance beam. we might use a procea 
SWING to describe rotation around a contact poinL The 
Precondition would be that the object is free to rotate, and the 
Quantity Condition would be I non'zero angular velocity. SWING 
directly influences the angular position of the beam. Further, its 
influence is qualitatively prOPortional to the angular velocity. Thus I 
prediction concerning tilt becomes a prediction about which instance, 
if any. of the SWING process will 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 "Digger" and "Farther" bcc:ome 
the quantities "Mass" and "Distance". Examining the description of 
SWING and the CA USE statements suggests we write force as a 
function ofthe two parameters., and in particular: 

forct(A) CEQ Dht.n,.(A. phot) 

for,,(A) ocQ Man(A, pivot) 


which brings us one step closer to a model that can always determine 
which way something will lilt. 

4.3.1 Learning NaiYe I'ilJsia 

The major problem in learning a naive physics is 
constructing a vocabulary of proo:sscs which consistently describes 
experience. '!be learner must strip away the irrelevant predicates that 
arc pan of his protohistorics and Causal Corpus: and often. he must 
construct new objects and properties that are not observable. 

'!be Causal Corpus provides a search space for potential 
Process Vocabularies. Each sta1Cment in the CC must be elaborated 
into a consequence of a Process Vocabulary. lbere 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 

Th. d.cr.... In a.ouat ot 0 
c.u••• the '.v.' to f.,'. 

indicates that some active process (or Individual View) in the 
situation contains the Statement 

Lev.'(O) a;Q Mount-ot(O) 

in its Relations. 
While hypothesizing a Process Vocabulary on the basis of 

the Causal Corpus should be much simpler than working directly 
from protohistories or direct observation, it still appears dift1culL We 
conjecture several constraints that make the problem more tractable. 
First. we think peaple arc consena!jve in the introduction of 
unobserved propenies. For example, we have interviewed subjects 
whose model of a domain appears to be organized around one 
parameter' a "generaliz,cd strength" atuibute • which is used in an 
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 thing. In electricity, VOltage, current, 
power, potential, and velocity of electrons are used interchanSeably 
by some peaple. The advantage of this generation sfratagy is of 
course that simpler models will be explored first, with further 
distinctions made only when necessary. Second. some physical laws 
can be viewed as constraints on what Process Vocabularies are 
possible. Conservation of Energy. for example, demands that if a 
process directly in fluem:es a quantity that represents some kind of 
energy it must also direcdy influence some other quantity whlcb 
represents energy in the opposite direction. 

Once again. Analogy can provide a constructive mechanism. 
It can be used to impon candidate processes from previously 
understood domains.. such as understanding heat flow in ICrmS of 
fluid flow. 

4.4 Stage 4 • upert MOlle.. 

The models generated so far still contain fundamental 
ambiguities.1 The final Stage of learning consists of discovering ways 
to resolve those ambiguities. We suspect several kindS of knowledge 
are involved. (Obviously, the potential complelity of the models is 
open-ended.) These kinds of knowledge include equations to 
describe relationships between parameters and "rules of thumb" 

1. (de Kiter. 1979] discusses Ihe nature of ambiguity in qualitative 
descriptioos. 
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which specify useful default resolutions for the ambiguities inhen:nt 
in qualitative descriptions. ExllOlplCl> of these ambiguities include 
knowing circumsl.ances in which cerl.ain processes can be igno~ 
(such as evaporation when pouring water from one glass to another) 
and what their net effect is (such as mack's law for the temperatun: of 
mixtures). 

Returning to the balance beam example, we know !hat the 
force of a block on the beam is qualil.atively 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 disl.ance and weight, then providiog 
numerical values for these quantities will allow an unambiguous 
prediction about tilt 

4.4.1 Learning Expert Models 

One pan of relining our commonsense models is to 
elaborate Q;Q sl.atements inoo constraint equations. (Langley. 1979) 
describes techniques that should be useful. 

Developing rules of thumb requites diSCOvering which 
outcomes raised by qualitative reasoning are unlikely and which 
potential interactions can be ignored. We suspect the possible 
behaviors raised by Naive Physics are compared against known 
prooohislories. Hypothesized outcomes that have no corrcspondiog 
prooohistory are considered unlikely. while those corresponding to a 
very familiar protohistory arc considered very likely. 

S. Summa.,. 

We have describe<1 our progress in weaving together the 
Structure Mapping theory and Qualitative Process theory into a 
framework that aims to aecount for learning in physical domains. We 
an: still at the stage of refining the questions, rather than providing 
answers. 
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Abstract 

'11le Al ',ing ml.'Chanism~ f)f I:nowl~dlll! compilation arc 
db,;·Js:;OO. k, : compilation (;onsists of th~ m..:dlilllisrns of 
~1l.l1p(l~1ll01l alia t ,JCeduralizatioll. COmI1(\~ilion I)perat~s by 
.;ul1ai':iing multiple productions into it single prvduclion IImt has the 
circet of Ihe set. Proceduralit.:llion op\:r;4[eS hy building inlo 
PI'(.!u(;!ion:; inforll1ation that prcviously hat! hI Ix' rctrieved fmln long­
t..:nH melTIory. It i, 5hoWlI how these two mechanisms can simulate the 
inili;t! SW;,lCS or skill aeqlli~ition in the donM;n ur learning how 10 
program in LISP. It is liiso EhlJWII llllll these iUcch,misms can 
rcpr<.lduce 1I1C effeeL~ of Ihe Olcner.:ii?"!iun and discrimination le'1rninlt 
mc~h;lIlisms. Gencralil.ations a'ld dlscrimiMtiolls emerge as the 
cunsequencc of compiling the proccsscs of analollY formation and 
('rmr correction. 

K£y lrnru: learning. knowledge compilation, romp~lUon, 
proccdun.Jinllil)ll. skill acquisition. simulation of LISP programming. 
Jnalogy. gencrali7~1tion. diSCriminatioll. cognitive mweJ!ing. 

Introduction 

For a number of years(Andernlln.l982.l98la; Anderson.Sauers, 
& Farrell. 1982: Nevcs &: Ander;on. t981) we have been working on a 
general sct of learning principles that come under the I'\Ibric of 
h;owliJdge compilatioll. These principles are concerned with how a 
:lCW 51dll is acquired such a generating a proof in geometry(Andersoll, 
1983b). The general framework'is one in which a learner is viewed as 
bellinning with declarative information relevant to the execution of a 
skill. For instance. in the case of geometry. the snldent might learn 
about Ihe properties of two column proofs and various theorems and 
postulates. 'Ibis information is SlOred in declarative form--i.e" as facts 
about 1I1e domain. For this knowledge to be used, general interpretive 
procedures must apply to use these facts. Two common types of 
interpretive procedures are general problcm-solving procedures and 
general analogy procedures. Knowledge compilation operates on the 
tract'S of such procedures. It will create new procedures ~hich are 
speei fie to that domain and which are inure eff'lcicnL 

This paper will discuss knowledge compilation and give an 
example of its use to simulate learning of initiill programming skills. 
'Inc l'('St of the paller will be devoted to discussing a recent discovery 
we have made about the knowtedge compilation mcchanism--that it 
{;an t~ u~ed to produce learning effects that had been thought to be the 
result of independent learning mechanisms of discrimination and 
genemlization (Anderson,Kline. and Bcaslcy,1979; Hayes-Roth and 
McDermott, 1976; Langley, 1983; Michalski and Stepp. 1983; Mitchell, 
1978: VefC. 1975). Further I will arguc thaI there is evidence in '!he 
hmTtall ca!k': Ill:lt knowledge compilation is the process that underlies 
gcneralil.1tion and discrinlinati!ln. 

Introduction to Krlowledge Compilation 

'OIC II.nowledg;;: compilation Ill"~h;\nisnls arc defined wilb 
respect to a (lroduction syslemlill.c ACI'(Andi:f!itlll. 198341) ..... hieh b.1S a 
SI~l'lIratc long·tcrm dcclarathe memory to represent fact" anG a 
produetiull memory 10 r<:prcsc:nt procedures. '111e knowlcdge 
compilation m.xhanislllS operate on I.he traces of pre,due.iml 
application to create new productions. P.efo.e getting into the dCiails 
of a full example or the details of the implementation. it wlluln he 
worthwhile to have a brief overview. 

The knowlroge compilation processes in ACr can be divided 
inlO two subprocesses. One, called C'O/Ilpusitilm, takes a sequence of 
produc:tion~ that follow ellCh other in wIving a palticul.1T pm!>lem and 
collapses theIR into a single production that has the em.:ct of the 
5Cqu'!nce. The idea of composition was first de\'elopcd by 
I.ewis( (978). Composition speeds up the 'process considerably by 
creating new productions that r.mbody the sequence of steps used in a 
particular problem domain. '1l1e second process, proceduralization. 
builds versions of the productiuns that no longer require the dOlllain­
specific declarative information 10 be retrieved inlO working memory 
so L'le in fOllrultion can be matched by the general interpretive 
productions. Rather. the ~ential products of tbese rctrieYal 
operations arc built into the new productions. 

The basic processes of compilation can be illustrated \Vith respect 
to dialing telephone numbers. It has been noted{Anccrson. 1976) that 
with a frequently dialed telephone n\.lmber. one develops a special 
proc.:dure for dialing it; sometimes declarative access to the number is 
lost, and me only access one has to the number is !hrough a procedure 
for diaUng iL 

Consider the following two productions dUll might serve to dial a 
rclephonc number: 

PI 
IF' the goal is to dial =telephone-number 

and =digit is the first digit of =telephone-number 
THEN dial =digiL 

Pl 
IF the goal is to dial ::: telephone-number 

and =digitl has just been dialed 
and =diaiU is after =digitI in ;;;: telephone-number 

THEN dial =digil!. 

Cmnp~'I);jliull Crc.1tc~ "mocropm!luctinus" lIlat do the IIperalion 01' :1 

pair of producuolI!l that (lI.'tu(rcd in SC'qucnce. Applied 10 tho.; 
S(t1l1cnce of PI till\(;Vled by P2, composition would crc:':l:.c: 

http:palticul.1T
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II· lih: r,oal is (I: dial =tcJcpho!lc-numi::cr 
and '" dii,lit I is thc first digit of = tc1cph,lnc'lltHlIllCr 
and :...:digill is;lrtcr :.::oigill in ::telephonc-number 

lIlEN uial :.:digill unci then =digit2. 

C<Hr.positiullS like' this will rcullce thc number of pmulI<:tiun 
"illlikatiofls to pcr/(m'l the task. 

1\ Cllml)Oscd prodl!Uioll like Pl&P2 still requires thr.l the 
inrr.flllation(in this case. the telephou..:: number) be retrieved from 
\O!lg'lcrm mcmory. held in working memory. and matehed to lhe 
sr.:ond and Illird clauses in 1"1&1'2. Proccduralil.ation eliminates 
dausc~ in the condition of a production that require infonnation to be 
r':lric'lCU from long-tenn memory and held in working mem()ry. In 
PI&1'2. the second and third condition clauses would be eliminated. 
1;1,: ',ilfiablcs 1l1;ll would have been bound in matehing these clauses 
~re n:pJ:!ccd hy thc values that they are bound to in the special case. If 
1l1i:; pr,:duction is applied in dialing Mary's telephone number. which 
i3 '!J2'2~15, the variables in PI&P2 would be bound as, follows: 

=t~lcphone'number =Mary's number 
"'digitl:;:: 4 

=digit2 =3 

Sl1bstituting these values for the variables and eliminating the second 
and third condition clauses transforms the production into: 

P1&1'2­
IF the goal is to di;d Mary's number 

TH EN dial 4and then 3. 

ny further composition and proceduralization. a production can be 
buill that dials thc n111 number: 

P* 
1r thc goal is to dial Mary's number 

TIIEN dial 4-H·2-8-1-5. 

1r. should be emphasized that forming this production docs not 
nec(''SslIrily imply the loss of the dcclarative representation nor of the 
anility to use il interpretively. In the few reported cases of loss of 
declarative access to a telephone number. the declarative knowledge 
has c~aserll() l;\: u~cd <Hlti hilS :;implj' been forgotten. 

Elscwherc(Andcl',oll, 1982, 1983a; Nel'cs & I\nclcr..oll. 1981) lYe 
ha'..~ disclMCd the evidence for Imowledgc compilation rl'cJn the 
litl'r;.lUre of experimental psychoklgy. '1llC major is~uc to be 
'.OIN l l"reu here is how the!;C mech;tnisms arc implemented ilud used 
in rchlively l'Oillplcx problem-solving dom;lins, Our work Oil thi~ 
topic has b..::cn done in the context of the GRAPES simulation of the 
I\cr thcory(Sauers lind Farrell. 1982). G1~,\Pl-:S is a system devllt(.'li 
10 simulating ACI' in the contcKt of novice LISP programming. It 
simulat~s the pmbl..::m solving and programming of novi<.'CS in wliting 
LISP functions and how novices lcam from their plOhlem-solving 
c:pi:;otlc~. I will describe here first a typical '0R,\I'E~ sirr.u lalion of a 
subk.~t ,me th<:11 f()~us on the mechanisms or knowl<)dgc compiL'ltion 
l.nj.:rl,ing that simulation. 

A Simulation of LISP f'lmgrammillg 

One of our consistent obscmlfions nhout novil'cs is t.hltt they arc 
not abll: lo read instructions, of even modest complexit). and Ih~n 
generate. without'error. the behavior instructed. This i~ not surprising 
ghen the ACT theory. I\ceording to thal theory. in~lnlctions arc 
~t(U'cd initially in a declamtivc fonn while behavior requires 
prncedures which arc represented as productions. Instructions cannot 
directly set up procedures to perform the skill. To get behavior. 
general interpretive productions must conven this knowledge illlo 
behavior. Many of the problems arise because of the indirC<~tion 
through these interpretive productions. 

I will discu!iS one of the early learning episodes that we have 
simulated. If the reader is interested in the simulation of more 
complex progmmming behavior he is referred to Anderson. farrell. 
and Sauers( 1982). The problem-solving episode to be discllssed. from 
one of OUT subjects IlR. is typical of the difficulties people have in 
making the transhion from instruction to experience. She had read the 
instruction on p;lges 33-37 of Winston and Hom(198l) on function 
definition and had turned to t.he first problem on page 37 to define the 
function FIRS r. This function was 10 return the first clement of a list 
This was her first attempt at defining a nmction. 

She elttracted virtually nothing from the text instruction. What 
she did extract was a template for how 10 write a function definition: 

(OEFUN <functjon name> 
«parameter 1> <parameter 2>...<parameter n» 
<process description» 

Winston and Horn assert "angle brackct~ delineate descriptions of 
things" . She alst) studied three examples of function definitions to 

wilidl shc reti:rrc,1. The IirstconverH:d f"rcnheitlo c~ntigmd(:: 

(I)EFUN F-TO-C (rEM F) 

(QUOTlENT (DIFFERENCE TI'l\.Il' 32) 1.8)) 

'!l~c SI.'Cond exchanged the lirst two members of a list: 

(DEFUN EXCHANGE (PAIR) 
(LIST (CADR PAIR) (CAR PAIR))) 

Til.: Ihird relurned the percentage by which the second argurr.ent is 
I,lrg<:r than the first: 

COl ~FUN INCR '".ASE (X y) 
(QUOTIENT (TIMES 100.0 

(DIFFERENCE Y X» 
X» 

The one other relevant. thing BR knew was the function CAR 
and how to use it when interacting wilJ1 the. monitor in LISP. CAR 
retuJns the first element of the list which is its argument. She knew. 
for instance. that if she types (CI\R '(A B C». the monitor would 
return the answer A. '[bus, this problem is really an exercise in using 
the syntax of function definition rather than defining a novel function. 

BR's method of solving this problem relied heavily on tryillg to 
usc the strllCture of the template and the examples to guide her 
furtclion writing. We rcfcr to this process as stlllctural allalogy_ We 
crtated a production system in GRAPES that would simulate this 
protocol. The only productions we required for Ihis simulation were 
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f':l<:~ to do stnl\;tural. analogy and Ol1es that could usc the LISP 
functions CAR Hml CDR at dle lOp level. 111": first tyr-c of 
productions represent a general plior skill evoked in many contexts 
(f'lr insLlnce, in filling out income tax fonns). The second ty9C wa~ 
acqllir~u from work with earlier chapters in Winston and 110m. 
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Figure 1. 

Figure I illustrates d\c goaL tn::..: geDcfllted in simulating this 
cx'lInplc. r:'1Ch box in Figure 1 represents a g~11 and each arrow 
cml'llating from the box represents a GRAPE.S production trying 10 

achieve the goal. If thc production has subgoals. it is connected to goal 
boxC"i below. The simulation starts with the goal of writing die 
function alld choo,.-;<; as its method to use the template for function 
definition as model. We refer to thi~ as mappillg the template. The 
fir.;t subgoals that GRAPES processed in Figure 1 were concerned 
with mapping DEFUN and <function name> in the template. 
Pmdu~·tions rcspf'lIding 1.0 these goals wrote out "(DEFUN FIRSI~' 
without dilftcullY. 

Like Ol'r subjcct, GRAPES was not able 10 directly write out the 
parmnclcr part of the function templilte because GRAPES did not 
krill! what ;J "parameter" w:,~. In ca:;(s l!l: c Ih:~. (j p ,,\j·[:.S' ill1ah)~'Y 

pr!;(tuc:hlfl.• will rcson 10 a l."olJ(:rl·ll~ eXiI':!!,k..\ he C('r.li"<·t.: C\i!!III.lk 

r~.,j~\eJ by URA!'I:''>; is thc dclil1itioll (If F-TOC gi':':11 .:,,11;,:1'. '11~c 

sltbj~"Ct r.!I"i.:\\ed tWII eXlImpks ill W!!l:;h)!~ ::nd llcull--\-'-TO-C ali(I 

EXC(1,\NGE_ In botll c:'!\(."; ~he now<; th" sin:;Jc ar::;ltlllClll wlikh wa, 
the parameter. GRAPES solved Ihc .ina!,}.::y; X is 10 F·'1'O-(; <IS tlie 
p'U"JlHctl!r list (i.e., (I':lfalll<;l~r J)(paramet<'f 2)...<l'af,1I11el,'r n») is 
to the alwmct template. aad retrieved crEMP) a~ the "/:;111': luI' 
X. '110,1';, it decided (TEMP) W:"!i serville the p.Jralll':t...:f role ill 1'·'1 ('l-e. 
Th(!ll it solved the analogy X :s to FIRS r as rn:~.iP' is II' I'-TO'C :lnd 
cam" lip with the answer (LISTI) which it put intu lite tillldiUII 
delinilion. That is. GRAPES decided (LIS 1'1) sen,;,! the compar:lble 
role in the function it wa.~ ddining as (rEM I') WilS servin;! in F· I'O-C. 

'nlen GRAI'P.s turned to the proce5.~ dCf>Criptinn. Being ulI<lule 
10 directly interpret what is meant by <procC!>S description>, it k,oked 
to its conClete example P-TO-C and saw that LISP code Iilll!d this ~lot 
which perfonned the function operations. In analogy, GRAPES set its 
goal to write code that would pcrtorm the operations r.~tjuired by 
FIRST. 1ne subject at this point looked to a different t'xilmplc. 
INCREASE, for the same purpose of analogy. A production for u;;ing 
CAR at the top level applied next in GRAPES, but there is no 
production to specify how to write the 31gument to the function to 
CAR in this context. GRAPES an(.\ tbe';uhjcct know dlat CAR will 
operate on usn, but they do nOl know tile syntax for l>pecifying it. 
GRAPES again turns to it'! concrete example, F-TO-e, (lnd solycs lhe 
analogy (CAR AKG) is to (QUOTIENT X) and retrieves 
(OIFrJ~RENCE TEMP 32) which is the first argument to 
QUOTIENT. It then solves the analogy problem of what it must do to 
usn to make it like (DIFFERENCE TEMI) .12) and decides it 
should embed usn in parentheses. Similar to GRAPES. the subject 
louks at 3 runction EXCHANGE whic" has the same argument 
s\nlcture as F-TO-C. We assume she makes the same erroneous 
analogy because she writes (LlSTI). 'nle first argument to 
QUOTIENT in F-'ro-C is embcddc(.\ iii parentheses (as is the first 
argument 10 usr in EXCHANGE) because a function. 
DIFFERENCF~ must be called to calculate the argument for 
QUOTIENT whereas no function call is r<:quircd for the argument to 
CAR in the FIRSr example. 'Ille function detinitioll (It thi~ point by 
both subject and GRAPES is: 

(DEFU N FIRST (LlSTl) 

(CAR (LlSTl») 


lbere are two things to note at this point. First. the subject has 
read, in the text, infonnation dlat would have enabled her to know not 
to embed LlSTl in parentheses. but this has 110 impact on her 
behavior. Second, on prcvrous occasions she had correctly specified 
variable arguments when evaluating functions at the lOp-level. 
E\'ClIllially, the UtlUI' u;;cd thi'! se<:\lthi iilft, Iltatlh<: suhjl'ct c(lulu (;u it 
Cl1rrl"Ctly ill dIe top level. to gllic.lc her tIl a cllrrcct wllltioll. \loth of 
th('SC observations illustrate the relative isolatiun of knowled&e. 'Inat 
is, knowledge studied or used in onc contcxt is not availilhle in ililother 
(;ontexl. 

When the subject tries her function definition. an error mC~5:1gc 
is geIlCHltcd--"LISTl: undefined function object". GRAPFS receivcd 
the :;arne error mo.:s....'ge when it tried Ollt the same function definitiull. 
lbe error occured bl:Cause LlSI) t('cats the liNt thing inside is 

pilrclltho.:sizl~d exprcs.<;ion to be e·..aluatccl as a function ,Ind there is no 
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r:.:':~';"11 "!~rr;;,p,,,lt:iIi31<l LlSTI. GiC\PES '1>S<A;ial<.J !llis error wilh 
ii;.; Litur\! tn ~:l:I(':lly spo:dt'y the ;lrgumclit 10 C,\!t On previoLls 
(;c.; ..,iol\-; UR h;!<.! encountered th,~ f,amc error at thc torleycl typing in 
':l'lI\tP;Ii\Js li~(; (c\ It (M) vih.:rc lhe ill'gull1cnt to Ct.R is Itl bc !;lkcn 
literally rather llwil cVllluated. Always in the P<lst sile h'ld repaired 
'h.',.: errors b)' qlWlilli! the argum<:nl. 'Il.is is done hy prC\:cding the 
Ir~i'Il1Cnt with a ~il1!.llc quote, i.e. (CA R '(A». We as.~ume that both 
[he ~ubjed !lnd GRt.IJES have compiled from prcvious <:xperience a 
nih! that U,C way lO repress this erftlr is by Llsing quote, whkh .tops 
!.lSI' rlOll1 c'.ahlating. After applying this rule the function becomes: 

\I):'FUN FIRST (USTI) 
(Ct.R '(LlSTl))) 

When this new function is tried on an ex~mple, I.ISP retunlS the 

CAR of '(USTI) which is USn--ratber than the lirst clement of the 

'I.lillc of I.lST1. It is at this point that the mtor intervenes and reminds 

tile sunjcct of how she would solve the probl~m at, the top level. In this 

CI)IltCxt the subject would have lIscd (Ct.R LlSll) rather than (CAR 

(LIST!» or (CAR '(LlSTl». We simulated this intervention ill 

GRt.PES by rcfnClIsing it on the code-argument goal in Figure I, and 

putting (Ct.R LIST!) as a top-level example in working memory. 

'111cn GRAPES, as the subject, maps this code 10 its current function 

dctinition and comes up with the correct code: 


(DEFUN FlHS'i' (LiSTl) 

(Ct.R L1STl» 


Knowledge Compilation 

After finally solving this problem, The knowledge compilation 
mechanisms fonned two productions which aided its solution of the 
sctond problem. These productions summarized much of the problem 
solving tl1nt toole plm:e. 

Cl 

IF the goal is to write a function of one variable 


'1'1 i!·)~ \I rill.! (DEFUN Ihliction (varinhle) 

and ~.:t ii' ,\ 'illbgo;ll tu code the rdation cal.;ulated hI 


Ulis runction 

and U\cn write ). 


C2 

I F the g.oai is w code an argument 


and thnt argument corresponds to II variable of the function 


TI lEN write the variable name. 


We have encircled in Figure l the portions of the goal tree that are 
~lImm'ltized by each of these productions. ·nle first production 
capturcs the top. level syntax of 11 functioll while the second 
summarized U11) search involved in finding out how LO specify an 
argumcntlo a function. With th~ productions, G~~AP:S ~as abl~ 10 
write a second function much caSler, as was the subject. flus function, 
c~lIed SECOND, was (0 return thc sccond element ofa list. 

Conclusions 

There arc a number of conclusions that we draw from this 
eXJmple. 'Il,e first is the importance of structural analogy 10 bridging 
the IF'P hetween Clirrent knowlcdg/! and the needed behavior. We see 
tWI! SU:.lfCCS for the stntClure fr.lIn which Ule analogy is being made. 

Dlle is tclllrl1u1t'S provided ill the text and worked·out pn;blcms. 'l1,e 
other is 5lructllfes that thl) slIbject can g"lterate·-tor insmncc, the 
~ubject gener.,tcd lCt.R LlSTl) as top·lc\·cI sulution Jnd then used 
this in her fl:m:tioll definition. 

A second conclusion concerns the hierarehical structurc l'f the 
problcm-wlving episode as iIluslf<ltcd in Figure l. Note alsu that the 
goals in this tree arc expanded depth·iil'St and len-to-righl. Jeffries, 
Turner, !\twood and l>olsvlI (1931) also note this hier.l1'chil;ai structure 
in the programming bchavior of r.xperts··although their subjects use 
breadth-IiI'St expansion in corrc::pondellce with the edicts of structured 
prt'8ramming. 

The third conclusion is the importance of knowledge 
compilation in extracting new IlwJuction rules from an examplc 
problem. 'Il,ese rulcs ~trcamline d\e solution of later problcms. As Ihe 
protocol ~hows, the learning can bc 011 the ba~is of a single ('xample, It 
needs to be stressed that the Icssons of this ex:unplc "stuck" which is to 

~.ay, BR did not have, on later days. the same difficulty with thc ha5ic 
synta, of fUllction definition nor argument specification. It should 
also be stressed that compilation dcpcnds critically on the structure of 
goal trccs. That is, the structure of the goal tree identities what parts of 
the problcm-wlving episode belong wgether and can be collapsed into 
a ~illgk rule. 

In these Ihree fCaLlIr(!s..~trucruHlI 'IIlJI(lgy, hit;rarchk'al gHal 
t..:c~, antI knowledge Clllllpil.llion--we hal'c {lIIC cumplete sr.lution :0 

Ihc iS~lIc of hmv thc subject is able to make the tWllsitilm to <I new 
c'l£niiivc behavior. 

Further Discussion of Compilation 

II would be useful to consider some further exampks ot' 
pmc,:d!lraIil.atioll and composition, the two subprocess of compila\ion, 
fhr the domain of I.lSi> programming. 

Proccdu ralization 

i'roceduralization can be illustrated in its pure fonn by the 
!hllowing example: In GRAPF..5 there is a production that will 
retrievc functiun definitions from long-tenn memory' and apply them: 

IF the goal is 10 code a relation Oil an argument 

and there is a LISP function that codes this relation 


TflEN usc this function with the argument 

and set as a subgoallO code the argument 


III this production, relalion and jUtle/ion 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 of a list." If 
this rule is proccduralized 10 eliminate the retrieval of the Ct.R 
definition, it becomes 

IF the gool is to code the first member of a list 

1'1-1EN use CAR ofthe list 


and set as a subgoallO code thc list 


This is achi~ved by dcleting the s..."Cond clause in the first production 
thaI required memory retricval. RJther, Inc rest uf the produetioll is 
made specific to the relation first clement and the fUllction CAR. Now 
3 production has been created which can directly 1'C1;0gnile the 
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appEc;!tioll ot' CAR. 'll1is willl'l.'Sult in a reduction in the amount of 
lonll;tt'rm memory information that necds to be maintained in 
,.wking memory. 

Composition 

As an example of pure compo!lition. suppose one wanted to add 
the iirst member of Listl to Lisa. Then the following two opcl1ttors 
would apply in sequence: 

I F tile gmd IS to adt! an elemcnt to a liM 
IIII;:'~ C08S the elcmcntlo tJle list 

311..! s.~t d~ ~ubgmtls 10 code the clement 
llIul to eod~ the list 

II: the gOlll is CI"ldC the first member ofa list 
TIIEN ll~ CAR of the list 


and sct as a subglJ.1I to code the list 


Th:! first rule above would apply binding atl elemf!lll to "the first 
memb~r of Ustl" ilnd (/ lisl to "Ul-ot2". The second production would 
"pply hinding a li.s/lO "Listl". A simple cnse of ccmposition wOIJld 
il1\OI':c combining thes~ two pro-:iucLillns together to produce 

C4 
IF the goal i5 to add the first member of Oll(! list to another list 

THEN CONS the CAR of the first list to the scconsl list 
and set as subgonl'i 10 code the first list 
and LO code the second list 

Such compositions collapse repeated sequences of coding 
operations to create macl'O'opel1ttors. The result is a speed-up in 
coding. A major issue concerns what productions to compose together. 
The above example is a fairly simple case of collapsing two levels of a 
goallree into one. However. in some cases, such as when Figure 1 was 
collapsed into two productions.· many productions can be collapsed. 
GRAPES determines what productions to collapse by inspecting the 
goal tree. There are two types of goals for. purposes of composition. 
TIlere are i/l'u~ret/I BI'H11s and there are planning gools. Ioherent goals 
are intrinsic parts of the problem domain. For current purposes 
inherent gouls are all variants of writing code. The imponant feature 
of inherent goals is that in achieving them one achieves part of the 
original task. On the other hand, planning g0.11s produce results lhat 
are used to suide solution of the original problem but the results 
themselves arc not part of the original problem. In figure 1 the 
inherent gOlls are "CODE TIlE FUNCTION", "CObE THE 
RELATIONSHIP", "CODE THE ARGUMENT', and "WRrt"E 
THE VARIABLE"; all the rest are planning goals. 

CompOSition coflapses productions in one of two ways. One 
possibilility is 10 eliminate the planning goals that are intermediate 
between two inherent goals. ·f1tis is what happened wben CI, given 
earlier. was formed for Figure 1. Composition formed a rule thilt went 
from the goal of "CODE THE FUNCTION" to the goal of "CODE 
THE RELATIONSHIP". In dOing this it compiled out the planning 
process illld simply len in the products of that planning. The same 
process underlies the formation ofC2 from the goal tree in Figure 1.. 

'111e ~'Cljnd pOS$ibility till" cUmpn'lilill1l is iIIl1~lfatct.i i.l ihe cas\: o~ 
C4 given c<lrlier under Ihe discus.sion of purc comllosition. ~I~rc! it 
~tart~ WiLh the 30a1 of ildding Ihe lin.t clement of one Ii:;.t 10 anotli.::r, 
~kip!; ovcr the intenncdialc twal of coding the tirst eiClI1ellt nf th<:: list, 
i1111.! sct'i Ihe go,l\S nfcoding the tYin lists. In so doing this it is basically 
creming macro opemtlJrs somewhat similar to STRIPS(Fikes aud 
NiI~...>n. 1971). 

This learning scheme requires that the ICilrner he able to identify 
what subgoalswere essential to the problem lKllutions and which :tre 
only internlediate to the final solution. 

It necd.~ to he cmphasi1.cd thnt neilher proceduralization nor 
composition elimiuillc Ihe original l)ioduCLiofi niles from which they 
were built. Rather tbe new compiled rules just serve as additioll!:1 
supplemental rules to pruduce better performance in certain 
circumstances. 

The elTect of the k:1Owledge eompilation process is to create a set 
of productions thilt mirror the structure of LISP. They may explicitly 
involve LISP functions like CAR or COND or LISP programnling 
techniques like tail-recursion. These productions will preserve the 
inhercnt gOllls which arc specific 10 LISP and will delete the planning 
goals involved in jomain-general processes like structural analogy. 
111U!! representative productions become (sec Anderson. Sauers antJ 
Farrcll.1982); 

IF Ule goal is to code the second member ofa list 

THEN use CADR to set a subgoal 


to code the list. 


IF the goal is to obtain all the elements which have 

a relation to any member ofa list 


1'1 {EN use MAPCONC and set as subgoa\s 

To code a function lhat will return all the elemenlS lhat 


have relation to the argument. 

Tooode the list. 


Generalization 

Generali7.alion is another learning mechanism which can be 
defined on productions. As it is typically formulated(eg.. 
Anderson,Kline, and Deasley, 1980). it takes a pair of productions and 
&enerates what is called the maximQI common genera/izalion_ This is 
the most specific production that will apply in all the circumstances of 
either original production and have the same effect lIS the original 
productions. So, for a simple example, if we bad the following pair of 
productions: 

SI 
IF Fred is rich 

and Fred is ugly 
and Fred is smart 
and Fred is ofmedium beight 

THEN Fred is in club 1. 

http:cmphasi1.cd
http:subglJ.1I


208 

S2 
II" G,lil is rkll 

(tntl Gail i~ ugly 

.In\! Gail i5 stupid 
and GJil is of mcdium hci~ht 

THEN Gail is in club 1. 

Then the following production would be formed as the generali7.ation 
nrillc two: 

G1 
IF ::: pW.OIl is rich 

:md =person is ugly 
and '.~ person is of medium height 

THEN =person is in club 1. 

wht::re !!: persoll is a variahle. The first productions can be viewed as 
sprcific observatiolls and G1 is a generalization formed from lhc:\C 
ob~ervation5. Note G 1 is fOlmed both by deleting condition clauses 
and by replacing CI)IISlants by variables. These are the two 
tran~formalions lhat occur when one moves to generalizations. 

The interesting observation is that compilation results in clause 
deletion and replacement of constants with variables. Compilation 
deletes daust!s associated with ommilted goals and with planning. On 
lhc ott:er hand variables can remain from the planning process in the 
compiled productions. Thus it appears we might be able to get the 
efft:ct I.,f gencrati7.l1tion through compilation. 

::ipl.'Cilically, it appears lhat generalil.ations can be funned 
through the process of compiling analogies, The basic framework is as 
follows: The system has instances committed to memory as declarative 
filcts. When a new instance is encountered, the system compares it to a 
memorized instance and uses the structure of the memorized instance 
to guide response. '111en compiling this compare-and-respond 
behavior produces a production which i$ a generalization from the two 
in5l:lI1ces. This is b;lsic~\ly what happened in the c;lse of fomling Cl 
and (;2 Ii'om Hr,ure i. 1 would like to gl) through :1 siml}ler examille 
:-'er~ that will make lhis process IliHre transparent. '111en, I wlll discuss 
the psychological evidence that indicatcs this is the correct cOllccprion 
of generali7.<llioll in hllmllns. 

Consider a very simple prOIluction set that will classi fy n~ 
instances according to their similarity 10 studied instllnl;cs: 

IF the goal is to classify =object 

and = reference has been studied 


TBEN setassubgoals to compare = object to =reference 

and to determine if =objcct is in the same category. 


as == reference. 


P2 

IP the goal is to compare =object to = reference 


THEN in itialit.e the measure ofoverlap 

and set as subgoals to match all tbe features of =objcct 


to :::: reference. 


P3 
IF the goal is to nlatch = feature to =reference 

and =reference has =fe.ature 
THEN increment the measure ofoverlap. 

P4 

IF the goal is to match =feature to = reference 
and =reference does not have = feature 

THEN decrement the measure ofoverlap. 

PS 
IF the goal is to detennine if = object is in the same category 

as = reference 
and the measure ofoverlap is above threshold 
and =reference is in =category 

THEN =objcct is in =caregory. 

P6 
IF the goal is to determine if =object is in the same category 


as = reference 

and the measure ofoverlap is below wcshold 


n lEN POP failure. 


This produl;lifJn SCI will keep comparing the to'be'c1I\~~ificd ohject In 

c.lIldidate rei;:rcnce. fwm melllory lIntil a hinh similarity l'elCrelll'e is 
(\lund. 'then it will catcgori7.e lhe object as in Ihe same category a~ tile 
high similarity reference. 

Figure 2. 

Suppose the !:ystcm hns committed 10 Inemory that Fred is ill 

cntegory 1and he was rich, ugly, smart, and ofm.:dium heIght. 'lhen 
the system is asked to categorize Gail who is rich, ugly, stupid. and of 
medium height. Figure 1 llIustrates the goal trcc g·:neratcd by 
GRAPES in applyina this production set to the classification problem. 
It found matches on three features and mismatch on one·-which ~vas 
sufficient 10 exceed threshold. The compilation process re[lllrdcd all 
the similarity comparison as planning goals and compiled 111\ of.this 
out and funned the following single production: 

IF the goal is to classilY == object 
and =object is rich . 
and =object is ugly 
:lnd =obj«t is of medium height 

THEN =object is in dub 1. 
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Thi3 production is essentially identical to the generalization 01 given 
earher. Thus. compiling the process of make an analogy will result in a 
gellcralization. . 

What has been dCliCribed is a procedure for getting the same 
effect as gencrali7.ation. What reason is there to believe that it is the 
process underlying generalization rather than the more direct 
gencrali7.atioll mechanism? First. it is more plausible within the ACf 
production system framework. To produce a generalization in ACf it 
is nrccssary to st31t out with very specific productions lite SI and S2 
given carlier. This is because the generalization mechanism only works 
on productions. These highly specific productions are patcntly non­
intuitive and moreover the ACf theory would claim it is not possible 
to directly form such productions. So, an ACf thcory that produces 
generatiz:atioll through compilation is more plausible than one tl1at 
uses the direct generalil.ation mechanism. 

Second, independent of the ACf framework, the evidence is 
against an automatic generalization mechanism that has no strategic 
componcnL floth Flio and Andcrson(l983) 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. Thull, it 
docs not seem that humans exlrdCt always and only the maximal 
common gcneralizations. 111e generalizations they do cxtrac.t are 
detenllined by what they arc looking for. 'This is better modelled by a 

sySI\;m like the preceding thal leaves simiim ity dctl."Ction :It the 
slrategic level. 

Third, notice that the systcm can classify on the basis of a single 
~:(udicC! instal1ce. A generalization scheme requires at least two 
inst:lOces· to form a generalization before novel instances can be 
dassified. E1io &, 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. 111is is consistent with 
the current conception. In addition, Elio and Anderson showed tllat 
subjccts could better classify a· novel instance when there was a 
relevant generalization that could be formed from two studied 
instances--even when overall similarity of studied to novel instances 
was kept constanL This shows that generalizations also do occur and 
all classification .is not a maner of analogy--again consistent with the 
current scheme. 

Also, experiments have been done where subjects can c1a'lSify 
novel instances after studying instances unaware of their classification 
structure(Broots. 1978). For instance, subjects learn to associate 
animals and cities to stimuli in a simple paired-associate experimenL 
After doing the paired-associate task, they are told that all the stimuli 
associated to new'world animals and cities form one categOry and all 
stimuli associated to old-world responses form another category. 
Subjects were unaware of the old-world versus new-world dimension 
during study. They t;an now reliably classify new instances as to 
whethcr they are old or new world stimuli. Since subjects were not 
aWalc of the classification structure at study there was no opportunity 
to form generalizations. The classifICation must be on the basis of 
comparing specific test stimuli to specific study stimuli. 

Carbonell(1983) provides an elaborate discussion of how analogy 
might be used to guide problem-solving which goe$ beyond the 
discussion here. He also speculated on how generalizations might 
emerge from the al18logy process. He proposed that the subject would 
store analogical solutions and generalize from these in just the way 
• I 

typical generalization from examples works. 'This discussion shows 
that gcnemlizations can emerge as a byproduct of the analogy process 
without a separate generalization phase. 

Discrimination 

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 ofconsenslls in 
the ·Iiter:ilure. I certainly do not 1l1ink there is a uniful1l1 
discriminarion process in the human. However, for Ihlrpus.:s of 
disc'J~siun I will focus on a kind of discrimination called action 
discriminatioll in the ACT theory(Anderson, 1982. 1983). Again for 
c\"ri!, I \vill illustrate it with respect to simple cllts.~ification~ but 
Andersou(1982) can be consulted for more complex applications. 

Suppose we have the fullowing general production: 

G2 
IF =person is rich 

= person is of medium height 
TIlEN =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 becn made and the system sets Ollt 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 
retrieved as someone correctly classified by the rule who is smart, ugly. 
rich. and of m~um heighL 'The discrimination mechanism looks for 
some feature which was true of the successful instance but was not true 
of the unsuocessful instance. In this case, the only difference is that 
David is good-looting while' Fred is ugly. Therefore, a new 
proouction is formed that has this ~ded feature: 

Dl 
IF =person is rich 

and =person is ofmedium hei&ht 
and =person is good-lookina 

TIlEN =person is in club 1. 

This is called an action discrimination because it has a different action 
than the production(02) from which it was formed. D1 does not 
replace 02 but because of the specificity ordering of productions Dl 
will tate precedence over 02 whenever both match. 02 will only 
apply when the person is not good-looking. Note in forming 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 wecan 
add to the conditions of PI some of the conditions of P2 ~nd we can 
change the action of PI to the action of P2. 111us, it appears that we 
might be able to get the effect of discrimination through compilation. 
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The l,..,i·; Sd1clJIc'fur ?,<!Iiing discrimination through cOlnpil:llion 
is '.\ ivv.:: tilt' 'Y'(elll cunsciously (md deliberately go throuGh the S!r.ps 
illl'lll.ed ill forming a discrimination. This means doinn 
di,,;rimination by the computation of productions rather than having it 
be an ilutomatic l)fUCCSS sitting ahove the production system. ,(lItis. a 
S(QliI:I1C;;: of productions will compute a discrimination. Compiling 
tklt s ...QHcnce will result in a discriminated production. As we .. i11 S(.'C. 

doing this is not as technically str:lightrorward a.~ the gcnernlil.ation 
ca.;.~. '1 his is because it would be necessary to inspect dIe c('ntelll~ of 
prodll(;tions to perfectly mimic the automatic discrimination pllXCU 

\'.. here:t~ this is not necess.1ry to mimic generalization. In the ACr 
th.::ory one prudu(;tion cannot inspI:ct the contents of .mother. Still we 
can ~et nearly the effect of automatic discrimination in a fairly 
plausible way, 

As noted earlier. there !Ire multiple difTerent ways of fonninl 
discriminations. This section will focus on the .action discrimination as 
just sketched (Jul. However. I think this general scheme will eltend to 
other types of generalization. 1bis scheme involves ha\'ing dIe 
productions compute the discrimination and then compiling that 
computation. Alter illustrating compilation of an action 
uiscrimin&tion. I will consider the evidence that this view of 
discrimination is pwchologlcally correcL 

'This l'xarnple will be developed within the framework of 
producrjons PI-y6 given earlier for classifying objects by analogy. The 
Icaming situation I have in mind is one in which the subjilCt makes a 
classification of an object, receives feedback. and if the classifICation is 
incorrect the subject goes about Irying to find a discriminating feature. 
We will assume the subject has compiled the following too-general 
production: 

IF' the goal is to classify =object 
and = object is rich 
and =object is of medium height 

'mEN :.;;: object is hi club 1. 

l11is is just a variant of 02 given earlier but now set up for the current 
n·imework. As earlier we will assume it misapplies to classify David 
who is smart, good-looking. rich. and medium height as in club 1. An 
error is cetccted and a goal is set to rc.classify David. 

The following three productions are relevant to the corrcetion of 
;l misclassiticiltion: 

P7 
IF thc goal is to clalisify = object 

.md =object is in =category1 
but := ohject was classified as in =catcgory2 
and:: reference is in =category2 

THEN remove the classification of =object 
and set as subgoals to tinq a difTerence between :;;object 

lUlU == reference 
and then to reclassify =object 
and then to correct the classification of == ohject. 

P8 
IF the goal is to find a difTerence between,"" object 

and =reference 
and = object is in = category I 
and =object has =featurel on =dimension 
and =reference has = fcaturc2 on == dimension 
and =feature1is different rrom =fcature2 

THEN conclude == object is in =category 1because of := feature I, 

P9 
IF the goal is to correct the classifICation of = object 

and =object has becn classified as in =category2 
but =object is in =categoryl because of ==featurel 

THEN change Ihe classified category of == object to =category1. 

Production P7 will apply to correct the situation. It selects some 
inscance that was in the incorrect category. Suppose again it sclecl~ 
Fred who is rich. ugly. smart, and of medium heighL This is lin 
instance the overgeneral prodoction 02* would have correctly 
classified. There is no guarantee that the instance selected by P7. will 
be one that fits the overgeneral production. because P7 cannot inspect 
02*. However. the spreading activation retrieval mechanisms in 
ACllsee Anderson. 1983) would tend to select an instance that 
overlaps highly with the current instance and hence is matched by the 
rule that classified the current instance. P7 sets goals to find a 
difTerence 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 the system will return to the goal of 
c!assiryinl David once again. Again 02- would apply to miscla.c;sify 
DU'{id itS in club I. but now production 1'9 can apply to correct the 
clas!iification of Davill. 1'7 rollowed by 1'8 followed by 02* filliowed 
by ''9 con~litute a gual tree that can be composed togcth.:r and 
pn~!!dura\ized. '1 'he result will be the following production: 

))I" 

IF the goal is to classify =object 
and =object is rich 
and ==object is ofmedium height 
and =object is good-looking 

nlEN = object is in club 2. 

'1tis is essentially Dl formed earlier by the automatic discrimination 
mechanism. 

There are two essential features that distinluish this means to 
discrimination from the automatic discrimination of the current AC" 
theory. First, it requires that the learner inldaUy make a clas.~ificatioll 
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 
hypothesiz.ed category. Both of these features have been confirmed in 
two series of experiments by Lewis and Anderson(in preparation). 
One series of experiments involved rules for proving triangles 
congruent in 'geometry while d\e other series involved rules for 
travelling through a maze. In both series subjects were Biven 
overgeneral rules to start with and had to discrinlinatc these rules. 

i 
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Sllbj~l'l who passi\'Cly studied instances failed to learn the 
discriminating features. Subjc:cts only learned when !hey made active 
hypotheses about the corrc:ct rule which could then he discontirmcd. 
Second. the only subjects to learn were those who had some conscious 
awareness of what the diSCriminating features were. Thus, we found 
that subjc:cts only discriminated wilen both conditions were satisfied 
for the current schenle ofdiSCriminating through compilation. 

General Conclusions 

There is ample evidence for something close to knowledge 
compilation as a basic process of human leaming(Anderson, 
1982:Anderson. Farrell. and Sauers, 1983; Neves and Anderson. 1981). 
'Inc evidence had always been rather scarce for the ACT mechanisms 
of generalization and discrimination and more rcccndy we have been 
gathering some rather tlegative evidence. However. it seemed clear 
!hat human learning required generalization and discrimination in 
SOme form even if not the Aer form. It now appears that the ACT 
knowledge compilation mechanisms can produce discriminatiqn and 
generali7.ation in a more plausible form. 

It is something ofan embarras~ment that we worked so long with 
Ihe ACT mechanisms before realizing how the knowledge compil,ltion 
m~ch.'nisms could be recruited to provide the effect of generalil.ation 
and discrimination. This is becanse we thought of knowlcdge 
compilation as simply 111.11:ing more efficient existing paths of 
pmcessing rather than enabling novel paths of processing. To get 
novel behavior it seemed !hat we needed inductive mechanisms of 
Icarning such as generalization and discrimination. What we f.lilcd to 
recognize wa<; that if we compiled the results of acting on the basis of 
similarity detection and· difference detc:ction we could produce 
productions that enabled novel behavior. 
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LINEAR SEPARABILITY AND CONCEPT NATtJRALNESS 
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ABSTRACT 

Many theories of human concept learning and 
some models 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 againat 
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 
about categories may determine which operationa 
or descriptors are natural. 

!!I teras: Ill-def1ned categories. c1asa1fica­
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 mtemcting with them 
presupposes the ability to group experiences 
into appropriate categories. Since experiencea 
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 concepts? ~e 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 
necessarilyare.natural. As will be seen, al­
ternative theories imply differing conatraints 
on category structure. 

1.2 Concept structure 

There is general agreement that natural cat­
egories such as bird, fruit, furniture, and !22b! 
are structured s~at 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 sll 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 qf 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. 1913; Smith, Shoben &Rips, 1974; 
Mervis & Rosch, 1981). For example, ~ 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 Learnin"s ~ for ill-defined categories 

1.3.1 Modela 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 constraints 
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. 

What 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 patt~ving n properties 
-X-;-(al , a2,···a ) , then g(A) .~wlal + w2a2 + 
•••wa + w +1 is a linear discriminant function n n 	 nwhere wl - wn are property weights (and W liS an 
additional constant included for computat~nal 
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 inatances 
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 criteriou. 
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 Hedin & 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 dimensiona 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 



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 B~ would er­
roneously be categorized as an A. One can See 
that Al and A2 are both placed in category A, and 
Bl and B2 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. 

LItEAPLY SEPl\f?ABI..E CATEGORIES 

Coteoo!y A CottQ)rY B 
D1rB1Sill! D1l'!Bls1m 

f.x~lor Dl L2 D.3 Dq Exsrolgr ~L2D.3Dq 

Al 1 a 1 1 Bl 1 a a 1 
1 a 1 a a a 1 a~~ 
1 1 a 1 a 1 a a ~~ a 1 1 a B4 a a a 1At. 

CATEr1JRIES rm LIf'£A.'U.Y SEPAMBLE 
Cotero!y A Coteoo!y B 

Dil'BlS11l! D1l'!Bls100 

Exe1plor ~ L2 D.3 D4 fxs!plor ~ 12 D.3 D4 

011 a 
011 1 
100 a 

100 1 
1 1 1 a a a a a 

a a a 11 a 1 1 

Figure 1. Abstract representation of the al­
ternative categorization tasks. (Each task in­
volves eight stimuli varying along four dimen­
sions.) 

2.2. Summary ~ 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 eaaier 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 
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important), the nonlinearly separable categories 
actuslly 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. FURTItER 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 
runa 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 conjunctiopa, 
descriptions that are more consistent with re­
lational codinB models. 

3.2. Summing evidence and naturalness 

The above observations sUBgest 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. 
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Strategy might be to assume that this is a fixed 
constraint and that results that hold for one re­
alization of abstract category structure will haLd 
for all realizations of that same abstract struc­
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. 'rnEORIES AND LINEAR SEPARABILI'lY 

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
~, ~, cooperative, or' cautious. ror-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 

per£ei~e 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 results fit with this expectation. 
There was a significant interaction between cate­
gory structure and theory versua 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 versua 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 

uaed. 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 e~r!mental condition 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 E!!I' We did not observe an interaction of 
category structure and instructions. We think 
the absence 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
godes. 
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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
ingmodels, 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? 

F~lorations of CHILD's Syntactic Inadequacies 
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1.0 Introduction 

The mILD program has accoW'lted for a large 
ClrnOW'lt of data on child language learning, and nan­
ifests a developmental progression which is psycho­
logically accurate [4,5,6,71 However, its represen­
tation of language syntax is known to be inadequate 
in a number of ways. 'Ibis is nanifested in CHILD's 
inability to learn to W'lderstand and generate vari ­
ous syntactic constructions which children do 
learn. 'l11is paper is an initial attsnpt to address 
these issues. It first reviews the OlILO program, 
and then it describes those aspects of its syntac­
tic representation ufen which this perfornance 
rests. Third, it describes a subset of the problems 
which this representation introduces, and finally 
outlines fessible directions for further develop­
ment. 

2.0 The aULD program 

OlILD is a canputer program which 1TOdels the 
development of a child's language canprehension and 
generation abilities written in Franz LISP and 
currently running on a DEC VAX 11/780. It be9ins 
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, aULD can correctly 
W'lderstand utterances which it previously misWlder­
stood, and can generate English describing events 
it "observes. II 

aULD's language cOOl'rehension process is a 
version of the CA program 111 which in<:Orferates 
mechanisms derived fran tlilks' [8] preference pars­
ing. OlILD'S analysis process cati:>ines 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 tneIICry. OlILD 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 memory for a word meaning which best sa­
tisfies those features, and fills the empty slot 
with that meaning. The syntactic features are 
formed fran the p:>sitional predicates "precedes" 
and "follows." These relate the fesition of a can­
didate slot filler to either the word they were 
stored W'lder, a filler of another slot in that. 

word's meaning, or a lexical fW'lction word. Each 
slot in the meaning of a word has a collection of 
features describing where in the input a filler is 
expected to be. In order to W'lderstand different 
voices, these features are organized into disjW'lc­
tive "featUre sets." Each set characterizes one 
order in which slot fillers appear. During W'lder­
standing, feature set selection is performed by 
considering which set most successfully character­
izes the input. In this paper, this representation 
will be called "concept order syntax" 

OlILO learns syntax by acquiring syntactic 
features and build disjW'lctive 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 p:>sition using "precedes" and "follows." 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 caapares the 
features extracted fran the current input with any 
existing feature sets: the p:>sition description is 
merged wi th a previous set only if one is a subset 
of the other. Otherwise, the description is learned 
as a new feature set. 

3.0 Why is COncept Order Syntax Good? 

The power of concept order syntax appears to 
derive first fran its formulation as a set of in­
dependent features. 'l11is means that the syntactic 
decisions that have to be made dur ing understanding 
and generation are not binary "sanething is either 
in the correct location or it isn't" decision. 
Rather, these decisions are more canp,lrative: "this 
location is better than that. II This results in 
SIOOOther and more robust understanding and generat­
ing. A second advantage of independent features is 
that it makes learning easier. 'Ibe features ob­
served to be true in the input are merely added to 
those features already known to describe filler p0­
sitions. This 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 
s~lifies the understanding process enormously. 
'Ibis is because a large p:>rtion 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. 'Ibis is par­



219 

tially res[Xll1sible for aULD's robust performance. 
Finally, independent features make grarranaticallity 
judgerents easy, since false features during under­
standing allow both a non-binary reasure 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 
syntax is that it is closely tied to word meaning. 
'!bat 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 grarmar 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. Rowever, almost every
proposal for IOOdelling 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) 
peychologically 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 prUnitive 
canponents which it currently uses. probably such 
extensions must add additional primitive ~ 
ponents; in this case they should be drawn fran 
those plausibly attributable to the human cognitive 
system. 

4.111 What can't Concept Order Syntax Handle? 

Experience withOiILD to date has shown the 
existance of a n\.lli)er of problems with its syntac­
tic representation. This section will describe a 
subset of the known problems. First, concept order 
syntax cannot associate alternate meaning represen­
tations with alternative syntactic forms, or 

feature sets. Thus a passive sentance is understo<Xl 
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 "'l11at is Tan" 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. 

'ItIe 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 
CDI.DR 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 CDLOR and SIZE slots. This is 
done for several good reasons, most notably because 
it supports easy learning. Unfortunately, since 
every object word should have virtually the same 
syntactic knowledge 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 
.iD:mediately know where in the sentence to find the 
fillers of the slots. It would appear that people's 
knowledge of syntax is stored in sane more general 
way, and concept order syntax must be extended to 

handle this. 

Third, concept order syntaconcept order syn­
taxx cannot represent -syntactiC eni:ledding," 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 E!Ilbedded within the 
meaning representation. Thus concept order syntax 
could not generate "I want to go to the store," but 
rather would say WI 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 exaJl1)le, OiILD 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 phenaDenm, 
and one which OlILD should certainly be able to 
learn. 

5.111 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 unworthy of further at­
tention. However, since it has supported a higir 
performance model of child language learning, it 
appears worthwhile to explore directions in which 
it can be eXtended. The first extension is to c0u­
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 woule also allow the use of 
feature sets in question understanding, allowing 
discriminations between "IS that Tom?" fran "That 
is Torn." 

()}e p:issible 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 pr imary rreaning would be placed on the c­
list, as currently. Then understanding would 
proceed, and when feature set selection was com­
pleted the secondary rreaning associated with that 
featUre set would be added to the primary meaning. 
For example, the word "give" might have A'llW1S as 
its primary rreaning, including a FOOlS slot, and 
the secondary rreaning associated with the feature 
sets would specify the filler of the FOOlS slot. 
Thus when a feature set was selected, the rocus 
slot would be filled with the name of the A'mANS 
slot being focussed. Thus the secondary meaning in 
this case would be the filler of a slot in the pri ­
mary meaning. 

The second possible extension concerns the 
problem of syntactic lexical specificity. Rather 
than associating syntactic knowledge with individu­
al words, carmon 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 p:lWer than the current approach. It Will, 
however, reduce storage space make learning syntax 
easier, and help explain the phenorrena of syntactic 
generalization noted aboVe. 

The third possible extension concerns the 
problem of syntactic embedding. In many ways this 
is the lIOst 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 rreaning 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 meaniTl9 
representation of the sentence. Other features will 
have similar information activating then only if 
the rreaning containing the slot being filled is not 
the top level feature. While this approach is cer­
tainly very far fran 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." '!his 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 nUlltler 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.tts; if so, such a successful representation 
\'lOUld 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 canplex syntactiC 
contstructions, and would allow aULD 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 pap.r di.cuI'., protocol. collect.d fro. 
1~ year-old pupil, .olving Algebraic tllks. In 
pnrticu1ar. it discu.ses lov.ral approlchel to 
Jehrminin9 the 1II1I1-rulo (il an incol'rect vlldlnt 
of a correct rule) wMeh a pupil 11 u.ing, Tb. 
approaChes consid.r.d includ.: 
-an off-li"8 analYlt. by the invI.tigator.
-the definition of • number of perturbationa. .nd 
attemptl to lei whether the pu~il'a Ina.lr can be 
explained by thl ~pplication of Ana auch 
perturbation. 
-and most significantly. the inf.r.nc. of 
mal-rul.s from pr~tocol •. 

This lattor approach il .~plorod in so.. 
datail .nd it 11 ShOwn how • rull-b.sed syat•• hal 
succeufully infert"d tllo ...l-rulea IlIcounU,'ed in 
eerller protocola. lhl importlnce of ft tule 
inference ayst.. to I QLAkLitAl .tudent MOdll1ing 
$1stl" is attlased. 

1... lIURQCIICUQI 

Sev.ral author, haYI point.d out the 

importanci of h.vlno .n .ccur.t••tudlnt MOdll 

when one il .tt..pting to 01v. r...dill t.aching 

.ith In Intelligln1 Tutoring 5Ylte.. Indl.d .any 

of thl pap.ra in I r.clnt colliction Iddrlla thil 

isau.. [51. 821]. On. auch aY'tem 8UGGY/DE8UGGY 

(Bro 18]. [Bur 82] attempts to .od.l ih. stud.nt 

In t.rms of I pr.d.fin.d a8t of Dug. Ind U••a 

pr.definld heuristiCI to li.it the aiz. of ihl 

"arch SpIC•• Anllogously. lNS the L..ds 

NOdelllng SYlte •• UI•• a predefined aet of rul •• 

Ind m.l-rull' (incorr.ct vatilnt. o~••rv.d In 

1. Thts .ork ••• don. .hl'ai I .1. It th. 
Univ.rsity of Leeds. UK. Es••nttilly. thl. plp.r
previously nPPlared In the proce.dlngs of the 191Z 
European Conflr.nc. on AI. h.ld .t Orsay, fr ••cI. 
It 11 lntend.d to pr.aent r.cI~t dlvoloPMent. of 
ihil work '.i the 1013 Machinl llarning work,hop. 

pupilC' protocol.) to d.fin. M ~ of po•• ibl. 

.tudont .od.ll • On the oth.r hand • ..jor 

••ph.lil .ith LM5 hal blln t~. for.ulation of • 

...rch to 'contain" the nUlllb.r of 

hypoth••••/aod.l. consid.r.d. In thi. 

'or.ulltion. lach 'It of tlsk. pre.lnt.d to thl 

pupil tocu.e. on I particul.r rull and it ia 'hown 

that it il thua posaible tu drlmatically r.duce 

thl ••Irch .paci. (51' 81.J &[511 83J. 

LHS has be.n impl ...nted la t.o ph..... In 

the off-linl ph.... thl ayst•• glnerlt.I • 

Complot. and non-redundlnt alt of .adela for '~Ch 

of thl tlak typ••••nd .v.luatl' the prldlfin.d 

t ••k. aO.lnlt thia 11at of MOd.I.. [51. 83]. 

(Thea. MOdlll It. ..ta of ~~roductlon, 

rul'I, Ind thl fir.t rule .hich i. .Iti.fl,d 

fir... S.e figurl 1a for. lilt Of dOMain rul •• 

ano tb for. lilt of .Il-tull. ua.d Dy pupilS in 

ptotocola anllYI.d larlilr). In thl on-linl 

.ad,'11ng ph,., the pupil Is pr,.ant.d with. t.ak 

and hi. r.'po~,. II .valuated _g.inat the varloua 

r.apona.a gen~r.ted In the off-lin. phaal. A. it 

••• Inticipat.d th.t the u••rl .ould only .av. 

.iftor ..nipulat1v••rror•• LNS 8110.' till pupil 

..r.ly to typi in hi' flnll Ins••r .nd nonl of ihl 

int.r-.diary Itlpa (h••,y give the int.r.ldilry 

atep. if h••1.h•• ). lMS MOv.a onto the nlxt tllk 

.h.n the pupil ha. given the lolution in tta 

limpl.lt for.. or .Ia ••d. In .rror or hll 

..e.ld.d a pred.flft.d 11Mi\ for tho nUlblt 0' 

http:limpl.lt
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In the initial exporimont _ith a group 01 15 

year old pupils. LMS managed to product • 

comparable diagnnsis to inva.tigators .hO 

interviewed the pupilC sev.ral day, later. [51. 

82b]. Ho.ever. mora recently .e hava u,ad LMS 

• ith the .utili data b"ase ef rules with I group of 

24 14 year old pupl1s and the re.ults wer. 

dramatically different. LMS .as unable to analysa 

a high proportion of the protocol. a. the 

appropriate mal-rules had not been predeflned; 

see figure 2.1 for an ,x..pla of a protocol which 

LM5 could disgnole. and figure. Z.II and 2.111 for 

protocols which LMS could 0A1 diagno.e. (Figure 2 

reports .everal protocols collacted durlng the 

pupl1 interviews: analogous protocol, wer. 

collected with LM5. se, [51. apl for detail,). 

Tha Subsldlary difficulties wnich arise. if one 

doe, lncr.ase tne number of __'-rule. ~ons1d.rably 

is that the modellar then produce.' multiple 

explanations for the same re'pon.e. and socondly 

the speed of the on-line modellar drop. 

dramatlcally a, the .earcn 'pace beco... muCh 

greater. See [Sle 83J for a quantiteti~e •• timlte 

for tnese .ff~~t.. In the next ,.ction •• di.cu" 

th... issues in more dltail. 

2... An ~ IlL i.II.A Difficulties EncQllntend 

a) ~ EAAJanetiona (Mgd.!.) 10& • partlcullC 

~ One .olution to this dlfficvlty i, to v•• 

&11 on-linl ta.k Dan.rator. to cr.aU • 

discriminetory talk. [51. alb]. Alternativily. 

pupll. could be a.ked to lnput the lever.' 

intermediary step. in their .olution tn which ca.e 

it migh\ well be possible to discrlmlnat. bet.eln 

tha several "illegal W path.. In particular tha 

Itep, which w.r. plr.i•• ibl. nlld not be 

invlSt igUld 

transformetlon .a. not applia•• 

b) lIwul .Q.( .I.lI.I lI.IL:.l.1.!I.! IWI.IllI.r:. The 1 i r st 

"solution· sugg.sted .bov. would not help the 

JAIA4 of tha .yst.m, but the second might. as only 

tho.. .tep. .hich had be.n done incorrectly need 

bl COni idared • 

c) On::..l.in.!l MQdelJer lI.ll.lb.l£ 1& AIllIl.lU 11111 ~ 

"Thi. i. by far the most .ignificant issu. and the 

most challenging to rasolvi. W. shall consider 

,everal approlches ln varylng degrees of detail. 

1. 	 Off-l1ne analys1l by the Illvestigator. 

z. 	 Computational lidl' to assi.t in the 

1.lly.i. by the Inva.tigator. 

3. 	 On-llne use of ·schema" to generate 

..I-rules. 

4. 	 On-l1n. inferen~e of (mal) rula •• 

1.1 Ott-lin. Analy.i'"Al!bl Iny•• tlg.tor 

Tha protocol. givan ln Figura 2. and tne 

additionel protocol, Diven ln [Sle apJ. wlrl 

an.lyse. in thl, "nner. My initial rl.ction to 

.ev.ral of tha., protocol. .a. that they were 

totally r.ndo. and only after sub.equent analy,e, 

did I begtn to ,.e the con.istent pattern which I 

blVI now recorded e. part of lach 'It. 

(Unfortunataly It wa. not pO.lible to talk wlth 

thl pupil. i"ldiataly followinD the se••ion. with 
PaDI 8 

LMS. When I did they explaln•• to me very clearly 

whet they werl doinD [511 apll. Blcaul. of thl 

dlfficulti.a I Incounterld I implementld tbl Aida 

outlined 1ft tha .ext .vb-,ection. 

1.l Aida 1A AIIiI1 in !bI Analylll At Protocol. 

H.vinD don. a pr.,lmtnary analy.i, of the 

protocols luppo,ed that ••ny of th.. contain • 

http:AIllIl.lU
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"wild" step. and SQ postulated a numblr of 

·perturbatlons· including: 

MX -> M+ X.......... [1'1] 


MX -> MX. M ..•••..••. [P2] 

A system has been implemented which attempt. to 

tran.for. the original task into the pupil', 

ans.er u.lng only one "perturbation", but as .any 

applications of the domain'S rule, and mal-rule. 

as nlCessary, per "path". figure 3 give. two 

••ampl.s of such paths, [NB. w. are NOT Claiming 

that stu~ents undertak, .11 the steps gly.n In 

figure 3, but m.rely that their ans.ers .re IS 11 

th.y did. Oociding the particular "grain" .11e 

DOES become an Important I.sue .hen one us•• the 

Inf.rred model as • basis for .tudent 

GIYen a reasonable nu.ber of ,uch 

perturbations It i. clear that the s.arch .pace 

become. e.tr.mely large. How.y.r. it .hould b. 

added that this sub-syst.. did provld ••ey.ra1 

••planations which had not pr.vlou.ly 

1.1 ~ 1C ~ Mal-Rules (On-lin.) 

Wh.n carrying out interyl... .Ith the ltll 

group of childr.n lome of th•• gave ••pl.netlon, 

for th.lr actions which amouftt.d to sch... for 

cr.ating .al-rule•• 

In figur. 2.111 •• gave a substaattal s.ctlon 

of pupil AB1I', protocol, In the cours. of our 

dl.cusslon h•••plalned that h••a. carrying out 

tha t.ach.r-giy.n algorlth. of: 

"Collecting III the XI on the l.ft hand ,Ide and 

coll.ctlng all the nu.b.rs on th. right hand 

,Ido," Pupil A817. figure 2.11, ga.e a ,i.ilar 

••planatlon for hi. action. and added that h•••• 

not r.ally .ura what to do about the "••tra 

multiply .Ig•••• 

Thl, give. us • ~ for glnlratlng 

.al-rull'. For '~aMpl. giYln the task tYPI: 

MOX + 1I0X • P 

This ,chi" givls the follo.lng -ection sidls" for 

X+X • P-M-N 

X+X - P.M.II 

.herl in thl ••cond case the X coefficients are 

tre.ted "specially", Ie the coefficients of the Xs 

were taken across to the RHS of the ,quat Ion but 

th' Signs were NOT changed. And the form giYen by 

pupil AB-17 , and quoted In Figur. 2.11. n~ly: 

.hlch h••ent on to 	"int.rpret" a.: 

Its "compl.mentery" 	for. b.ing: 


X"X-P·M+II 


Si.llar1y. glv.n the ta.k type: 


M"X • N°X + P 


Thl. sch..a creat.s the fOllowing form,: 


x + X " N + P - M 


x + X • II + I' + M 


x - X • II + P - M 


x • X • • + P + M 


for ••a.ple Oft talk h, pupil AB1I ,ugg.'ted 

the us. of both the third and the fifth for., ( ••• 

flgur.2.11I). 

Aft.logou.ly, it sppears po.sibl. to gen.rat. 

all the .e1-rllln e"Gclat.d .ith a manlpulatlv. 

rule by .yst••atlcally removing one or mort of the 

ru1.', sub-stop., [2]. 

2. Bro.n and Burton's mod.11lng .ork (Iro 71J 
.ssumed that pupil .rrorl ••r. due to 
P.rturbatipns of the corr.ct rul.. (et the 
assumptlonl which we al.o mad. Initially In this 
project. and .hlch ••••s to b. true for JAmA of 
this domlln', rul •• ). Thi. how.v.r, I. c.rtllnly
aa1 true for the cIa.. of .rror, .hlch •• ar• 
discussing hor.. Ind••d. pupils AB-1S .nd AI-11 
do aa1 us. the usual "taSk sog ••ntation" and thu. 
do Aot Iv.n ,~ applyino. at the f'rat .tag., 
a corr.ct rul •• 

http:Aft.logou.ly
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In [51e ap] I report 3 new mal-rule•• verilntl of 	 trlnlformetion applild blt.e.n 11.101. a• 
SOLVE. SIMPLIFY and BRA2. which Cln bl Ixpleined to b. b to t, d to e end e to f. 

by such e fttecllanism. 1$ can 1II0St of tbl "orlgina," 
3. 	 ~hen neitber of ibe Ibove ten be applied 

• mal-rules Olven in Fioure 1b. lIote thet thil 
tben IlIfER I rule which complete. the 

schema would ALSO generate .any mal-rulel whicb I 
pith (in tbil eale bltw'ln Iteg.. find 

have 	NOI yot oOllryed. 
g). {In In earlier Itudr, [51e Ip] we 

Although the.e seh.ml help us underltand the notld tblt tbl eil-par.e rull IPP.lrs to 

protor-ol, given in Figure 2.11 end 2.111; lovore1 bl Ipplied to thl task when it i. ~ 

of thoso reported in {Sle ap] ten AQ1 be 10 entountered. Ind 10 for the moment .e 

explained. and so a further more glnlral approacb .blll &LlUmA thet the inference .tlP will 

is "leOld. be thl lA11 in the chlin]. 

So fir .e havi forllluleted 10 or .0 

t-4 ~1ina Interpoce ~ LMall-Bul •• hiuriitici. I Illlction of wbith i. given in 

Figurl I. 
Thlrl are two printipil di.adv~ntagl' of thl 

8Fpr03ch givln in Sec,.'on 2.2. firstly. bltlusl 1I0te thl fOllowing point. about the 

It is nct oata-orivl. the .Iarch blCOMeS vlry algorithe: 

broao. Secondly. 1\ cell.. on a pr,-d'!iw SItI 1. Tbere are en infinite nuaber of inttger 
of perturbatlonl and b.nci would Itl11 be un.ble 

pair., (a b) whitb leti.fy the 
to spot ve.'y "wlld" yet consistent, .Il-rulll. rtlationShip: 

(An analogous triticism was also not.o about tbe I .. b - i. 

approach teken in section 2.3). for instance. .her. "i- il 11.0 In lnte.er. Howeyer, 

during the 1981 e.pariment with LM5.e not.d tbe by the UI' of the -Alg.breic· form for 

following mal-rul •• wera used tonslstently: "I· Ind "b", in MEURSUM1. Ind the 

lub.equent in.tlniiltion of the inte.er. 

MI+N"P "> (M+II)X"P to ihe RHS of the tlrget equetioll, tbll 

M+NX·P -> M'N+X-P .et 11 reduced to a ua1QuA plir. which in 

MX-N+P -> MI-N the cI.e of the ex..ple in figure 4 i. e 

end -I. 
figure 4 shows a luccel.ful path for 

2. 	 Fillurl 4 ollly Ibowl a '!lcc.ntu) peth.
inferriog the .al-rule for the ex..ple u.ed In 

.In ,eneral a ae.rch is involv.d II 
.ection 2.2. As cen bl s'ln frOlll the figure. this 

frequently JA1ItIl ,ul.1 ere .eti.fiad by 
proce•• involv•• the following trp,s of Itep.: 

a partituler .t.te (eg both HEURSUM1 end 

MEURMULT1 Ire .eti.flld bye): and 

1. 	 Using RullI in the lackward direction. bICIU.I e rule cen be inltlntilt.d In 

(for example. the U'I of NTORMS ill. the ••veral .IYI (Ig tbl b.ckwerd. form of• 
Backward direction). 	 ITORKS at c). 

2. 	 U.e I .,ril' of b'u,istic. to trr to 3. 	 So.. of the brlnching notad 1n the 1•• t , tran.form the side. of th. equltiOn into point could b. Iyoided by .Iking the 

the s.me fore I. the "tlr,et- equat10n. blck.erd tortlO' ITORHS eo,. 
Thil the 'It10nela 0' thl -sophi'ticated- by allo.ing it to Icce,s 

the tlrgat IQuetion. 
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4. 	 A 1urtb,r t.prov...nt 1. tb. "tt,I••cy 

c.n b. acbl.vld by ••g..ntl.1 t~1 

rul'-.It tnto r.l.t.d ,ub-,.t., I.d only 

b.vlng tb. r.l.v.nt lub-'It In ICOp. It 

.ny ti... 

e. 	 1,., look MOr. clo••ly at the in'.r.ftc. 

It.p •• I" th.t It 1. pOlltbl. to lnf.r 

that 

wb.rt I. • .nd , .rt .11 int•••r •• 

Mo••v.r. i1 the .lgorith. not•• whiCb 

i. pO.libl. to lnf.r tb.t tbl .ub.t.ntiv. 

cb.ng. is: 

IX -,. • + X 

U'VI•• [N.v 11]. u••••• i.il.r approlC' 

to d.dut. tbe l,s,oLi,! f••tur•• of rule. 

given tbl .ev.r.l .tlPI of I .olution 

culled fr.- In Alg.brl t ••t. 

•. 	 Tbl ift.t.ntiltion haurl.tics are. littl' 

~r. co.ple. th.n the rule. gtvan In 

Figure I. 

1. ~ Actlyiti•• 

M.fty of the protocol. collected In tb. r.c.nt 

aaplri..nt. [51. ap]. hlv. b••n a ••ly••d. u.i•• 

tb. IPpro.cb outline in tb. l ••t l.ctIOft. To t.at 

the g.n.rllity 01 tbl1 .ppro.c~ w. b.v••1.0 ua.d 

it to tnfar tb, IrOR"S rul•••,. ·Filur. e. 

ICKNQWI,QG£MEIIS 

lb, pupil. of Abbe, ~ran.. Scbool, L••d. 
pPOvid.d .ome f.IClnltln. protocol.. Jai.. 
Carbon,l'. 'It L.ngl.y. I. Lov.,l. StlYI I.llird 
.nd TI. Hepworth for dilcu.sions conc.r'inl tbl. 
work. Alln lund1 .ug•••ttd .... .lunitlc.,t 
cl.rifle.tlonl to the ECAI v.r.ion of this p.p.r. 

8£f£IE'C'S 

[Bro 1B] J.S. Brown I R.I. lurton (1'11).
Otlgno.tlc Modtll for proc.durll bugl In bilic 
Mltb...tic.l Skill,. In CODo1tty. ~ 1.1. 
pp l ..-tll. 

[Bur 82]. R.R. Burton. (1'82). 01.gnOllng
bug. in li.,l. proc.dur.l .kill.. In lot.11'8.nt 
~~, .dit.d by D.H. ·Sl ....n and J.S. 
Irown, publilh.d by ACld..ic 'r•••• pp111-113. 

[_.v 18] O.M. I.v... (1811). A C..,ut.r 
progr.. tb.t 1.arnl algebrltc procedur.. by
.xI.tnlng .a..pl.. .nd working probl... In • 
t.atbook. !loc••d1nQa at lla 144 II1iDAIl 
CODfertn.. at .tJl& CA.o.I.4.1aA AAI:.tI.U fAt. 
Comp"UtiqDll 1l.wI.l.&l at IoUl11I'D". ppl81-10'. 

[51. It.] O.M. S1 ....n I M.J. S.ltb. 
(tg81). Mod.l1tng .tud.nt·. Probl.. Solvtn,.
Arttfici.) Int.llig.nc•• pp l11-t81. 

[51. 81b] O.H. 	 Sl••••n. (1981) A Rul.-b •••d 
T••k G.n.ration SYlt... In lJtA1l prociidino•• pp
882-881. 

[51. 82.] D. Sl••••n I J.S. 'rown, ( t882) 
Editori.l in Int.lliQ.ot lulot1AG ~• • ditld 
by D.H. Sl ••••n .nd J.S. Brown. Ac.d..ic Pr.... 
pp 1-12. 

[51. 12b] O. Sl••••n. (1812) A••••• lng 
,..,.t.nc. In ••• ie Alg.br.. In Int.llig.nt
1u1otini lxalImA••dlt.d by O. Sl ....n Ind J.S. 
Irown. ACld••ic 'r•••• pp tI6-188. 

[51. 13] 0.". Sl ....n. (1883). A rull 
directed Modelling In I!!.U.IUu l.u.t.c..1.D.a..ylt...

R. lichala". J. Carbon." • .nd T. •• 
11tcblll, (Idltor.). Tioga Pr•••• pp.13-ltO. 

[51••p] O.H. S1 ....n. (tn pr••• ) I ••lc 
Alg.bra r.Yi.lt.d: a .tudy wltb t. y.ar old•• 
JAu..tAAl at Mathematical Bebavio"r. (AlIO
publl.h,d •• Stlnford "PP .... 13-8). 

FIGURE t 

a) RULES 10r tbl ALGEIRA d.-.t. 


(ev.lu.tlv. for••nd Iltgbt11 ,ty.liz.d). 


RULE .AME 	 CONDITION/ACTION 

Flit 	 (SHD X - ./11)
(SHD (I .1) or (SHO ,v.lult.d) 

SI.'LIFY 	 (5110 X - .,.)
(SMO X ••'/.') 

SOLVE 	 (5"0 • • X • I)
(SMO X-II.) or (SIlO IIFIIITY) 

ADDSUI 	 (lbs • +1- I rhl) 

(lb. [evaluat.d] r'.) 


IIILT 	 (lh. I • I rh.)
(lb. [Iyaluat,d] rll.) 

lIMOSUl 	 (lb••·X +1- I·X rb.) 

(lb. (II +1- I) • X rh.) 


ITOIIIIS 	 (lb. +1- •• rb.)

(lbs • rb. -1+ .) 


IEARRAIIGE 	 (lb. +I-M +1- .·X rb.)

( lb. +1- .·X +1- • rh.) 


ITOLHS 	 (1••• +1- .*X rb.)

(1 •• -1+ .*X • r~.) 


lUI 	 (1111 c I ,. rbl) 

(1111 I rU) 


IRA' 	 (lb••·c.·X +I-P. rb.)

('b' .·.·X +1- ••, r •• , 
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Wnere M. II aod P are integers and wbere lh', tbl III) Pupil AI-tl on taak .eta 6. I. 7 and I.etc are general pattlrns (which ••1 b. null), 1)'The tl.k ,1Y.n WI.: lOX + 30X • 10where +1- mlanl lither + or - .'1 occur, wh.t. SNO 
lndlcatel the Strlng H.ad .nd wh.r. < and> 
rlpr.slnt atandard "algebraic brack.t,". (I. the Pu"ll .rUe. t) 2°X - to - 2 - 3 

2) 20 X " •respectlve Rule CONOITIONI .nO ACTIOI. are on 
alt,rnate 11n.s). 	 3) X " 2.' 

Pag.1I1 

RULE HAME 	 CONDITION/ACTIOI 'Pupil wrlt.. 1) X + X - 24 - 3 - 5 
2) lOX " 11 

MSOLVE (Sill) 14°X " II) 3) ••• 
(SIIU X-M/N) or (SHO IIIFl iiiTY) 

t) Tb. taat ,ivln .a.: 3-X + 4-. + ."X-24 
MNTOntiS (lhS +1- M • rhl)

(lhS • rhl +1- M) Pup 11 .rit.. 1) X+X+•• 24-3-4-5 
2) 3°X " 12 

M2NTORHS (lhs1 +1- M lhs2 " rhl) I) • " 4 
(lhs1 +1- Ihl2 " rhl -1+ .) 	 d) Thl t ••k glvln w •• : 2"X + 4 " 20 

M3NTORHS 	 (lhst +1- • lhl2 " rha) Pupl' .rtte. 1) X " 20 - I - 4 
(lhsl +1- lhal " rhl +1- .) 2) X - 14 

I) Th, ta.k glven wa.: 3"X + •• 7 
MXTOLHS (lhs • +1- .0X rha)

(lhS +1- MOX • rha) PUll l' wr tta, I) X " 7 - I - • 
I) lC " -1 

M1BRA2 (lhs Mo<HoX +1- P> thl) f) The t ••t gtven ••• : 4 + 3-X • t4 
(1" MOHoX +1- P rhl) 

Pup11 wr1t.. t) X - 14 - 3 - 4 
M20RA2 (lhS MO< II"X +1- P> th') I) X • 7 

(lhs M"H"X +1- M +1- P rha) g) Th. t.ak ,iv.n w•• : • + .0X " 20 

Pup11 .rit.. 	 1) X " 20 - • - I
( Using the same eonveotlon. 31 abovl. I)X " ,

h) Th. t.,k given wa.: 4-X " 20X + • 
FIGURE 2 Pupll writ.. 	 1) lOX • -4 + Z + • Three I.amploa 01 very conalatant11 u.ed 2) zex " 4 ., MAL-RULES, 

3) X " Z 

Pupil then .rote 	 1) X - X • Z + •• 4I) Pupll AD-II on task .et 7. 
I) 0 " 4I) The tlSk glven was: 4 + 2"X " 16 alld QUITS.

1) Th. ta.k glvln ••• : ,-X, ;S.X + • Pupil wrUe. 1) ex • ttl 
2) X " 2.8U8 Puptl .rite, t) 0 " 4 

alld QUITS • 

. .----- ...-.........-... --.-.........----.-...~- .. 

Pupil wrlt.. 	 1) e"X " 14 


2) X " 2.333 


fIGURE 3. 
c) Th. tl.k glven WIS: 3'+ ,-X· 11 

Pupil writl' 1) ,-X" 11 II + • " , 31 + • " ,
(Ind is told to l.av. lt 1n that for.)

d) Thl taak given waa: 5 - 3°X " 11 ">[P1] ">[Pl] 

Pupl1 wr1ttS 1) 20X " 11 n+3+.",
(Ind I, told to '.av. It 1n that form) 

">[ADDSUI] 

x + , " , 
II) Pupil AB-t7 on ta.k .et e 
I) The taak givln wa.: ZOX + 4·X " 12 ->[ITOlHS] 

'Pupil .ritea 	 I," • - •1) - X - X 0 11 - 1 -	 31 • I - • 
4 

Z) X .0 2 •• ->[ADDSUI] ->[ADDSUIl• 	 a) X • ROOT' 
b) The taak givln waa: I·X + 3-X • 10 	 I " -, ax " -, 

">[ITORHS] 

PUpl1 writ.. 1) • X • X " to 	- 1 ­
3 Thl, fi,ur. give. the TRACEa for I pat.. olla 

Z) X ·°.1 " • lnvo1Ying thl p.rturbation P1 (NX -"> N + X)
(and 1, told to 1.ave it in that form) and the other PZ. (Ml ".> MX + M). 'hi 

c) The taak glvln waa: ZOX - ;SoX" 10 l.ple.entld algorlth. return, a lilt of all 
the TRACE. whlch explained the pup11',

Puptl writ., I) - X ex" 10 - 1 + r.apon.I, .ay X "-2. Where"> i_pI i., that 
I thl 'upper" for. t. tranafor.ld into the 

2) X .. Z • 11 "lowlr- • 

'and i. told to leav. it In that for.) 


----.-------~---------.--.-.-. 

http:tranafor.ld
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fIGURE 4 

0) ax + II 0 • 

o>[Inrerlncl atlp] 

t) X + 3 + 6 0 • 

..o[InstanUat. to L"5 of ta,get .qll] 

I) X + [8-nl + [al 0 • 

c o[HEURSUM2] 

If) X + • 0 • 

<0 I[MTOR"S] 

C) I ." - • 

co[In.tantiatt to RHS of Tt'gtt equat'ol]. 

• )1 • [-2-n] + en] 

c- [HEURSUM1] 

a) I • -2 

Show, • ,Ch... for Inferring the 
Mal-rutl Ml 0.> M + X givln thl ta.t II + I 
o e Ind the pupil', rllpon'l X 0 -2. Wh.t. 
I[R] impH.. of thl rull, I, in thII.. 
Backwards dirlction ••hl'l 0,. il al ln 'i,ut.3 .nd c· '.pH.. tlllt thl °lowI'· 'Ortl la 
trlnsfo,..d to t~1 ·UppI'· on•• 

FIGURE 6. 

H£URSUMl 
IF lhl(.qn)"h.(targlt)

AND ,hl(.qn),rh.(tlrglt) 
AIID rhl-i 

THEN rIPllcl(i.[i-n]+[n]) 

HEURSUM2 
IF lh.(eqn)',h,(tlrglt)

AND th'('qn}orhl(tl,glt)
AND contlinl(l~•• t) 

THEN r.pllcl(i.[i-n]+[n]) 

HEURMULTt 
I' Ihl(.qn)',hl(tlt,lt)

AND ,hl(lqn),rh.(t.tgat) 
AID rll,-l 

THEN rapllel(i.[t-.l/[n]) 

Silo.. I •• 'actton of tha hlurt.tlc• 
• hlch hlv. ba.n tapl...ntad; tha ttr.t Z 
•• r. uled in the protocol 81van In 'lgur. 4. 
All thl h.uristici. ineludillg thl .t. 
eompl.. in,tlntiltlol1 rula. hlv, ' ••11 
i.pl •••lltld a, Product ton Iul.,. (Hlr. 
-ta,••t" i. Ihort 'or TARGET .qUlttOIl. I, II 
+ • -. In 'lgur. 4. Illd ".qll- t. Ihort 'or 
th. ~ aqultton, .~lch tn ,t,ur. 4 1a 
iDitially, I • -2). . 

HauRE •• 

II) II + I ,0 

.>[il,.t ruk~ 

C) II , I0 ­

<.[I•• tlatiltl to IHS of Tlt'lt]. 

.) IX • [I-n] + [n] 

c. [HEURSUIU] 

a) II I0 

S~o.iftg the intl'lnce ot 
IU+.·P··.. IU·P-. 

n..al, t~1 .TORHS ,ull. glvln thlt thl 
original rule-••t contained onl, t~. SOLYE 
'1M2 .nd ADDSUI rut••• 
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AbsltaCt 

A key issue for learning theory has been the relative imporullCe or 
domain independent learning vs. domain specific learning. How 
much of learning is attributable to general learning methocis like 
"inductive generalization" and bow much is aUributable 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 sufJ'lcient 
condition for the acquisition of a (recursive) bnguage (in the sense 
of Gold [1967) from positive·only evidence. 1be effect of this 
condition is to impose an ordering on possible sequences ofguesses 
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 "subsct 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 the subset principle. providing some evidence that natural 
learning systems are deSigned so as to be easily learnable. 

~ !£m1s: Mathematical learning theory, concept acquisitioll, 
language acquisition. 

I. INTRODUcnON 

What is the scope and power of"general" principles oflearnin&'1 
Traditionally. general methods like "inductive generalization" or 
"analogy" have figured prominenlly in any discussioD of learning. 
And those who have embraced such general learning principles 
have ranged across the scientific spectrum. from Skinner to Piasel 
to Newell and Simon. More rccenlly though, the mere existeace or 
generallcaming prinCiples has come under serious question: 

What I intend to signify in referring 10 the doctrine or 
uniformity of mind is..•that there are general principia 
of learning that underlie all ofthcse systems. aceountiDa 
for their development: "mUltipurpose Jeamilll 
strategies," as they lire called. that apply "across the 
board." In contrast, it might be proposed various 
"mental organs" develop in specific ways...and rhat 
mUltipurpose learning strategies are no more likely to 
exist than general principles of "growth of organs" !bat 

Uomain'spccirie 1..catJIln& ad the Subset Prindple 

Rollert C. Renrlck 

MIT Artilicial Jntclliaence l.ahoroitoQ, Room III 
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account for the shape. structure, and function of the 
kidney. the liver. the bean, the visual system, and so 
forth. 
Chomsky [1980] p. 245. 

The challenge for the leaming 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 attempt to discuss one leading eontender for a true general 
principle of learning .• the Subset Principle. In the next section this 
principle is defined and illustrated formally. As we will see. the 
effect of the Subset Principle is to impose an ordering on the way 
that (positive only) evidence is presented to II learner. This 
n:suiction shows up in a surprising number of domain independent 
and dependent contexts: these are taken up in Section III. Among 
Ihe implications of the principle are: the diffICulty of acquisition of 
disjunctive concepts; KeU's (1979) "M constraint" on ptedicability 
trees (roughly, natural semantic networks); the design of human 
phonological systems and their acquisition; and the existence of 
otherwise mystcrious 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 DewS 
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 SUBSET PRINCIPLE 

We wilt approach the formulation of the Subset Principle in a 
somewhat round-about way. Suppose we try to see what blocks 
simple. incremental. learning procedures from working. 1be thorn 
in the side of many learnina procedures is over-generalization; the 
SUbset Principle removes !hat thorn. More particularly. a major 
and long nx;ognizcd problem with the use ofdisjunctions in what is 
learned is that the danger of over·generali7.lltion becomes more 
acute. By definition. the conjuncts of a disjunctive description have 
110 features in conunon (saye for some very general root predicate). 
This fact is the bane of Simple generali7.ation procedures. For if we 
attempt 10 cstabUsh one halfof the disjunctive clause by observing a 
positive example, and the other half by another example, then II 

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 are 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 mat one can know if II 
description is too senera!. That is the function of the Q boundary 
set in the version space model of acquisition: it delimits the outer 
boondary of possible descriptions compatible with examples seen SO 
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far b1 descrihing the propenics or negative examples. But whal. if 
Ilegative elamplcs are not available? 'Ilie only other possibility is to 
eliminate disjunctive statcments.1 . 

In the version space frameworl. the non-identifiability of 
disjunctive l.1nguagcs is revealed by the structure of the lattice 
representing possible identification hypotheses. Since we are usinl 
only positive evidence. we cannot move the boundary set Q 
downwards: only the lower bound can be moved upwards. No 
maUer what possible hypothesis is made at any step I. the 
acquisition procedure can be forced to make a more refined JUe5S at 
some Ialer SlCp. moving it to a broader class of languages. simply by 
adding an el.1mple that was nOI in the language guessed so far. But 
since the upper bound a cannot be moved. we can only approach 
a by moving the boundary set S upwards. one step at a lime. Each 
move represents a new guess: since there arc a countably infinite 
Ilumber of movllS between Sand G initially. the acquisition 
procedure must make an infinite number of guesses. violatilll 
identification in the limiL The Ctul of the problem is that the space 
of. hypothcscs is "dense" in the sense that there arc collections of 
p()sitive evidence compatible with an infinite number of possiblc 
suesses. Note that this is the reason that the example family of 
langu.1gcs provided by aold {1967). the family of a1llansuages of 
finilC cardinality and one language ofinfinite cardinality. fails to be 
identifiable from positive-only evidence: there is a finite collection 
of cvidence sentences that is covered by an infinite number of 
lallluagcs in the family. 

1 How much disjunClioll is too 1liiich' The l'olIowil1l almple shows dial If 
"llbilrary" di~unction is allowed !hen !here exisl.5l11 infinite collection of 11111\I11III 
whose individualllleJllbm canf!Ol be identirJed from positi_ly I'IricIcIa. 

I'.U.!!lI!k, (Angluin. fl980D 
SUPpcllll! !hIt a Cami!)' of Iallluagcs L indlllles !he ·unlvCl'Sll'- llnluaae r,.. III 
addition. suppose IIlaI L contains lanluages wIne defined by role systems that CIII 

aprf:$S arb.llary disjunaion.. ThaI is. SUppcIIlI! !hll grammars !"or !hese 18"1\I11III 
can be of !he form "'·)oJPI·..U. wilh no restrietinns on !he ri,hl'hand sidOla, IJ 
(!he ~\1/riting syslem is still finile in size. or course). The inlenl is !hat eadI pan fA 
!he ri@ht'hand side of !he ararnmar covers one scnlCncc ill 1.;. In ether -cis. _ 
IISS\l11IC Ille power to form !he IInS\IIge of lilY member of!his family 1$ !he uniolll fA 
individual senlences of \hal IIngUise. Le!. Y$ cal' Illese lInIuqes !he ~1fdIre 
"'lItrlo, lao,lItl,a of L. 

Fmm!he standpoinl ofacquisilion.!he problem willl!his family ofllnluaaes illIIIt 
1/1)' finile colleclioh of SlIIIpla from I IanlUlJe In L is coveled by two 1Inl\llpl: 
lilt universal IangUl&e IIId !he language &eMil*' by die 111IIIIIIII". 
5->Usl)Vu2)V...vI.(Su). But IIItn there is. sequence or po&illve tiUIIJIIIeI 
drawn liom • member of L Ihal will cause III acquisitillll procedure to dIalIp .. 
.- about !he identiilCllion or I.; III Infinite number of limes, IIId IhuIIIIt 

procedure will fail 10 identify die members of L III !he limit The sequence IlIIimpIr 
members drawn from !he universal ian&lIIIIt. AI each step ~ III lClqulsilia 
procedure myS! IU6S WI elamples it has II!eIl have been drawn from either lilt 
univtrsallanlu8gc or !he disjunctive covcrinl languages ofllK eaampJes it bas-. 
Suppose !he prorcdure au_!he universal language It poilU I: then 110 oUl'lples II 
_laler will force illO cIlangc il.s auess, since no tlample wiD conlladict !he IUlSlIl 
bas just made. "bere is some disjunctive cover lan&uagc whIlSt elamples In jurt lib 
\hoSe of !he sequence setn up to point i: simply conjoin !he eJampJes an lei ...... 

disjunctive!),: call tills IangUise DI;. Bul!hen tile proccdu~ must fall to ~ 
OIi . __ !here is !he sequence of data eonsisIing or the sequence that iIn:ed lilt 

ptOC:fIdure to But'\S !he universal IanSlllllc followed by t'lamples dniWll just I'nIIII 
Dli on which !he procedure doc;o; nat identify Dli in !he limit. lIere we /JIIte .. fA 
disjunc1ive power. Conycrse!). if !he acquisition procedure s-~ • point L 
Me can simply .dd III 'IImple IIlaI is in Ul'~: here we III!'ke usc of !he deIIIII1 
of UL Since we have assumed I countlbly infinite number of ~. !he prOCldule 
OIn Ilc /JIIde to change ill auess III infinite number of times. (This eumple II • 
renmllzation of Cokf5 (19671 result that lilY family amlaininl a all die IIIIiIe 
llnluages II!d llIIe in finite 1an&lIIIIe is IICl identifiable in !he limit frem poIiIi\IC"GIIIJ 
eridcIcc. ) 

ID shon. there are two Fneral situatio~s in which an 
incrementaL conservative approach to acquisition will work: 

(1) Ifpositivc and negativc examples are 

available. then a panial orderina or 

hypotheses such that the accumulation 

points of the ordcrins arc themselves 

hypotheses suffices. (This is the version 

space approach.) 


(2) If just positive examples arc 

available, then a sparse coverinaof 

evidence sets suffices. That is, only a 

finite number of hypothesizable 

languages ~ can cover any possible 

evidcnec set. If scneral dliQunetive 

statements are allowcd - then this 

condition cannot, in leneral, be meL (It 

might be that somc other condition 

could suffice. howevcr.) 


Thc crucial condition required to ensure identifiability from 
positive evidencc may be stated in another way. The problem with 
overly-dense families of languales is that, DO matter what the 
positive evidenee set, so that data set Dj prompts a. guess of 
lansuaae ~. it is always possible to find anothcr lanauage ~ that is 
compatible with Dj and can be intcrposed between Dj and~. But 
suppose that this ncver happens. that is, that an ~ can never be 10 

interposed. Then either one of two situations must obtain, ~J~. 
or Ii and ~ are incomparable. but both cover the data set~. In 
case 1. either Lj is i4entical to ~ •• hence cannot prompt a 
hypothesis chanSe, under thc Gold assumptions - or ~-~ is 
DOn-e.mpty, and there is somc din ~ DOt in~. If~ is the wact 
IaRJUIJe, then this example must eventually appear in the 
information presentation (again under the Gold assumption of a 
complete presentation). and an idcntirlClltion procedure will have 
cvidence to chanae its guess. If 1; is the target language. thcn the 
procedure will never be forced to chanle its guess. In case 2. the 
same situation obtains. If eithcr ~ or ~ is the COfrect taraet 
languqe. then some positive cxample must appear that inclic.ates 
this possibility _. a sentence not in 1;. but in 1;. or a sentenceMt in 
~. but in 'i' (This is where the recursiveness of the 1; is uscd..) 
Therefore. in either case identincation in the limit from positive 
cvidence can proceed succcssfuUy. Let us say that when a family of 
languaacs metts this condition that it obeys the ~~. 
Tbe point of this condition is to ensure that the acquisition 
procedure always IUesses a subset language If possible. that is, the 
smallest languqe that is also compatible with the positive cvidence 
10 rar encountered. (Note that the sequence oflUcsscsconfbnns to 
.0 incremental search from more specifIC to less specific languaacs 
if the lattice of languages is ordered by the subset relation.· Aaain. 
what is crucial to the demonstration is the tDpoIoaical suucture of 
the lattice of hypotheses. The pan.icular details of what these 
hypotheses denote is irreIevlllL) 

The Subset Principle was independently observed and J 

fonnalized in a recursive-function theoretic rrameworl by Analuin 
(19801. In III Important theorem. Analuln demonstrated that die 
Subset Principle is necessary and suffICient f'or identifiability from 
positive evidcoc:e. 
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Given a family of ~rsive languages. L. L is 
identifiable from positive'only evidence iff there exisIs 
an effective procedure which on input i enumerates 
finite selS Tl' T2• .- such that 

(i)Tif: 4 
(ii) For al\.i>1. if Til: ~, then ~ is not a proper subset 
ofLi' 

The iutent is for the Ti to be "trigger" sets for hypotheses. and !he 
condition amounts to the claim that such finite triggers must exist 
for positive identifICation to wort. 

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 exhauSll 
"nat can be said about ordering constrainlS in acquisition. To 
sl.Ippon this claim we will review several proposals that have been 
made regarding the ordering of hypotheses in acquisition. some in 
de&.aiJ. 

Ill. APPLICATIONS OF THE SUBSET PRINCIPLE 

3.1 ~acg\l!~ition mphono!ogjcal ~ 

According to the distinctive feature theory of phonology 
originally developed by· Prague school structuraliSlS such II 
lakobson and pursued by Chomsky and Halle in SOllnd Paltem of 
English (1968), all natural sound segmenlS such as a or , can be 
described via a small number of binary-valued distinctive features. 
8y and large these features have an articulatory or an acoustic 
grounding, with names suggestive of their place or manner of 
articulation, such as high. bock. anterior, and the like, 20 or so 
features in all. Given binary values for dist.i nclive features (+ or·). 
there are 224 possible segmenlS (about 16.8 million). However. 
most of these segments arc not attested in human phonological 
systems. Furthermore. most collectiol/s of scgmenlS in a particular 
natural language do not make use of an extensive number of these 
possible contrasts. 

As Kean [1974] shows, in pan the reason for this is that 
distinctive features arc not fixed in isolation. Ralher, certain 
distinctive features can be fixed ollly qfier certain other featul'e$ are 
tixed. for instance. according to Kean's Iheory dle distinctive 
feature consonantal must be tixed before the feature bad: or 
continuant. 

Kean developed this theory as way to explain some of cbe 
observed restrictions on possible segmental systems and possible 
phonological rule systems. But there is another way to iDt:erptet 
such a theory, and that is as a developmental program for bow a 
segmental system is acquired. That Is. we can identify the 
markedness of a particular rule. segment, or phonological system". 
the amount of information required to fix that system 
developmentally. 111is structure in tum pcrmilS a considerable 
compression of the information required to fix a partitular 
segmental system. Importantly. the system obeys the Subset 
Principle. By construing the theory in this new way, one can In race 
exhibit an acquisition system in which large numben of 
developmental pathways are eliminated because of the ordtr in 
which a small number of parameters are set. Moreover. the 
de.velopmental model actually explains the existence of Keaa'i 
constraints, constrainlS that, while presumably universal, are 

otherwise not accounted for. Put another way. taken as a model of 
lCqUisition the Kcan theory provides an explicit example of how 
developmental sequencing can ICwally be an aid for acquisition. 
above and beyond the constrainlS provided by models ofacquisition 
that assume an ~instantaneous" filing of a system of knowledge. . 

According to dist.inctive feature theory. segmenlS can be 
distinguished only if they have different values for at least one of 
1be 24 distinctive features. For example. the segmenlS Q and; are 
distinguishable given a segmental system that sees all distinctive 
f'catures roc the two segments to the same value save for the feature 
back. a is unmarked for back. while i Is marked for back (i.e.. is 
expected). To take another example. the segment at is also matted 
for bad: (-back) but is distinguishable &om ; because it is 
additionally marked +low. 

What Kc:an 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 fur the 
distinctive feature anterior may be tixed. Now. Kean deduced this 
order by examining the array of possible phonological systems in 
natural languages. More intercst.lngly though. if we regard this 
order as a model Qf how a sound system is actually acquired, then 
we set a picture like this: 

Hierarchy diagram.Qf.eumDle.tlw. Sol its. 

Step 1 +111 +S11 

+cons·un.arked cons _ cons +cons 
eons • 

[po n. II. Ie] [h. 1, w] [t, k. kW. r.] [h] 

Step 2 lIarle anterior lIark anterior 
(trigger: Ie) (trigger: Ie. lew) 

u anterior _ anterior u anterior _ 
anterior 

[p~ n.lI] [Ie] (t. r, ] [Ie. lew] 

Step 3 lIark lonorant lIarle sonorant . 
(trigger: n,lI) (trigger: r) 

u sonorant _ lonorant u sonorant ".. 
lono ran t .. : 

(p] [t] [r] 

St.ep 4 .ark labial .ark labial 
(trigger: _) (trigger: kW) 

u 'abi.l _labi.l u labi.l .labi.l 
[n] [_] (but allo [t] [tw] 

[p]) 
Different segmental systems eorrespond to different patterns of 
developmental paths. Note that at any given step where a class spUt 
ocrurs one must detennine whether the class that is not promptiq 
the split 45 marked or unmarked at step i+1. Thus (P]is marked 
labial at step 4 even though It doesn't prompt the spUt infO 
marked/unmarked labial. 



The imponant feature of the partitioning process is that splittillJ 
occurs at the ~~ of the directed bicrarchy 1f'IPh, by 
successive refinement of existing classes of segments. Because 
extension of classes occurs solely via the refinement of existIn& 
partitions. the set of segmental classes at step ; wID be • 
homomorphic image of all of the other trees before It in 1be 
developmental sequence. Also note that the tree is developed by 
marking just ~ distinctive feature at a time - not a ncc:cssary 
constrain!., since it is nOl clear why one could not develop a new 
class by marting two or more features in one step. 'lbe R!SlIlt of dIiI 
constraint is to guarantee that at any step j in the development of. 
segmental system the classes of segments will be at most one man 
(m) different. For instance, this constraint excludes the followma 
array ofmarks: 

Xl X2 X3 X4 

Feature: 
consonan ta1 II U U u 
ant.erior II u U u 
back II u U u 
low u II U u 
labial u u II U 

lonorant u U II U 

From one point of view the one-mark constraint is a puulina one. 
It is not at all obvious why segmental systems should be designed so 
that the alteration of a single distinctive feature could convert an II 
iDtoan P 

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 
illto a model of incremental. acquisition from positive-only 
evidence (rather than a model of error detection or correetion). 
NOle 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 Ii.
step. It would then be possible to form a new class partition based 
on marking both the features labial and Jonoranl without havinS 
fim used the .feature wnortJllt to form any segment classes. Now 
there is no class that will correctly accommodate a segment that Is (u 
labial, m $Onorant]. One way to remedy this problem would be to 
allow the procedure to go back and rebuild classes that have already 
been formed, but this would violate the developmental ordcrina 
that has been assumed. The frinse of the hieratthy cree would DO 

longer summarize the possible nelt states that could be 
lIypothcsi7.ed, since there could be segments such as " that would 
demand the interpolation of new classes between older panidolll 
and the current partition. In other words. the one-mconstnlint 
amounts to the demand that new classes be the minimaDy speciftc 
refinements of existing classes. This way ofordering hypothCSl!l in 
• lattice of general to specific descriptions is. <IS we shall ­
immediately below, common to several proposed modeJa of 
souJled "concept acquisition." It is also suffICient to guarutee 
that the incremental acquisition procedure proposed earlier will 
wort correctly, 

1 Note IIIat this would seem 10 be an unwise desisn choice fmm lilt aandpailt III 
O'nlI'dcleClion or ClTor COIl'ecUon; IS Is well tooWII. ill order 10 be ere 10 carNCt 
_ of 1 bits. Ihcn qmcnlS would have 10 be scpafllied by • bill of adius :It+1 
(JUu one must &Ull3nllle lllat ellan¥tll of up 10 t bill ill lilY twosqmemsltllllllml 
..fibre 10 dc!ennme Ihe original secmeaQ. 
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Put another way,lhecJass of possible natural sqmentaJ 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 if they were acquired 
011 the basis of an incremental fixing of segments according to the 
Kean feature hieran:by. t 

II~ acQuisition arul ~MCODSUJint 

Related research on conceptual development as pursUed by 
Sommers (19711 Keil (19791 and others also implicates the Subset 
Principle. Briefly, Sommers has suggested that if one arranges 
terms such as dog, cal, loPe. etc. into a graph structure whose 
cenninalJeaves 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 
ill "M* shaped graphs - the so-called "MOO constrainL Rather. the 
IfIph structures tat e the form of hierarchical trees. For instance, 
the tree below (reproduced from Keil [1979, page IS. F"tgure 1D is 
typical of one that comports with human intuitions~ an "Idea" can 
be predicated as beina true, hence lies under a node labeled "true" 
in a predication tree, but cannot be at the comer, or red, hence does 
DOl lie under nodes labeled with these predicates. In contrasl, a ear 
can be nearby, at the comer, red, tall, and fixed, but nOl true. 

Developmentally, Keil's key finding was that predicate 
hierarchies (predicability trees. as he called them) foliate via 1be 
refinement of existina classes of predicates, rather than by the 
radical reconstruction of predicate applicability relationship&. This 
finding was supported by studies ofthe growth ofpredicability trees 
of youna children. In other words. Keil found that predicabllity 
trees developed via the branching of the mnges of existins 
predicates •• the same process of refinement as WIS posited in the 
phonological model presented above. For instance, at the earliest 
ages studied (5-6 yrs.). some children's predicability trees looked 
Iitethil: 

thtRt of 
/h•.." "­

tall. an hour 10111/ 1:".t I' t', v. show o
aliv. s.cr.t 
a.at. 
sorr, 

.i" 
(Th1l 11 a singl. individual's tr••• ] 

When second araders were tested, their trees were foliated venioDI 
ofinitial trees of dUs tiad: 

'i"tof~ < 

".at, .n ho.,r lonll 

tall ~" fecess 


/ q.air 1~.. 

a11v, .at.r

.J 'tr••

a.A. 
sor'" 

l 

drl 
rabbit 

http:lIypothcsi7.ed
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This developmental assumption is just like that of the phonolosical 
model. A new phonological panition is fonned when it is realized 
that a segment is not like the segments of its classmates, and benc:e 

I must be marked. (1be 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 IaUice of predications had an 
upper bound. an all-embracing predicate that could be applied to 
QI/y 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 
refinement occurs at the "leading edge" of the hieral'clly ttec, then 
the new representation is a minimal refinement of the old one. in 
the narrowest possible way. lbis kind ofconservative strategy is not 
necessary _. un less one is faced with the problem of acquisition 
based on just positive evidence. lbus the widespread existence of 
this strategy might be taken as an indication of a reliance on positive 
evidence here (as in the phonological case). 

The Subset Principle is also ubiquitous in the acquisition ohhe 
syntax of natural languages. A catalogue includes (but is !lot 

exhausted by) the following examples. In fact, as far as can be 
determined. the Subset Principle subsumes all the specific: orderina 
principles advanced in current syntactic: theory. 

13.1 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 Is trace to like ice cream] 
-John seems Is it is certain Is trace to like ice creamD 

The man [whoj Is I don't know (wboj ls 
tracej knows traceiIID 

Interestingly. this last sentence is srammatical in Italian, .. 
discussed by Rizzi 1197&): 

L'uomo [wh-phrasei che Inon so [chiJItracej conosca tracePDJ 
According to Ril1j, this is because it is S, not S, that is a boundiba 
node for Subjacency in Italian. Therefore. the empty catcsory 
11'QC~ can be co-indexed with the wh-phrasei because it crosses only 
a single full clause 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 determined on the basis of evidence received by 
an acquisition procedure? Once again. let us apply the Subset 

l 	 Principle. If the bounding node for Subjacency is S, then • 
narrower class of languages is generated than if the boundina node 
for Subjacency is S. Therefore. by the Subset PrincipJe. 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,.ard. If 

this assumption is wrong. then a positive example will appear that 
violates S-boundina - as in the Italian example above. Then the 
acquiSition prncedure can nset the Subjaceney parameter to the 
next "!.araest" value, nantely. S. 

3J.l Acquisition ofphrase structure Nles 

Williams (1981J 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 forms of a language. 
The i<lca is simple. According to current linguistic theory. a phrase 
structure rule obligatorily contains a lk&1. 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; perilaps Adverbs are Specifiers. Given this model. 
then the Subset PrinCiple dictates a particular order in which 
hypotheses should be entertained. The first assumption is to 
assume that a phrase has JW Specifiers or Complements, since this 
p:nerates 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 ofhypotheses would be as fonows: 

Head (obligatorr) 

I \ 

Fia Specifier fH Complement, 1 

fia Complelllent fia Specifier 

As Williams 	 observes. there is no particular order in which 
specifiers or complements arc fixed, relative to each other. Further, 
since either or both can be missing.. the end Slate 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 stTueture 
be~o~ fixing optional Specifiers (as also determined by the Subset 
PrinCiple; see the discussion of obligatory arguments immediately 
below). 

3.33. Optional and obliptory arguments aod rules 

More s~e.rall~, it has, been widely pointed out (see e.g., Baker 
(197~)) that It IS diffICult, If not impossible. to detennine whether a 
rule ~ obliptory or optional on the basis of just positive evidence. 
Fm: mstan~e, Baker observes that Subject-Auxiliary inversion is 
obligatory m main clauses. If an acquisition procedure guessed • 
Subset language and assumed that inversion was optional,lt could 
generate two forms, the second unarammatieal: 

Who will John tis&? . 
Who John will kiss! 

Su~pose counterf~uallY that the inversion rule was optional in 
malO .clauses. This causes no problem: the acquisition procedure 
will Simply acquire a new rule ofanalysis to handle that situation as 
well. In short, one can see that by formulating the acquisition 
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procedure as one uf fixin& new rules' of analysis, one IUtomat.icaDy 
orders hypotheses so that the default assumption is that a rule II 
obligatory until proven otherwise. 'lbis orderin& satisfies Ibe Sublet 
Principle. 

The same point holds for detenninin& the IlJUment structure of 
verbs. such as IWJ/t: by defaull, the learner must hypothesize &he 
narrowest possible surface lanaulie. Thus jf an 8I1ument appears 
with a verb. such as. John walked If) Me store. then the default must 
be to take the 'Prepositional phrase 10 Me store as an obliptory 
81iument until proven otherwise by explicit positive evidence (such 
as a sentence where the araument does not appear, IS in. JoI.uI 
woIketf). Optionality must always be fIXed positive examples. 
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VALIDATING A THEORY OF HUMAN SKILL ACQUISITION 
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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 mls· 
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 prediction. 
have been compared to data from students learning ordinary 
mathematical procedures: subtracting multi-digit numbers 
(1138 students), adding fractions (500 students) and IIOIvIng 
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 giVE.n cognition be simulated H 
the principles were violated or replaced by somewhat different 
ones? Would such a change produce inconsistency. or • 
plausible but as yet unobserved human behavior, or merely a 
minor perturbation in the predictions? Which a1temative8 H 
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 
'ollowing 'elicity 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 1ess0n-4.e., 
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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 learned inductively. They are generalized from examples. 
There is an important philosophic:al-logical theorem 
concerning induction: If a generalization (a procedure, in this 
case) is allowed to have arbitrarily many disjunctions, then an 
inductive le~rner. ca~ identify which generalization it is being 
taught only If It IS given all possible examples, both positive 
and negative. This is physically impossible in most interesting 
domains, including this one. .f inductive learning is to bear 
even a remote resemblance to human learning, disjunction. 
must be constrained. 

Two classic methods of constraining disjunctions are (I) 
to bar disjunctions from generalizations, and (ii) 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 ease of 
the first hypothesis, it can be shown that barring disjunction. 
from procedures forces the theory to make absurd 
assumptions about the student's initial set of concepts-lhe 
primitive concepts from which procedures are built. 
Rejeeling the first hypothesis leaves the fewest.disjunctlon. 
hypothesis and the one-disjunction-per·lesson hypoth.... 
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 exactty 
where disjunctions were being introduced. The one­
disjunction· par-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 faI_, 
as I am Sure it is, then the fewest-dl$junctions 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. 




