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Abstract 

This chapter presents a framework for integrating all possible sources of expli­
cations: those stemming from explanation-based learning (EBL) and those describ­

the relationships of a recognition function with the JX>sitive or negative examples 
of the concept it is supJX>sed to cover. For those directly oblained from a human ex­
pen, refer to Chapter 19. The deep analogy between these different explanatory 
sources is explained and carefully exemplified. The chapter starts with a description 
of what expert knowledge, a knowledge fit to symbolic approaches, is, as oPJX>sed to 
casual knowledge, fit to numeric approaches. Our main point is that expert knowl­
edge is almost as much devoted to efficiency as to explication. We then explain how 
much the improvement and progressive refinement of a generalization depends on 
the quality of the explanations one can get-"why the generalization is good or 
bad." Finally, we propose some general methodology to improve the explanations 
themselves. 

16.1 INTRODUCTION 

The word "learning" is currently used in such a wide variety of meanings that 
the research area attracts people that have different or even opposite interests. Most 
people claiming to belong to artificial intelligence (AI) tend to be oriented towards a 
symbolic approach, which can be characterized by its care for providing cxplana· 
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lions in the user's language. This demands intensive and explicit use of background 
knowledge and symbolic reasoning. It can possibly lead to some lack of effiCiency 
and accuracy. 

On the other hand, most other techniques, like data analysis, connectionism, 
operations research, and all statistical methods emphasize the needs for efficiency 
and accuracy. They fulfill these needs by using a knowledge representation, the se. 
mantics of which is the closest possible to the semantics of numbers. Therefore, 
these approaches make implicit use of background knowledge, and they usually are 
unable to provide explanations in the user's language. 

Actually, there seems to be not only a double, but a triple misunderstanding of 
the expression "machine learning" (ML) that arises on the one hand, between spe. 
cialists in artificial intelligence (called Al-learnists in the rest of this chapter) and, on 
the other hand, between more psychology-oriented people (called psy-learnists in 
the rest of this chapter), and non-AI-oriented learnists (called NOT-Al·learnists in 
this chapter). We shall attempt to qualify AI·learnists by twO features. The first fea­
ture concerns the topic they are working on. 

First Criterion There exists a body of explicit knowledge in the field in which 
learning takes place, expressed in the expert's language .. Having expertise in this 
field means mastering the field's language (i.e., the symbolic representation of the 
domain knowledge) and being able to explain to another expert the reasons for one's 
choices. There may be some disagreement among experts, but the disagreement is 
over the reasons rather than the choices themselves. In everyday life, this is enough 
to define expert knowledge, as opposed to casual knowledge. Typically, mathematics 
is expert knowledge, and bicycle riding is casual knowledge. 

We need to add here a seCOnd feature concerning the way these approaches are 
workjng on their topic. Within AI-learning itself many discussions take place, like 
the recent one between explanation-based learning (EBL) and empirical learning. 
These discussions tend to hide that both approaches are issued from the AI approach, 
and both are characterized by the following. 

Second Criterion Their results are expressed in the language of the expert 
him/herself. The other approaches to ML, illustrated by statistics, and also, more 
recently, by the connectionist approach [Hinton-Chapter 20, this volume], whose 
aim is rather efficiency and accuracy, and where explanations hardly can be ex­
pressed in the vocabulary of the expert. More generally, all ~jI.'IICCS aim to develop 
Iheir own language with which they can dcscnht- the ... ·h.IlIlOf uf Ihe-Ir (lh""n'Jhk~ 
AI indeed develops iL') own vocabulary a" ",{'II, 1">." .. fIIlh. m, Iwk It. .. r_JlCU'\ lin, 
guage. Statistics do provide explan;lIl\lI1~ 01 th.-" f .. \11 It , hlf hJ"tAII, .tk·,,- fI'J".,l\ 

are expressed in terms of "quadralK \~II.I/('\"'If ."h. f '1.11.1. 111.'~I,. ,,., nIl \ Jfl' 

expressed in Ihe vocabulary olille {"PC" In ~l.tll"" \ n,1I III ,h.. w, IhJl.lJ; ,,'It\(' 
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~ -1': 
~ KODRATOFF 

.1' expert of the field on which statistics are done. In opposition, all the AI-inspired, 
i EMYCIN·like expert systems provide explanations in the vocabulary of the expert 
~4,,{ in the field ~nder st~dy even though they are well kno~n for p.r~viding bad e~plana­
,J tions of therr behavlOr because of the way they combme poslt.lve and negauve be-

l:, liefs. 
I~",f 
,~,I Definitions We shall say that one is doing expert knowledge acquisition when the 
Y twO following requirements are fulfilled. 
~;:; , 
:{' 
; • First, the acquisition concerns a field that possesses a body of theory such that 

.:~ the expert in this Cheory can provide explanations. 

• Second. the acquisition provides explanations of its behavior and uses the vo­
cabulary of the human experts. 

;; 
';~ 

When one of these conditions is not fulfilled, then we define the acquisition of 
" 

knowledge as casual knowledge acquisition (or non-conceptual knowledge acquisi­
tion). 

Let us give three examples of NOT·AI-Iearning, ordered by their distance from 
AI-learning. 

• Riding a bicycle is an example of everyday life casual knowledge, its learning 
therefore belongs to casual knowledge acquisition. 

• A diagnosis system that would rely on thousands of clinical cases, store all of 
them, and provide a diagnosis by a template-matching mechanism does not 
provide explanations, therefore it belongs to NOT-AI-learning. It is similar to 

< 
" . rote-learning, which clearly is of little concern to AI specialists. 

• A ruagnosis system thai uses pure numerical teChniques in order to perform its 
clusterings, and generate its recognition functions, cannot give explanations in 

i!} the vocabulary of the expert. 
!­

There are here some (fortunate!) shadows on the limits between AI- and NOT· 
AI-learning, since the clustering algorithm mayor may not include, as parameters, 
some semantics or the field. Michalski's conceptual clustering [Michalski and 

~. Stepp, 1983) is very typical of a numerical technique that falls into AI-learning be­
I 

cause it can provide some explanations of its clusters in the expert's vocabulary. 
NOT-AI-Iearnists are interested in casual knowledge acquisition, because they do 
not mind explanations but efficiency. 

Psy-learnists mind explanations but they are interested in the way humans actu­
ally store their knowledge. which seems to be very far from the way existing knowl· 
t'd~e hascd systcms store it. 

One necc<;sary condition to Ihe generation of explanations is that the system is 
ahle lu l"OW~ thai i.s actions obey some constrainL<;; the quality of Ihis proof is an· 
OIht'r 1Il:lller Ihal will be discussed I:IIr.r. SC'.ction 1/'i 1 will illll~tr"tf' hAUl nrr",;ntr 



436 CHAPTER 16: LEARNING EXPERT KNOWLEDGE 

things may be a first step towards explanations. These explanations look different 
when coming from EBL or from empirical learning. Actually, there has been recently 
a considerable emphasis on the difference between the two. EBL works by using 
classical theorem-proving and goal-regression techniques. while empirical learning 
usually looks for recognition functions obtained by a generalization from a set of 
positive and negative examples. This chapter will show that their essential difference 
does not lie in using one (as generally EBL does) or several (as generally empirical 
learning does) examples, but in the way each uses background knowledge. It just 
happens that empirical learning may hide. and often has hidden. its background 
knowledge into the representation of the examples. When empirical learning does 
not use explicit background knowledge at all, our definitions place it in NOT-A!­
learning. Conversely, as soon as one is willing to pay the price for an explicit repre­
sentation of the background knowledge, then empirical learning is also able to pro­
vide explanations to its user. In order to avoid confusions, we shall call learning from 
examples by empirical induction the empirical learning that does not use explicitly 
b:lckground knowledge, and learning from examples by constructive induction the 
one with explicit background knowledge (see the first chapter of this book for pre­
cise definitions). We therefore also want to illustrate that, contrary to the "EBL ver­
sus empirical learning" way of looking at machine learning, constructive learning 
from examples must also provide explanations and needs some theorem proving. 

EBL is born rrom techniques that are efficient on a very well-defined domain. 
For instance, the recently defined EBG (G for generalization), [Mitchell, et al., 
1986] requires both 

I. 	 a complete theory (including a definition of the concept under learning), and 

2. 	 an instance of the concept. It would be useful to be able to define generaliza­
tion in a doma.in where the concept to be reached is stilI unknown, or the theory 
still to be completed. This has been done by Michalski [Michalski, 1983, 
1984], in his formalization of generalization. Our aim is to push forward this 
theory, and atlemptto encompass both EBL and constructive learning from ex­
amples into it, by showing that the last also should provide explanations of its 
generalizations. In less formalized domains. one should at least be able to take 
into account human experts' explanations. This last topic is discussed in Chap­
ter 19 of this book. 

In this chapter, we hope to reach two different goals. The first is to show how a 
formal theorem prover can help in providing explanations that improve the concept 
under learning, the learning being deductive (as it should be) or, a bit more unexpect­
edly, inductive as well. We shall differentiate the use of theorem proving done during 
inductive learning from the one done during deductive learning. The second goal is 
to show how these formalities are actually simple, and in many cases, easy to use, 

':{ 	
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once one disposes of a theorem prover. The most widely available being the lan­
guage PROLOG, we used its formalism in the rest of the chapter. 

16.2 NOTATIONS 

In this chapter, we shall use a PROLOG-like notation of the clauses. A Horn 
clause has the form A:- B, C, D, ... which means, A is TRUE IF (B is TRUE, and C 
is TRUE. and D is TRUE•...). A is called the conclusion of the clause, and B, C, D, 
... are called the conditions of the clause. A clause without condition, i.e., a pure 
positive clause, is often called afact, or a datum. A clause without a conclusion, i.e .• 
a pure negative clause, is called a question. It is clear that nothing special is brought 
by this' representation as such. Its interest comes f(om the fact that an inference 
mechanism is included in it. For instance, consider the clauses 

(e l ) MORTAL (x) :- HUMAN (x) 

(e21 HUMAN (SOeRATESI 

In general, one should be able to resolve C2 and Ct. which means that one should 
remark that C2 fulfills the condition of CI, x being instantiated by SOCRATES. 
Using PROLOG representation implicitJy says that this kind of rea<;oning, usually 
called forward chaining, will not be used. On the contrary, one will only use back­
ward chaining; Le., a question (represented by a pure negative clause) will have to 

match some conclusions and will generate new questions etc .... up to the moment 
where all questions have been answered. In other words, PROLOG uses a refutation 
strategy; therefore a question will be Slated in the form of a pure negation, as already 
defined. The original question and all subquestions have been answered when all of 
them have been put in contradiction with some parts of the data basis. One then says 
that one has derived the empty clause from the data basis and the question; I.e., that 
the question is inconsistent with the dala basis. For example. the only way to deduce 
something about Socrates's mortality, is asking the question "Is Socrates mortal?" by 
adding a pure negative clause in the form 

(e)) :- MORTAL (SOeRATES) 

The refutation will then proceed by resolving C3 against CI. with the substitu­
tion [x f- SOCRATES], therefore generating the new question 

(c 4) :- HUMAN (SOeRATES) 

which resolves with C2 to the empty clause. The refutation procedure thus concludes 
that it was led to a contradiction by negating MORTAL (SOCRATES), it has there­
fore proven that asserting it leads to no contradiction. 

All that explains why PROLOG programmers say that the proof "succeeds" 
when the interpreter finds a contradiction, and that the proof "fails" when it does not. 
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16.3 IMPROVING A GENERALIZATION 

In me following, we shall suppose mat we reached a given state of knowledge 
acquisition, and mat we are trying to improve it by checking me current state of the 
learned recognition function against new positive or negative examples. When they 
do not fit together, the problem is men to be able to improve this recognition func­
tion. Said in an intuitive way, one expects from a recognition function to "recognize" 
new examples and to "reject" new negative examples. Let us now give one possible 
definition for recognition and rejection. We choose here a quite intuitive way of de­
fining these words. More details have been given in [Kodratoff and Ganascia. 1986; 
Kodratoff. 1988]. This definition has also been extensively used by J. Nicolas 
[1986]. The reader is asked to accept these definitions as temporary hypotheses: 
omer definitions would lead to omer proofs, but the essential step that we want to 
illustrate here; for instance, how a proof can be the basis for an explanation, does not 
depend on these definitions. Let E, NE, and f(x) be an example, a negative example, 
and a recognition function. respectively. 

16.3.1 Recognition of an Example 

16.3.1.1 Definitions 

Definition lOne says that a function f(x) recognizes (1) an example E when there 
is an insLance of "x," say [x ~ A] such that f(A) = E. This definition fits well our 
intuitive feeling of "recognition" but, in view of our goal of generating explanations, 
it is quite inefficient. We shall generalize it somewhat in order to obtain explanation 
of "why f(x) recognizes E." 

Definition 2 Suppose mat definition I holds; i.e., there is a [x ~ A] such that f(A) = 
E. Then A is me very inSLancethat exemplifies that both E and 3x [f(x)] are lRUE. 
Therefore. one says mat a function f(x) recognizes (2) an example E when there is no 
contradiction to assert bom E and 3x ff(x)] together. 

Definition 3 Definition 2 is not very computation efficient, mis is why we shall 
choose to perfonn me proof by refutation. We shall make me choice to assert E and 
to refute 3x [f(x)]; while the converse, asserting 3x [f(x)J and refuting E could have 
been also quite possible. Reasons for this choice are discussed at lengm in Chapter 6 
of [Kodratoff, 1988]. we shall skip them here. We shall therefore try to prove mat 
Jsserting both E and -.3x [f(x)] lOgemer leads to a contradiction. Since -.3x [f(x)] is 
logically equivalent to "Ix [-,f(x)]. This gives our third definition. One says that a 
"unction f(x) recognizes (3) an example E when mere is a contradiction to assert both 
:: amI "Ix [-,f(x)] together. 

l KODAATOFF 

This third definition is very computation efficient since E and 'tix [-.f(x)J can 
be put in clause form, following classical rules [Kowalski, 1979J. Then. if these 

,~', clauses are Hom clauses, they can be directly given to a PROLOG interpreter, 

'tix [-.f(x)] 

being seen as a question. The proof that E and 'tix [-.f(x)] contradict each other is 
completed when PROLOG succeeds in finding me empty clause out of their clausal 

form. 

Example 1 
Let us suppose that we have so far obtained me following recognition function 

fl(x, y) =SPHERE(x) & RED(y) which means: "there are twO objects, one is a 
sphere, me other one is red." Suppose that a fmmer example is given as 

El =SPHERE(A) & RED(A) 

where "A" is the name of an object mat happens to be a red sphere, men E, is clearly 
an instance of fl(x, y) since the substitution a l =[x ~ A, Y ~ Al is such [hat 

alofl(x. y) = E l • 

Once in clausal form, E reads 

C1: SPHERE (A) 


C2: RED (A) 


and 'tix [-.fl(x)] becomes 

SPHERE(x), RED(y)
C3: 

Proving mat ['tix [-.fl(x)] & Ed is contradictory amounts to proving mat 

(CI, c2, C31 
is contradictory. In order to prove this last statement, one uses resolution [Kowalski, 
1979] as follows. SPHERE(x) in C3resolves with C I , with me substitution [x ~ Al, 

leading to the new set of clauses 

C2: RED (A) 


C' • :- RED(y)

3' 

RED(y) in C'3 resolves with C2• with the substitution [y ~ A), mus leading to 

the empty clause. This proves that (C I , C2, Cll is contradictory. Therefore, f\(x, Y) 

recognizes El according to definition 3. 
The above example illustrates why we can use the definition of "recognition" 

we just gave, but it still does not explains its use, since the direct proof by substitu­
tion is possible. It may happen that the substitution is very hard or impossible (as 
Example 2 shows) to find because, in order to make sure that E is an instance of f(x). 
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one must use semantic propenies of the microworld one is learning in. In that case 
the proof that {"ix (-.fl(x)J & Ed leads to a contradiction may become quite lengthy: 
An analysis of this proof will show why it succeeds. and explain why f(x) is recogni­
lion function for E. 

Example 2 
Suppose now that the recognmon function is f2(x) = ELLIPSOID(x) & 

RED(x), which means that we have memorized that "there is a red ellipsoid" in all 
the scenes we are learning from. Suppose that we are given a further exalDple 

E2 :; SPHERE(B) & RED(B) 

where "B" is the name of a red sphere. Since ELLIPSOID and SPHERE do not 
match, the proof by substitution is useless. Suppose now that the semantics of the 
microworld where learning is taking place are such the following theorem is known 

Th l: "ix (SPHERE(x) =:) ELLIPSOID(x)]. 

We shall add 1111 in our knowledge base and attempt to prove that 

['v'x [-.f2(x) & Thd & EI ] 

kads to a contradiction. This reads 

C 4 : SE'HE::<E;(B) 

Cs : RED(3) 
C 6 : ELLIPSOID (x) SPHERE (x) 
C7 : ELLIPSOID(x). RED(x) 

C7 resolves with C6• leading to the new clause 

Ca: :- SPHERE(x). RED (x) 

and Cg resolves with C4 and Cs to lead to the empty clause with the substitution (x f­
BJ. Therefore, E2 is recognized by f2(x). 

As suggested by this example, it must be understood that the proof that 

(E & "ix f-,f(x)JJ 

leads to the empty clause has to make use of all the available knowledge. Actually, 
definition 3 tells it impliCitly. For the sake of clarity, let us accept some redundancy 
:I!ld introduce explicitly the use of background knowledge in definition 3. 

Definition 4 Let BK be the available background knowledge. One says that a func­
lion [ex) recognizes (4) an example E when there is a contradiction to assert both E 
~lnd 'v'x [-.f(x) & BK] together. When they are in clausal form, this amounts to say 
that IE & 'v'x (--l(x) & BKJ] leads to the empty clause. 

., 16.3.2 Rejection of a Negative Example 

16.3.2.1 Definitions 

As in Section 16.3.1, and for the same reasons, we shall give four definitions of 

rejection. 

Definition r One says that a function f(x) rejects (1) an example E when there are 

no instances of "x," say [x f- A] such that f(A) = E. 

Definition 2' One says that a function f(x) rejects (2) an example E when there is a 
contradiction to assert both E and 3x [f(x)) together. 

Definition 3' One says that a function f(x) rejects (3) an eXanlple E when there is no 
contradiction to assert both E and 'tIx hf(x)} together. The proof that E and 'tIx 
[...,f(x)] do not contradict each other is completed when PROLOG is unable to find 

the empty clause out of their clausal form. 

Definition 4' Let us call BK the background knowledge. One says that a function 
f(x) rejects (4) an example E when there is a no contradiction to assen both E and 'tIx 
[-,f(x) & BKJ together. When they are in clausal form, this is equivalent to saying 
that [E & "ix [-.f(x) & BK1J fails to lead to the empty clause. 

Example 3 
Suppose that the recognition function is f3(x) = SPHERE(x) & RED(x) and that 

NE3 = SPHERE(C) & RED(D) is a negative example to f3. Clearly, NE3 is not an 
instance of f) since x cannot be substituted by both C and D. Using the above formal­

ism, one checks that the system of clauses 

c9 : SPHERE (C) 

CIO: RED (D) 

SPHERE(x) , RED(x)Cll : 

does not lead to the empty clause. Resolving C II with C9, one obtains 

CIO: RED(D) 
!- RED (C)ClL: 

because "XU has been instantiated by "C" during the resolution. C 10 and C 12 cannot 
be reduced since "C" and "D" are different constants. This proves that NE) is a neg­

ative example for f3(x). 
All the above illustrates our definitions and the proof procedure b':lt is not very 

significant as an explanation generator just because there is indecd little to explain. 
This happens because the amount of background knowledge we are using in these 
examples is almost zero. However, in Example 2, the proof that 
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'~and 'Ix hL\\) & Thd 

contradict each OIl1r.\ \\~cs clause 

c6! ELLHlc,I"I'IX) :- SPHERE (x) • 

Therefore, we can !"\\ that f (x) recognizes ~ because a sphere is a kind of ellipsoid. 
This constitutes a ~1\\I\'le bu~ not trivial explanation, which happens to be the trace of 
a fonnal proof. TII\' I\"xt section will show that EBL works in a quite similar way. 
This will show Olill "'I(h deductive and inductive learning use theorem proving to 
generate explanmh"h. In the case of inductive learning, the inductive process will 
generate some rcc"l4ll\tit)n function from a set of examples and, once it has been 
generated by inchu 11 l 'l\, a proving process exactly the same as the one shown in Sec­
lions 16.3.1 a~d III \.~ will "explain" why this function recognizes the positive ex­
amples and reJccts 1111' negative ones it has been learned from. 

16.3.3 Improvenl"IH of a Formula by an Explanation of Its Success to 
Recognl.l\\ n New Example 

In cases less II '\ like than the examples above, it often happens that the recog­
nilion function is h,\\ '"uch "hairy"; i.e., it contains irrelevant infonnation that does 
nOl haml (.he rccogll ll l\'1\ of the given example, but could be hannful in other situa­
tions. One must lhl~1I ,,1\111(: it from its irrelevant infonnation. This pruning, an essen­
lial parI of expl:~llall\'\\ h;\l\cd learning, will be exemplified below when we shall an­
<.Ilyze level 3) 01 lhl~ \,\li>to-stack" example. 

In order to Hill <n~\Ie the necessity for pruning, imagine a recognition function 
for "man" that COIII'III\S a predicate "beard" laking the value TRUE when the man 
has a beard. It may h' Ihat only bearded men have been seen so far by the system, 
which recognizes ""1\1," only if its description gives the value TRUE to "beard." 

• Given a comp!,.", theory of "man," in this case, a detailed description of what 
are secondary '.\'\\lal features, and about some social shaving habits, 

• Given a comp"'h' ,lcscrlption of a bearded man, the system should be able to 
prove that the 1'-\\\\il'~He "beard" is not necessary to assert that this bearded man 
is actually a 111.,,\, I~cause it is a secondary feature often erased by social hab­
its. 

As this exam"", '1IllWS, since irrelevant information is dropped, another conse­
Illence is that SOI11<\ \l\'IW..lIizaLion is performed on the given fonnula. This is the 
upic o~ go~1 regre.t~', ''I (Waldinger, 1977; Nilsson, 19801. and of explanation-based 
enemhzauon (EB( I \ 1\ tilchell. et al.• 1986J. 

EBG is very ck.\\\\, described in (Mitchell, eC al., 1986). We shall insist here on 
1e importance of \11\\,1' traces in performing it. For that purpose, we shall use a 
'j<OLOG version oj 111\, "s.afe-to-stack" example, taken from (MitcheU, et al., 1986]. 

~i,;,
f
r: 
t 
~i. : 

:i',f ,"F" 

,t·~ 

." 
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Such a PROLOG version has been implemented by Kedar-Cabetli [1987]. We have 
implemented [Touchais. 1987; Siqueiraand Puget, 1988; Kodratoff, 1988] aconver­
sational version in which the operationality criterion can be changed at any step by a 
request of the user. Let us summarize EBG as follows. Given 

• a complete theory, 

• a training example, 
• an operationality criterion given as a list of "operational" predicates. Do the 

following: 
o prove that the training example fits the theory, 

o gather the corresponding proof tree, 

o 	prune the proof tree according to the operationality criterion by cutting off 
any branch containing a predicate that does not belong to the list of opera­
tional predicates, 

o generalize the pruned tree while keeping the infonnation sufficient to 
prove that the training example fits the theory, 

o gather the leaves of the generalized pruned tree: They fonn a new, opera­
tional, description of the general concept described in the training instance. 

We shall exemplify this procedure by using the Mitchell, ec al., [I986J "safe-to­
stack" example. It amounts to learn a more efficient rule to perfonn stacking. Given 

• an 	example of a particular box "BOX! stacked on a particular table "END­

TABLE\." 

• a "complete" theory of stacking 

• an operationality criterion: Are all predicates met in the theory and the training 
instance operational? 

Find 

• an operational rule for stacking objects. 

Learning proceeds from three kinds of informallon. The first kind of infonna­
tion is the "complete" knowledge of the specific box, "BOX\," and the specific table 
"ENDTABLE)." 

C1 ON(BOX1, ENDTABLE1) 
c2 COLOR(BOX 1, RED) 
C3 COLOR , BLUE) 
C4 VOLUME {BOX1, 10) 

DENSITY{BOX1, 1)Cs 

C6 FRAGILE(ENDTABLE11 

C7 QWNER(ENDTABLE 1, CLYDE) 

Ce OWNER(BOX1, BONNIE) 
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The second kind of information is the "complete" background knowledge 
about stacking things, also called the theory of the domain. 

Cg 	 SAFE-TO-STACK(x, y) :- NOT FRAGILE!y) 
SAFE-TO-STACK(x, y) : - LIGHTER (x, y)CIO 


ell WEIGHT (x, 101) ;- VOLUME!x, v),DENSITY(x, d), 101 is v*d, 

WEIGHT (ENDTABLE 1• 50)C12 

ClJ LIGHTER (x, yl ;- WEIGHT(x, wl),WEIGHT(y, 1012)' LESS (loll' 1012) 
LESS (x, y) :- x < yC14 

The reader may be surprised to fmd CI2 placed in the background knowledge. 
This is due to PROLOG's clumsiness in expressing default values. In new versions 
of PROLOG that include ,data typing. it would be possible to declare that "END­
TABLE1" is of type "ENDTABLE" in the above fust kind of information and to de­
clare in the second one that the default value of the weight of the type ENDTABLE 
is SO. Since our aim is not the illustration of typed PROLOGs (that would require a 
paper by itself), let us go on with a standard PROLOG language and notice that there 
is no real contradiction to put CI2 in the background knowledge. 

The third kind of information is expressing that one can safely stack "BOXt 
on "ENDTABLEI'" Since we want to prove that by PROLOG; i.e., by a refutation 
procedure, this knowledge will be given as question to the PROLOG interpreter. It 
rcads 

Cj~ SAFE-TO-STACK(BOX1, ENDTABLE j ) 

Clauses C9 and C IO are supposed to represent a complete knowledge about 
stacking. Therefore. we already know how to prove or disprove whether an object 
"x" is stacked on an other "y." What we want to learn from this example is a more 
efficient (here. this means "more operational") way to stack "x" on "y" than the one 
given by C9 and Cw. 

Most clauses are straightforward rewritings of those in [Mitchell, et al.• 19861, 
but three differences must be pointed out. The first difference is that we use integers; 
therefore we multiply by 10 the values given in [Mitchell, et al.• 19861. The second 
difference is that the "ISA" links are dropped. This would have to be expressed as 
types in a typed PROLOG-as already pointed out, typing PROLOG is not our pres­
ent topic. The third difference is that the default value is given in clause CI2 as a 
"normal" value. The fact that it is a default value is expressed by the "!" at the end of 
clause CII' If CII succeeds. this "!" tells to "jump over" clause Cu. Therefore Cl2 is 
used only when Cll fails as it should be for a default value. 

The proof proceeds as the following trace shows. This trace is provided by 
most PROLOG interpreters. The comment "Call" means that the predicate has been 
used as a question to the system. The comment "Exit" means that the predicate (with 
th..: instances in the "Exit") has been proven TRUE. The comment "Fail" means that 
the predicate has been proven FALSE. The comment "Back to" means that back-
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Cell: SAFE-TO-STACK (BOX/.. ENOTABLE1)____ 

Cell: NOT FRAGILE (£NTOABLEI)______~ 


Cell: FRAGILE (£NDTABLEI) 

Exit: FRAGILE (£NDTABLEI) 

Beck to: NOT FRAGILE (£NDTABLEI) 


NOT FRAGILE (£NDTABLEI) _______Fell: 
LIGHTER (BOA"/., ENOTABLEI)______ 


Cell: WEIGHT (BOXI. H"I) ------------, 

Cell: VOLUME (BOX/. vi) 

Exit: VOLUME (BOXI. 


Cell: 

I<V =======;::=;-- 41 
Coli: DENS lTV (BOXI, d I) 42 
Exit: DENS lTV (BOX/. I) 
Cell: 

wi 1s 10" I -========:;::==~_10Is10"1-	 43Ex! t: 
Exit: WEIGHT /BOXI, 10) _-;::;):-:======~
Cell: WEIGHT (£NDTABLE/., ,.j.-.;:",) 

Cell: VOLUME ,(ENOTABLE/., v.;.::,1 

Foi 1: VOLUME (£NOTABLE/.. v..;:"') 

Beck to: WEIGHT (£NOTABLE /., 'F';:"') 
WEIGHT (£NOTABLE/.. 5'<,)-_____---1Exit: 

Cell: less (10,50) 


Cell: 10<50 


Exit: 10<50 


Exit: less (10.50) 


EXit: lighter (BOX/. ENOTABLEI)_______ ~ 


Ex! l: SAFE-TO-STACK (BOA/. ENDTABLEI) ___ -------1 


Figure 16-1: An execution trace provided bv an in!f'rnrf'!J'r 

tracking is taking place. The numbers to the left are those provided by an actual C­
PROLOG compiler. we have put on the right the level of embedding they actually 
represent For instance, call "NOT FRAGILE(ENDTABLEJ)" is indexed by "2" and 
call LIGHTER(BOXh ENDTABLE1) is indexed by "4" in the computer output. Ac­
tually, they are at the same level of embedding and are labeled respectively 21 and 22 
on the right. 

Let us now analyze the above proof trace and show that it actually gives a set 
of explanations why it is safe to stack BOX! on ENDTABLE1; which. in the rest of 
this section will be abbreviated by "expl.stack." A level always begins with a ques­
tion, labelled as a "CalL" When it succeeds. it ends with an "Exit." The exit contains 
the reason why the call succeeded. This is why we say that each level provides an 
"expl.stack," that becomes more and more refined as one goes down the levels. 

Level 1 is the most outside. In a sense it says 

it is safe to stack BOXI on ENDTABLEI because I have proven illust now. 

It is the most superficial level of explanations. Children use it quite often! 
Level 2 contains sublevel 21 and sublevel 22, Sublevel 21 is a failure sublevel: it 

tells 	that "NOT FRAGlLE" has nothing to do with "expl.stack." We disregard it 
here. but one must be aware that, when explanations for failures are looked for, then 
failure sublevels only can provide that information. 

Sublevel 22 provides the "expl.stack": 
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II is safe 10 Slack BOX) on ENDTABLEI because BOX) is lighter than END. 
TABLE). 

Level 3 contains three sublevels 3)1 32•and 33, The explanations obtained from 
each one must be conjuncted 10 obtain the explanation. They provide the 
"expl.stack": 

It is safe [0 slack BOX] on ENDTABLE] because the weight of BOXt is 10, the 
weight of ENDTABLE] is 50, and 10 is less than 50. 

One can be tempted to generalize at once by saying that the weight of BOXt is 
wI, the weight of ENDTABLEI is W2. and Wt is less than w2' This is not allowed by 
EBG. which says that one can generalize further only if the numerical values come 
from example data. If some numerical v3Iue is issued from theory data, then this 
value should be kept as such. In this case, the default value-the weight of END­
TABLE! ::= 50-is part of the theory data, not of the example data. Another way to 
look at this is to say that onc must keep them where there is no deeper explanation to 
the numerical values. In this case, there is no deeper explanation 10 the fact that the 
weight of ENDTABLEI =50. since sublevel 32 contains no inner sublevel. There­
rore. this value will be kept in the final result. 

Sublevel 31 says that the weight of BOXI is 10 because its volume is 10, its 
density is I, and because 10* I = 10. In this case, the numerical values are issued 
from the example and can be generalized. The value of the volume is called VI' the 
value of the density is called dl , which gives the partial "expl.stack" : 

The weight of BOX) is WI =vl*d1. 

Sublevel 33 cont.ains an explanation given by 44, This explanation is disre­
garded because it uses a function, like <, of low level. Deciding what is at "low 
level" is a strategic decision that must always be made beforehand. In EBG this deci­
sion is made by the choice of an operationality criterion given by the user. as de­
fined above. In this particular example and choice of operationality criterion, the 
function < is not an operator that appears: in the background knowledge; therefore it 
does not belong to the list of operational descriptors; therefore we have to prune out 
level 44. which contains it. 

Applying this generalization into the explanation of level 3 (which is the last 
"expl.stack" found) leads to the final "expl.stack": 

It is safe [0 Slack BOXI on ENDTABLEI" because [he weight of BOXI is WI = 
v l *d 1• the weight of ENDTABLEI" is 50, 3.nd WI is less than 50. 

. The process we describe here, is nothing but a paraphrasing of EBG, with twO 
differences from the original paper [Mitchell, et al., 1986]. First, our presentation has 
:.l stronger theorem-proving orientation. similar to the one of (Kedar-CabeIli, 1987]. 
Second, instead of forcing the variables down to elementary facts, we force the con-
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stants up to some level where they can be generaliied. In an implementation, EBG is 
the correct way 10 realize the transmission of the relations among variables. We felt 
nevertheless it is easier to understand why this process is an explanation of some­
thing when presented the other way round. 

Dejong and Mooney [1986] have been presenting a set of criticisms to EBG. 
We shall not comment here on their criticism except on the one concerning the case 
where two or more explanations are possible. This poim will be more detailed in 
Section 16.4, since it arises also in the context of explaining the failures. At any rate, 
as useful as it is, goal regression alone hardly provides the possibility for a progres­
sive improvement of the quality of the explanations. This will be possible only when 
the theory itself will be improved: Explanations for failures are necessary to improve 

the theory.' 

16.3.4 Improvement of a Recognition Function by an Explanation of 

its Fallure to Recognize a New Example 


Let uS suppose that f(x) cannot recognize a new example E. As definition 4 
says, this means failure to prove that E and Vx [...,f(x) & BK]; i.e., one cannot deduce 
the empty clause from the clause form of [E & Vx [...,f(x) & BK1]' The problem is 
now to explain why. This process is usually difficult to implement, as the following 

example shows. 

Example 4 
Let f (x) ::::: SPHERE(x) & RED(x) and suppose that a new example is E4: 

4 
SPHERE(E) & RED(F). One fails to' prove that E4 and Vx [...,f(x») contradict each 
other, as the following set of equivalent clauses shows. 

cu : SPHERE (E) 

C14 : RED(F) 

:- .SiPHERE (x), RED (x)
C 1S : 

Remember that in Example 3, NE3 was considered as a negative example to f3• 

therefore failing to prove that it was leading to the empty clause was just fitting defi­
nition 4'. Now, since we are considering E4 as an example, we should have been able 
to prove it. We must find an explanation for the failure. This is more or less equiva­
lent to finding a new function, f4'(x). that is "the closest possible" to f4 but allows the 

proof to succeed. 
The failure can originate from two very different sources. Either there is a 

problem with the predicates themselves (one cannot find a predicate in the conclu­
sion of the clauses (further called conclusion-predicate) to match another one in the 
conditions of the clauses (further called condilion-predicate), or there is a problem 
with the substitutions. Example 4 illustrates the second case. Both condition-predi­
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cates SPHERE and RED can match their conclusion counterparts in C13 and C 14, but 
"x" must be instantiated either by HE" or by HE" 

Examp/e4' 
Imagine that, instead of f4(x), one would start with 

f4'(x) = SPHERE(x) & RED(y) & RELIGIOUS(z). 

Then E4 would not be recognized by f4'(x) since the set of clauses 

Cl3: SPHERE!E) ;­

C14 : REDeF) : ­
SPHERE(x) , RED(y), RELIGIOUS(z) 

fails to lead to the empty clause. In this case, the variables "x~' and "y" could be 
correctly instantiated by E and F, but no conclusion-predicate could match "RELI­
GIOUS." Thus E4 is not recognized by f4'(x) because E4 does not contain any infor­
mation "hout RELIGIOUS. 

When the rcason for the failure of the proof is a substitution problem, then one 
has to introduce variables at the right places 10 ensure the success of the proof with 
the new generalization. When the reason for the failure of the proof is a predicate 

it can be easily found in some cases where one only misses, in the middle 
of many others that match. When the reason for the failure of the proof mixes substi­
tution and predicate problems. then finding the rcason for the failure becomes more 
or less intractable. This is why we have developed an algorithm described elsewhere 
[Kodratoff. 1983: Kodratoff, et al., 1985; Kodratoff and Ganascia, 1986; Vrain­
Chapter 13, this volume], the role of which is to trnce down the possible failures in a 

set of examples. The central mechanism for this has been called structural 
matching: It preserves as much as possible the structure of the examples before at­

any generalization. 

16.3.5 A Simple Example of Structural Matching (SM) 

Consider the two examples in Figure 16-2. Using his intuition. the reader may 
notice that he can find two different generalizations from these examples. He sees 
that either 

• there are two different objects touching each other, and a small polygon; 

• there are two different objects touching each other, one of them is a square. 

BOlh generalizations are true and there is no reason why one of them should be cho­
sen rather than the other. We shall now see that one of the interesting features of SM 
is lhat it keeps all the available infonnation, and therefore constructs a formula con­
taining both Ule above two "concepts." 

The examples can be described by the following formulas 
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Figure 16-2: Two scenes to be generalized 

TOUCH 

DE 

LEFT... Stoe -RtOHT·SIOE UNDF-R UPON 

---- FORM 

c.c.:::::t'....EX ---­
~ ~ 

SC)lJAFtE T~iANGLE CIRCLE 

Figure 16-3: A simple hierarchy of geometrical shapes 

EI = SQUARE(A) & CIRCLE(B) & ON(A, B) & SMALL(A) & BIG (B) 
E2 = TRIANGLE(C) & SQUARE(D) & TOUCH(C, D) & SMALL(C) & 

BIG(D) 

Let us suppose that the hierarchy shown in Figure 16-3 is provided to the sys­
tem together with the theorems 

\Ix \ly [ON(x, y) => TOUCH(x, y)] 
\Ix. \ly [TOUCH(x., y) < => [TOUCH(y, x)] 

This taxonomy and the theorems represent our background knowledge of the seman­
tics of the microworld in which learning is taking place. The SM of EI and E2 pro­
ceeds by transforming them into equivalent formulas E t ' and , such that E I ' is 
equivalent to E t , and E2' is equivalent to E2 in this microworld (i.e., taking into ac­
count its semantics). When the process is completed, E}' and E2' arc made of two 
parts. One is a variablized version of E} and It is called the body of the SM-ized 
formulas. When SM succeeds, the bodies of ' and E2' arc identical. The other pan, 
Called the bindings (of the variables), gives all the conditions at which the bodies 
might become the examples again. In our example, 
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Body ofE I ' = POLYGON(u, y) & SQUARE(x) & CONVEX(v,. v2, z) & 
ON(y. z) & TOUCH(y. z) & SMALL(y) & BIG(z) 

Bindings of E,' = «x = y) & (y "# z) & (x "# z) & (VI = ELLIPSOID) & 
(v2 = CIRCLE) & (u =SQUARE) & (x :: A) & (z =B» 

Body ofE2' = POLYGON(u. y) & SQUARE(x) & CONVEX(VI, v2. z) & 
TOUCH(y, z) & SMALL(y) & BIG(z) 

Bindings of E2' = «x"# y) & (y "# z) & (x =z) & (vI =POLYGON) & 
(v2 =SQUARE) & (u = TRIANGLE) & (x =D) & (y =C» 

The algorithm that constructs EI' and Ez' is explained in [Kodratoff. 1983; Kodratoff 
and Ganascia. 1986; Kodratoff, el al., 1985]. The reader can check that E l ' and Ez' 
:Ire equivalent to E, and E2. E,' and Ez' cOnlain exactly the information eXlracted 
rrom the hierarchy and the theorems which is necessary to put the examples into SM. 
For instance. in EI', the expression "(POLYGON(u, y)" means that there is a poly­
~on in E I • and since we have the binding (u =SQUARE). it says that this polygon is 
1 square. which is redundant in view of the fact that SQUARE(x) & (x =y) says that 
( is a square and is the same as y. This redundancy is not artificial when one consid­
~rs the polygon in E2, which is a lRIANGLE. 

Once this SM step has been performed, the generalization step becomes trivial: 
,Ye keep in the generalization all the bindings common to the SM·ized formulas and 
lrop all those not in common.The gent:~ralization EI and E2 is therefore 

Eg: POLYGON(u, y) & SQUARE(x) & CONVEX(vl, v2• z) & 

TOUCH(y. z) & SMALL(y) & BIG(z) with bindings (y "# z). 


In "English." this fonnula means that there are two different objects (named y 
nd z), y and z touch each other, y is a small polygon. z is a big convex, and there is 
square (named x). which may be identical to y or z. 

The last implementation of SM [Vrain-Chapter 13, this volume) is not tuned 
) incremental learning. Nevertheless, changes evoked by Vrain would make it work 
lcrementally, as long as the structural matching is preserved. An explanation of 
lch change due to a new example' would then be possible. In other words. it would 
::It be too difficult to include OGUST into an apprentice system as long as the 
~ood" structural matching has been found with the first set of examples. In that 
Ise, the explanations provided by OGUST would be of increasing quality as the 
.Imber of new examples increases. On the contrary. if a new example differs widely 
om the present generalization, then a completely new generalization process would 
lYe to take place. thus providing no explanations. 

>.3.6 	 Improvement of a RecognItion Function by an Elplanallon of 

lis Failure 10 Rejecl a New Negative Elampl. 


Let us suppose that f(x) rccoglllll'S a nn-. fW"~.II"(" ....Intl'''''' iJ\" ,hi",I.' 
It). This means that the proof that (NE &: V, I II "llir .Ih I" ttl(' rfYIl'l\ d.lu-t' 

(, 
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instead of failing as it should if the negative example were rejected. Explaining a 
success, if not easy. is usuaUy less complicated than explaining a failure. This is why 
we think that a method can be devised for incremental learning in this case. The sim­
plest way to forbid a proof to succeed is to collect the substitutions that lead to a 
success and forbid them. Since a substitution can be represented by an equality, the 
new function will be obtained from the old one. by adding the condition that its vari­
ables do not take the values as in the substitution. 

Example 5 
Suppose that the recognition function is f5(x. y) =SPHERE(x) & RED(y) and 

that NE5: SPHERE(G) & RED(G) is a negative example to f5• Writing it as clauses. " 
one sees at once that one cannot deduce -.f5 from NE5 since 

C16 : SPHERE (G) 


c 17 : RED (G) 


ClB : SPHERE(x). RED(y) 


leads to the empty clause with the substitution [x f- G, y f- G). Therefore. as de­
fined in Section 16.3.2. NE5 is recognized by f5. As one can see the success of the 
proof is easy to explain: Any substitution that leads to the result is a kind of explana­
tion. The simplest way to change f5 in order to obtain a new function f5', that forbids 
the success of the proof. is to forbid to x and y to take the value G. From f5 and the 
new negative example NE5• one obt:1ins the new recognition function 

f5'(x, y):::: SPHERE(x) & RED(y) & -.[[x =G) & [y =G]]. 

Let us now see how this can help solve the problems of incremental learning 
and explanations. 

16.3.7 Relative Role of Positive and Negative Examples 

Positive examples will generalize to a recognition function containing all the 
properties common to them. On the other hand, the negative examples express the 
fact that none of the positive ones may possess such or such property. Therefore, the 
positive examples must verify the theorem obtained by negating the one that best 
expresses the properties of the negative examples. 

In other words, let us call (E,} the set of positive examples. and (NEd the set 
of the negative ones. Let NPj (Negative Property) be a property common to all NEtS. 

Then, none of the Ejs should show NPj . Let us call f(x) a tentative recognition func­
tion of the positive examples, one has to prove that Vx [f(x) ~ -,NPj ]. This can be 
done for each j. each proof being necessary to the control of the validity of f(x). 

I.ct us now suppose 111m we have been able to find fN(x), the "best" recognition 
(uO( tum of all the negative examples. None of the examples should be recognized by 
Itll~ fun(lIon. then none should be compatible with 3x [fN(x»), therefore all of them 
,tumid he compalible with -..3x [fN(x») ="Ix [-,fN(x)], 
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This proves that examples allow us to find recognition functions and that the 
negative examples allow us to find theorems. like 

Vx [f(x) => -.NPj ] and Vx [f(x) => --.fN(x)]. 

that must be verified by all correct instances of the recognition function. Let then 
f(x) be a tentative recognition function of the positive examples. one has to prove 

Vx [f(x) => --.fN(x)] 

as a condition necessary for f(x) to be a valid recognition function. From this proof 
one can of course retrieve explanations for why f(x) is a good recognition function. 

Note that this formula is valid only for an f(x) that is supposed to be the "beSt" 
one; i.e., the one that characterizes th~ domain of the examples. Starting from an 
f(x), which is not the best one, failure to prove one of the above theorems win help 
us improve f(x). 

In conclusion, negative examples can be used to improve the recognition func­
tion. The "best" one must verify Jj [Vx [f(x) => --.NPj ]] and Vx [f(x) => -.fN(x)]. 

Example 6 
For the remainder of this section, let ft;(x, y) =SPHERE(x) & BLACK(y). Sup­

pose that the negative example is 

NE6 = [BLACK(A) & SPHERE(A)]. 

The best theorem is NEt; itself, the theorem that must be verified by the exam­
ples is VxVy [f6(x, y) => -.NE6]; i.e., one must attempt to prove 

VxVy f[BLACK(x) & SPHERE(y)] ::::) --.[BLACK(A) & SPHERE(A)]] 

and one will, of course, fail. 
Let us now see how this progressive refinement of f(x) through failures to 

prove some Vx [f(x) =;> --.NPj ] may be handled. We must attempt to construct a new 
generalization f(x) which implies --.fN(x). Our method for doing so uses an attempt 
to prove a particular theorem, henceforth called Th. The reason Th is chosen cannot 
be understood beforehand; the reader is asked to wait a little before seeing the inter­
esting consequences of its proof. 

Til: 3x [rex) => fN(x)]. 

Example 7 (Start) 

In this example, we shall attempt to prove that 

3x3y [[BLACK(x) & SPHERE(y)] ::::) [BLACK(A) & SPHERE(A)]] 

When attempting to prove Th, there are three possible cases. 

First Case Th is not provable. 

.' 
~,
i~ 

t, 
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The reason may be that Vx [f(x) => --.fN(x)] has been proven. In that case, the i't 
new property of the negative examples actually does not cover any example, and 
nothing has to be changed. It may also be so we are unable to prove both Th and 

Vx [f(x) =;> -,fN(x)]. 

This is the failure case, where nothing can be learned. It shows that we ignore an 
essential property of the domain, but does not tell where to find it. 

".~ . 

J, 	 Second Case Th is provable and its normal form is the empty clause. We prove it by 
refutation, attempting to prove that one can deduce the empty clause from --.Th. 
Since Th is provable, one will succeed and each success delivers a substitution s, 
which is an instance of the substitutions to be made to x in order to verify Th. By 
carrying out all the possible proofs, in the case where there is a finite number of 
them: or, in infinite cases, by inventing a function that covers all the cases (this part 
is not emphasized here but is of course very difficult), one defines the set of all the Xi

.' such that f(Xi) => fN(x;). 

Let us call Pi this set 


Pi =(xd f(x;) =;> fN(x,) }. 

We now claim that 

Vx [[f(x) & {x/--,[x E Pd}] => -,fN(x)]. 

This theorem is valid since it simply says that when [(x) is true, and that x be­
longs to the set for which the implication rex) => fN(x) is FALSE, then fN(x) is 
FALSE. Though very simple, this theorem gives us the f'(x) we have been looking 

for: 

f'(x) =[f(x) & {x/--,[x E Pi]}]' 

Example 7 (continued 1) 
In order to prove 

3 x y [[BLACK(x) & SPHERE(y)] => [BLACK(A) & SPHERE(A)]] 

we shall try to derive the empty clause from its negation -,Th. As usually [Kowalski, 

1979], the theorem is transformed into clauses as follows: 

--.3x3y [[BLACK(x) & SPHERE(y)] => [BLACK(A) & SPHERE(A)]] = 
--.3x3y [ -,[BLACK(x) & SPHERE(y)] v [BLACK(A) & SPHERE(A)]] = 
VxVy [[BLACK(x) & SPHERE(y)] & -,[BLACK(A) & SPHERE(A)]] 

which is equivalent to the set of clauses: 

BLACK (x) 

SPHERF: (y) 


: - BLACK (A). SPHERE (A) 
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This set generates once only the empty clause with the substitution 

(J =[x t-- A, y t-- A] . 

It follows that the set {x =A, y =A1=Pi is the set for which Th is valid. As 
proven above, conjuncting -.[(x =A) & (y =A») to [BLACK(x) & SPHERE(y)] will 
yield the looked for generalization 

[BLACK(x) & SPHERE(y)] & [(x;tA) <186 (y;tA»). 

This is the generalization that keeps as much as possible what has been de­
duced from the examples and excludes the negative example. 

One should be aware that this is the best particularization that can be made· 
[rom the negative examples. If one attempted to derive a more general law, one 
could overgeneralize and lose some vital information. 

Example 7 (continued 2) 
Suppose the following further negative example is added 

NE7 BLACK(A) & SPHERE(D) 

.hen our method shows that the generalization from f6 and NE6 and NE, must be 

[BLACK(x) & SPHERE(y) & (x ;t A)]. 

rhird Case Th is provable but does not reduce to the empty clause. One must then 
nalyze the failure. Since we suppose that we use resolution to deduce the empty 
Iause from -.Th, it follows that the failure will be caused by a subset of irreducible 
buses that do not reduce to the empty clause. Let us caU LO(x) (Left-Over) this 
ubsel. We shall not give here many details about LO(x), nor comment on the fact 
lUt it is not unique in general. Section 16.4 is devoted to an analysis of this kind of 
roblems. 

Let us suppose in this section that it is unique. Consider the expression 

f(x) & -,LO(x) 

ld aUempt to prove 

Th': 3x [f(x) & -.LO(x) J ~ fN(x)] 

Its negation is Vx [(f(x) & -.LO(x) & -.fN(x)J and, since LO(x) is precisely the 
[(·over of lhe resolution of Vx [f(x) & -.fN(x)], the empty clause will always follow 
::lm it. Let us now call Pi the set of values that verify Th'. 

Drawing a conclusion from the above reasoning requires us to take a somewhat 
)scr look at LO. Due to the conjunctive fo~m of the theorem , 

Vx [[(x) & ~-,LO(x) & -.fN(x)], 
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.. one can always assume that each clause contains atoms that originate from and only 
.c, from t(x) or from and only from fN(x). It follows that LO(x) has the form 

LO'(x) & -,LO"(x) where f(x) = ('(x) & LO'(x) and fN(x) =fN'(X) & LO"(x). 

During the proof of Th', LO' (respectively -.LO") resolves some predicates of --.fN 
(respectively f). It follows that from the proofs of 3x [([(x) & -.LO(x) ] => fN(x)] one 

can deduce that 


Vx ([('(x) & (x/-.[x E pal] => -.fN'(x)) 


by the ·same reasoning as above. 

Let us now use the two following trivialities 


from A ~ C, deduce that A & B ~ C 

from A=> C, deduce that A & D ~ C v D 


in order to find that 

"'Ix [[f(x) & (xl --.[x E Pill & -.LO"(x)] ~ --.fN(x) ] 

which is the "interesting" form we wanted to construct. 
The final definition we can now give for the best formula that can be learned 

from formula f(x) and negative examples generalizing to fN(x) is 

[ rex) & --.LO"(x) & {x/-.[x E Pi]}]' 

This is the correct recognition function. 
We now describe two simple examples showing that our definitions contain the 

well-known intuitive learning behavior when the positive and negative examples 

mismatch by a predicate. There are two cases. 

First Case The generalization from examples contains more predicates lhan the 

negative example. 

Example 7 (continued 3) 
Recall that f

6
(x, y) is: BLACK(x) & SPHERE(y), and suppose that the negative 

example is now BLACK(A). The attempt to prove 

3x y [(BLACK(x) & SPHERE(y)] ~ BLACK(A)l 

fails with SPHERE(y) as LO =LO'. Conjuncting -,LO to f6(x, y), one attempts now 

to prove 

3x3y [[BLACK(x) & SPHERE(y) & -.SPHERE(y)] BLACK(A)], 

i.e., that -.3x3y [ BLACK(x) ~ BLACK(A) ] contains a contradiction. The substitu­
tion [x t-- A] describes the domain where this contradiction holds, and it follows that 

"'Ix"'ly [[BLACK(x) & SPHERE(y) & -.SPHERE(y) & (x ;t A)] ~ 
-.BLACK(A)l. 
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This shows that the final generalization is 

[BLACK(x) & SPHERE(y) & SPHERE(y) & (x "# A)] = [BLACK(x) & 
SPHERE(y) & (x "# A)] 

Second case The generalization from examples contains fewer predicates than the 
negati ve example. 

Example 8 

Let the generalization from examples be f7(x) = BLACK(x), and the negative 
example be SPHERE(A) & BLACK(A). The left-over is -,SPHERE(A} =-,LO", 
conjuncting il<; negation to BLACK(x} allows us to find the empty clause with 

[x ~ Al-

It follows that the best recognition function is 

BLACK(x) & -,SPHERE(A) & (x "# A). 

16.4 IMPROVING THE EXPLANATIONS 

16.4.1 Improving the Quality of the Generalization 

Instead of applying the above techniques to the recognition function and a neg­
ative example, one can also attempt LO compare it to a generalization of the negative 
examples. Since their generalization will be used in order to expel some information 
from the recognition function of the examples, it may be that the modified recogni­
Lion function no longer recognizes all the examples after its modification. This will 
happen when one uses an overgeneralization of the negative examples. It is therefore 
extremely important to avoid this overgeneralization. Structural matching, the role of 
which is to avoid such kind of overgeneralization, is important when generalizing 
examples, but it is even more imPortant when generalizing negative examples. 

Example 9 

Consider again f6 = BLACK(x) & SPHERE(y).Consider now the case where 
one wants to find the correct generalization associated to f6 and 

NEg = BLACK(A) & SPHERE(A) 
NE9 '"' BLACK(B) & SPHERE(B). 

The recognition function deduced from NEg and NE9 is 


= BLACK(x) & SPHERE(x) 


In this case, Th is 


[[BLACK(x) & SPHERE(y)] => [BLACK(x) & SPHERE(x)]] 

iJ r. 
.~: 

1-:; KODRATOFF 

: which is TRUE for the unique substitution [y ~ xL therefore Pi is characterized by 
'; x::: Yand -,[x E P;] if x "# y. It follows that the correct generalization is, in this case, 
! 

[BLACK(x) & SPHERE(y) & (x '" y)]. 
t~ 

". 
, Notice that overgeneralizing NEl and NE3 to BLACK(x) & SPHERE(y} for 

" instance would lead to total disappearance of the recognition function-a case 
clearly difficult to overcome by further modifications! 

I 
~. 16.4.2 Improving of the Quality of the Proof 

As seen in preceding sections, an explanation procedure can always be at­
tached to a proof of recognition or rejection, There are often several possible proofs. 
Each of them will provide new different explanations. Explanations relative to suc­

. cesses will enrich the recognition functions, Explanations relative to failures will 
allow modifying the data basis. For instance, in the example of Section 16.3.3, the 
default values of an ENDTABLE can be modified in case the system fails to recog­
nize that a given BOX1 can be stacked on a given ENDTABLEl. In a real situation, 
where we will have to handle numerous explanations, one will be able to modify the 
data theory by learning. 

16.4.2.1 	 The System Generales Several Explanations from One 

Example 


Suppose that. as in Section 16.3.3, it finds that BOXl can be stacked on END­
TABLEl because the weight of BOX) is less than 50. Suppose also that, by using 
another reasoning path, it finds also the other explanation: because ENDTABLEl is 
"very stiff' (one should have defined this predicate in the data of the theory). The 
system will have first to prove that there is no mutual implication between "BOXl is 
less than 50" and "ENDTABLEl is very stiff." Then it will have to improve its expla­
nation by providing a disjunction of these two cases. As another example, suppose 
that one obtains the two explanations 

Ex!: the weight of BOX l is less than 50 
EX2: the weight of END TABLE) is more than twice the weight of BOX. 

depending on the reasoning path that is used during the proof. In this case, one 
would have to check that the weight of BOXt is less than 25; i.e., that the two expla­
nations are not contradicting each other. None of them imply the other, they would 
have both to be kept. 

16.4.2.2 	The System Generates Several Explanations from Several 
Examples 

We shall present here the ideas underlying a system currently under construc­
tion [Duval and Kodratoff, 1990] in our French group. This system performs EBL on 
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a set of several training examples and combines the explanations. Let us illustrate 
our approach on the "suicide" example of Dejong and Mooney [1986]. SuPPOse that 
a first example describes the suicide of Peter with a gun. For a given operationality 
criterion and given schemes for "killing," let us suppose that EBL generalizes this 
instance to "a man self-killing with a shot-gun." Suppose that we get now the story 
of Mary's suicide with a gun and that we generalize it to "a woman self-killing with 
a shot-gun." Using a standard learning procedure (here, by using the "climbing the 
generalization tree" rule), we can combine the two above generalizations into the 
unique one "a human self-killing with a shot-goo." The same kind of mechanisms, 
now including structural matching Or even some analogy-based reasoning [Vrain and 
Kodratoff, 1987; 1988J can be used when getting new examples of suicide with, say, 
a dagger or with butane gas (shot-gun would then have to be generalized to "harmful 
object"). A more difficult case wiD be met when the system will see a suicide com­
mitted by jumping from the Eiffel tower, which is not normally a harmful object. The 
learning would then proceed by recognizing the analogies between "pushing some­
one from a cliff' and "jumping from the Eiffel tower." The whole "killing" scheme 
would then have to be refined by including the situations where an actor place an 
other one in a potentially harmful situation etc .... 

This example shows that we need a system able to refine the theory it starts 
with; i.c.• that includes new rules into the theory, in order to avoid proof failures. The 
next section describes some of the ideas underlying such a system. 

16.4.3 Refinement of Incomplete Theories 

A stringcnt requirement of EBL is that it demands a complete theory of the 
domain of learning. One can easily imagine that this case seldom holds in reality. 
This is why a great deal of work has been done on the topic of error recovery by 
explanations, which is quite similar to explanation improvement The interested 
reader should consult the chapters in this volume by Carbonell and Gil, Dejong and 
Mooney, Hirsh, and also [Hill, 1987; Rajamoney and Dejong, 1987; Mostow and 
Bhatnagar, 1987]. 

For the management of incomplete theories, the central idea is to complete the 
failure proofs by an abduction I mechanism guided by analogical reasoning about ex­
planations and enables to discover new rules that refine the domain theory. We shall 
illustrate this by the following example drawn from Dejong and Mooney [1986]. In 
this example, our aim is learning a definition of the concept of suicide KiIl(x,x). The 
domain theory THo commns the following rules 

! 
Technically, an abduction is the process that, given a B, finds some A's such that A ~ B. In 

practice. this amounts to finding the conditions that would allow a failed proof to succeed. 
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KILL(a,b) HATE la, b) , POSSESS(a,e) , 
WEAPON (e) 

~. HATE (w, w) DEPRESSED(w)
" tJ 	 BUY(u,v)
,~ 	

POSSESSlu,v) 
WEAPON (z) SHOT-GUN(z) 

, where a, b, c, w, u, v, z are variables. 

+' The training instance TRI is a suicide, described by the following facts. 


TR1 
DEPRESSED (JOHN) : ­
BUY(JOHN,OBJl) 
SHOT-GUN (OBJ1) : ­

:>, 	 KILL (JOHN, JOHN) 

Dejong and Mooney have shown that applying EBL to the training instance
f 	leads to building the generalized proof of the fact that John has been committing 
;" suicide, that we shall from now on call S (Source) in which x and c are variables (see 

Figure 16-4). 
This produces the rule 

KILLlx,x) :- DEPRESSED (x) , BUY(x,e), SHOT-GUN (c) 

which is "added" to THo in order to define the concept C of suicide. Nothing is actu­
ally added since this new rule is a consequence of THo. It happens that this rule 
seems to be more operational to define suicide that applying KILL(a. b) with a = b. 

Suppose now that the system is provided with an example TR2 of concept C, 
which is not recognized by the theory. In other words. some oracle will have been 
telling the system that TR2 does belong to the suicide case, but the PROLOG solver 

\ 	 failed to prove it Nevertheless, it may happen (this is the case we are actually con­
sidering here) that partial proofs might be obtained. They will provide partial proof 
trees that may match parts of S. Let us call Ti (Target incomplete) incomplete proof 

:. 	 trees that can be viewed as partial explanations as explained with more details in 
[Duval and Kodratoff, 1990J. Our aim will then be to complete each of these Ti into 
Tc (Target complete) in such a way that Sand Tc are as "close" as possible. 

KILL (x .. xl 

SHf)T-C~~(c)HATr(X'X) POS".C'( (x. c) 

DEPRESSEO(x) 	 BUY ()o(~ c) 

Figure 16-4: Generalized proof that John has been committing suicide 
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KILL (!4AR:t, MAR:t) 

HATE (MAR:t,MAR:t) POSSESS (t4AR:t, 03.13) 

DEPREsslD(MAR:tl 3U:t(~R:t'03.13) 
Figure 16-5: 	 Ti: Partial explanalionofMary's suicide 

As an illustration of such a Ti, consider an other suicide instance TR2 de­
scribed by the following facts. 

DEPRESSED (MARY) 
BUY (MARY, OBJl) 
SLEEPING-PILLS (OBJ1) 
PRICE {SLEEPING-PILLS, 6) 

BUY (MARY, OBJ2) 
BOOK (OBJ2) 
PRICE:: (BOOK, 	 5 ) 

where OBJ I and 0812 are constants. 
We will be unable to prove KILL(MARY, MARY) because she has no shot­

gun. Nevertheless we obtain one, and only one in this case, partial proof (see Figure 
16--5). 

Ti obviously matches a subtree of S. 
In order to achieve the completion of Ti into Tc, and to achieve it so that Tc is 

"close" to S, we propose to use two different abductions. In general, the mechanism 
underlying this abduction process is analogy. We shall not speak of analogy here­
see [Duval and Kodratoff, 1990] for more details. 

First Abduction We attempt to complete Ti by viewing it as an instance of S (this is 
one of the possible definitions of "closeness"). Therefore, Ti will be completed by 
t:lking the missing pieces from S, appropriately instantiated. 

In our example, such a forced matching leads to Tel (see Figure 16-6). 
This first abduction can be seen as interpreting the fact that Mary possesses an 

object that is in fact a shot-gun, but our knowledge about shot-guns is not sufficient 
to identify this object. The cause of the preceding failure is attributed to our sup­
posed "ignorance" that OB13 (i.e., sleeping pills) are actually shot-guns. Notice that 
this first mechanism is the only one considered in other works about abduction such 
as [Cox, 1986}, and note how easily it can lead to absurd results, as here. 

't" HA'rE (MAR)', MAR),) POSSESS (MARY, OS"]J) SHOT-GUt.J (CBJJ.) 

, 
'i I 

DEPREsslo (MAR)') 	 BUY (MAR't' .. OBJ3) 

Figure 16-6: 	 Tel: Proof cree compleled. S matches Tel with the substitutions 

[x t- MARY, C t- OB131. 


Seco"cJ Abduction In this case, we try to add a new rule that will allow us to com­
plete the proof. One can easily understand why this mechanism has not been taken 
into account ,so far; in principle one can add so many ridiculous rules that this ap· 
proach seems to be hopeless. 

For instance, in our example adding to THo the rule 


KILL (x, xl :- PRICE (SLEEPING-PILLS, 6) 


will indeed allow us to prove Mary's suicide. But it means that everyone will commit 
suicide when the price of sleeping pills reaches the value 6, which is totally irrele­
vant to the preceding suicide case, notwithstanding its strange meaning. 

In order to avoid adding such ridiculous rules ac; above, we define a new notion 
of distance between Sand Tc. Given two possible completed proof trees, Tc and Tc /, 
consider an attempt to Inatch Sand Tc, and S and Tc'. In this second abduction, we 
do not consider the case where they match (this would be the flfSt kind of abduction). 
We shall therefore collect the mismatches between Sand Tc on the one hand, and 
between Sand Tc' on the other hand. We shall say that that Tc is closer to S than Tc if 
the number of mismatches between Tc and S is less than the number of mismatches 
between Tc' and S. When they are equal, we shall say that Tc is closer to S than Tc' 
when the conceptual distance (supposedly defined) between the mismatches is less 

/for Tc than for Tc . 
In our example, it is clear that the number of mismatches between S and the 

proof tree obtained by using 

KILLlx,x) PRICE(SLEEPING-PILLS, 6) 

to prove Mary's suicide is very high. 
On the other hand, completing Ti by SLEEPING·PILL(OBJ3), obtaining thus 

the proof tree Tc2, shown in Figure 16--7, leads to one mismatch only. namely 

(SHOT-GUN(OB13) ~ SLEEPING-PILLS(OBJ3)]. 

Notice that we speak here of mismatch since SHOT-GUN(OB13) is not a variable. 
Applying EBG to this proof leads to add the new rule 

KILL(x,x) DEPRESSED (x) , BUY(x,c), SLEEPING-PILLS(c) 

,:'10, 

to THo. 

KODRATOFF 

KILL (MARY,MAi-l't.) 

http:3U:t(~R:t'03.13
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KILL (MARY, MARY) 

HATE (MARY, MARy) POSSESS (MARY, OBJ3) SLEEPING-PILLS (OSJ3)

I
DEPREsslD (MARY) BUY (MARY,OBJ3) 

Figure 16-7: Sleeping pills are viewed as the cause of Mary's death 

KILL(MARY,MARY) 

HATE (MARY, MARY) POSSESS (MARY, OBJ4) 
BOOK (OBJ4) 

DEPRESslD (MARY) BUY (MARY.OBJ4) 

Figure 16-8: Books are viewed as the cause of Mary's death 

One can complete it as welJ by BOOK(OBJ4), obtaining the proof tree Tc3 
shown in Figure 16-8. 

Applying EBG to this proof leads to add the new rule 

KILL(x,xl ;- DEP~ESSED(x), BUY(x,e), BOOK (e) 

to THo. 

From our semantic knowledge, it is clear that Tc2 is the good answer, but this 
result is not so easy to obtain. It needs to have some ways to prove that sleeping pillS 
are more likely to kill someone than books.2 Proving this would ask a large amount 
of extra-knowledge not contained in mo. Anyhow, we simply suppose here that one 
has been able to set up some way of evaluating the semantic distance between 
SHOT-GUN and SLEEPING-PILLS, and between SHOT-GUN and BOOK, and that 
the first is less than the second. Then, we would choose Tc3 as other possible abduc­
tion. 

We will leave here open the two following points. One is the way to measure 
Lhe semantic distance between concepts, which can be taken care of completely in­
dependenLly of this chapter. The second one is to choose between the results of the 
above two kinds of abductions. A a simple hint, let us point out that the new rule 

however tha! a Fn:nch Wnfl'r H'lt'nlly 1,,,I>II.h.-11 h •. ~ .'f"I",.1 • (Jo,., :r ,;.. ,1, !,' 

Ilappy Suicide. He is reglllarly ~lll'd hy f.mlli.," tlf "Ii d, , .i'" .,,« ,~, ,I ',n h.. It. " tl" l .tu" 
of tile suicidc's dcath. and the rarnil ..:s al",3" "'111 I!>. II , '"J 
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,!. should be checked against other knowledge of different granularity, for instance 
. . 	 fUlding if shot-guns and sleeping pills generalize to a rich concept or not. 
~, As conclusion to this section, let us acknowledge first that the dirncult prob­
t lems of completing the theory from experiences and explanation are visibly very 
, hard to tackle with. Nevenheless, we can see that proposing sound abduction is quite 

:1 feasible, and that choosing the best among them is a matter of good structuration of 
the background knowledge. 

16.5 CONCLUSIONS 

This chapter advocates an integrated approach to machine learning in which 
inductive and deductive learning enhance each other. The key concept to link them is 
explanations. and the source of explanations is a theorem prover. We have shown 
how much EBL relies on the trace of proof, and how much the construction of a 
recognition function relies as well on theorem proving. EBL uses a proof that some 
goal may be achieved, like the goal of Slacking BOX, on ENDTABLE) as shown in 
Section 16.3.3. We have shown that learning from examples needs to prove or dis­
prove that an instance belongs to a concept, in exactly the same way as EBL does. 

In other words, this chapter can be considered a detailed illustration of how 
constructive learning is going to be achieved. One may have to learn rules to solve a 
problem, to achieve a goal, to recognize a concept but, in all cases, constructive 
learning will proceed as follows. 

1. Choose a representation language for the examples of concept or behavior. 

2. Find a generalization that will describe some of the properties they share. 

3. 	 Prove, or disprove, that other examples are instances of the generalization ob­
tained at step 2. 

4. 	 Analyze the proof, or proof failures. in order to obtain an explanation for why 
the new example is recognized or rejected. 

5. 	 Use these explanations to improve the representation language of the examples 
(i.e., use new explanations to perform again, and better, step 1 above) and their 
generalization (Le.• use new explanations to perform again, and better, step 2 
above). 

In the description of this closed-loop process, the first four steps have already 
received much attention in the current literature. Step 5 has to be somehow imple­
mented in all the systems described in the Integrated Learning part of this book. We 
have shown here that the whole integration hinges on explanations. Our main argu­
mem is that being able 10 refine explanations will, in tum, allow us to refine the 
~cncr;,lIi/al1l)n." We did not argue here about the representation changes, but we are 
tom'lnl'etl that explanations of failures are the best way to drive the search in the 
tlo:\1 illrl'l'lIol1 whenever representation changes are needed. 
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COMMENTARY 


Robert E. Stepp 
(University ofIllinois) 

1 OVERVIEW OF THE PAPER 

Kodratoff describes an approach to machine learning that performs in a manner 
he cans an "explicatory apprentice"; i.e., a system designed for building and improv­
ing explanations of events. The paper focuses on theorem-proving techniques that 
bring together the two polar notions in machines learning: similarity-based learning 
(SBL) and explanation-based learning (EBL). It is pointed out that these approaches 
arc actually closely related-both aim at producing good explanations ofevents, and 
bOlh can be pracLiced using theorem-proving techniques (although doing so naturally 
introduces powerful preferences and biases, a topic not considered). 

Kodratoff notes that SBL and EBL operate in problem-dependent microworlds. 
In traditional SBL approaches, the microworld is the background knowledge pro­
vided to the learning system. In traditional EBL approaches, the microworld is the 
domain theory by which the system understands the concept being explained. 

First, an explanation can be viewed as a generalized proof. In EBL, explanation 
as logical proof provides the constraints that must be maintained for the explanation 
to hold. It is this proof mechanism that requires EBL applications to include com­
plete domain knowledge. In SBL systems; explanation is the mechanism of perfor­
mance. By the explanation, SBL systems can ultimately identify the categories to 
which events should be assigned, and thereby explain them. 

Second, an explanation can be viewed as a learning/generalizing tool. In EBL, 
explanation maimenance is the tool by which the boundary between generalization 
and overgeneralization is defined. EBL works because generalization is never taken 
to the point that the explanation ceases to hold. In SBL. generalizaLion (and inverse 
generalization, i.e., specialization) is a mechanism for explanation repair. New 
cvenLS that do not receive the desired decision (those that are misidentified) call for 
cxpl::m411ion repair. 

In the language of covering algorithms [Michalski, 1984], this situation is de­
scribed as finding one or more events that are either uncovered or covered by the 

STEPP 

wrong category description. Kodratoff presents a theorem-proving approach involv­
ing cases where an explanation proof fails when it should succeed or succeeds when 
it should fail. In both cases, repair is required. 

From a theorem-proving standpoint, the mechanisms of SBL and EBL are re­
lated. For EBL systems, the main inference rule is modus ponens: 

ifAand A => B then deduce B. 

For SBL systems, Kodratoff says the main inference rule is classical generalization: 

if Aand A t> B then deduce B 
"'!" 

where the symbol t> means "is more general than." In each case, the mechanisms are 
to be used to generate proofs (and generalized proofs) called explanations, which are 

. in the language of the problem domain. Guidance on how to do this is embodied in 
the preferences and biases of the algorithms, and in "explanation kits" provided by 
domain knowledge. In EBL, the explanation kit is the knowledge needed to do goal 
regression. In SBL. the explanation kit is a forest of concept generalization trees to 
climb (e.g., squares, rectangles. triangles are generalize to the concept polygon). 

2 THE SBl VIEW 

In this section of the commentary. the link between Kodratoff's approach and 
Michalski's approach is explored. Michalski has presented the formula (see Chapter 
3, this volume): 

Hypotheses + Background-Know~edge t> Facts 

By this statement he means that the hypotheses and the background knowledge 
taken together account for or explain the facts. If one makes the background knowl­
edge implicit rather than explicit (by operating in the context of the background 
knowledge), and if one calls the hypotheses the recognition rules, then one can ar­
rive at this commentator's interpretation of the view taken by Kodratoff, illustrated 

. in the following diagram in which the box encloses· the context within which the 
background knowledge is available to be applied. 

Recognition rules t> Examples 
Background Knowledge 

Thus. Kodratoff's SBL approach can be described by Michalski's formula; the 
goal is the generation of recognition rules. An EBL approach is described by the 
same formula; the goal is to add to the background knowledge an improved/general­
ized explanation proof. 
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Kodratoff's approach is to develop a system to manage explanations. Leaming 
is by explanation repair. To do this, one must have at least four basic knowledge 
management tools: 

• a generalization operator 

• a specialization operator 

• a consistency maintenance mechanism 

• preference criteria 

3 AN ILLUSTRATION AND BRIEF REVIEW OF E~PLANATION REPAIR 

According to Kodratoff, a learning system needs to perform al least three tasks: 

• learn to recognize positive examples, 

• learn to reject negative examples, and 

• manage consistency 

Here are a few thoughts about each, drawn from the paper. 

3.1 Learning to Recognize Positive Examples 

Suppose ulcrc is a rule (a recognizer) of the form 


RI: 3 x y (sphere x) (red y) 

'There exists a part x that is a sphere and a part y that is red" 


and there are examples such as 

E\: (sphere A) (red B) (covered) 

E2: (sphere A) (red A) (covered) 

E3: (rectangle A) (red B) (not covered) 

Examples E\ and are properly explained (covered) by R I . Example E3 causes R, 
to fail. The system needs to generalize on failure to repair its recognizer and explain 
all l1le examples, based on the fact that the system cannot explain how E3 is an in­
stance ofR\. 

From the microworld (background knowledge) the following useful inferences 
are retrieved. 

v x (sphere x) ==> (ellipsoid sphere x) 

V x (ellipsoid sphere x) (convex ellipsoid sphere x) 

V x (rectangle x) (polygon rectangle x) 

V x (polygon rectangle x) ==> (convex polygon rectangle x) 


.{­
,. 
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,;; By applying these inference rules to the examples, discarding unlike forms, and 
l changing constants into variables within the like forms, a process Kodratoff calls 
~. 	 structural mapping produces the form 

;,}' R2: 3 vt v2 x Y (convex Vt v2 x) (red y)J' 
'I,· 
{; R is the repaired version of RI and recognizes all examples when operated in the z't context of the baCkground knowledge. This rule is interpreted as "there is a convex 
:,; 	 part and a red part." Structural mapping is the process for making the minimum 

(most specific) generalization using the transformations of climbing a specificity hi­
erarchy and variablizing forms. Climbing the specificity hierarchy uses deductive in­
ference over implications that define ilie hierarchy. It is thus one type of knowledge­
based generalization transformation. Vrain [Chapter 13. this volume] describes 
another knowledge-based generalization mechanism. 

Structural mapping makes inductive leaps (when discarding unlike forms and 
doing variabHzing) and is an SBL mechanism. Not explained in Kodratoff's paper is 
how structural mapping can limit its generalization to avoid describing negative 
events (and how to do this efficienuy), KodralOff provides references to papers iliat 
do investigate l1lis [Ganascia, 1985; Vrain. 1985]. Since the resulting rules are al­
ready maximally specific under this paradigm. the introduction of negative events 
could lead to a disjunctive statement or (if disjunction is not allowed) to only a par­
tial explanation of a subset of the examples. 

':' 	 3.2 Learning to Reject Negative Examples 

Suppose we have arrived at rule R2, and we encounter negative example E4: 

E4 : (sphere A) (red A) (rectangle B) .. 
r 	

E4 is recognized by R2• and this is incorrect. Here specialization is driven by expla­
nation failure. A proof ofR2 given ilie examples shows that supports R2 under two 
bindings of variables. namely (x/A. y/A) and (x/B y/A). To repair the rule, both bind­

<' 
ings must be defeated. This is done using specialized binding and idempOlency to get 

R3: 3 VI V2 v3 v4 X Y z (convex VI v2 x) (convex v3 v4 z) (red y) 
([x:;tA] v [y:;tA]) ([x:;tB)[y:;tAJ) 

This appears to be a rather awkward notation. The approach is similar to Winston's 
[1975] introduction of must not conditions in his blocks-world learning algorithm. 
Leaming a generalized constraint on bindings requires considering several negative 
examples. Kodratoff proposes that constraints on bindings, such as in R3 above, be 
generalized by requiring conjunctive forms umt are maximally specific_ This elimi­
nates ilie full enumeration of all binding constmint combination wiiliout additionally 
restricting the concept 
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3.3 lV!anaglng Consistency 

Given a rule R that explains positive examples, a rule Rc is consistent with R if 
R can be shown to be more specific than (not Rc). Let R involve a set of variables 
denoted as vars and let Rc involve a set of variables denoted as cvars. Consistency 
could be demonstrated in one of the three ways: 

V vars R => 3 cvars (not Rc ) 

V vars R => V cvars (not Rc) 

V vars R => (not Rc) 


In the illustration above, there is only one negative event, so Rc equals E
4

• To see if 
R2 is consistent with Rc the proof must be in the last of the three forms above be. 
cause Rc contains no variables. 

Consider our example: 

V VI v2 X y (convex VI v2 x) (red y) => (not (sphere A» v (not (red A» v 
(not (rectangle B» 

This cannot be proved; R2 is not consistent with E4• Therefore it may be possible to 
prove the negation of the consistency constraint, namely that "R generalizes to Reo" 
in one of two possible forms: 

3 vars R => 3 cvars Rc 

3 vars R => Rc 


In general let A and B be implications of the forms: 

A: 3 vars (R vars) => (Re vars) 
B: V vars (R vars) => (not (Re vars» 

There are four cases to consider: 

1. A is not proved, and B is proved, 

2. A is proved, and B is not proved, 

3. A is provable, but not proved and B is not proved, and 

4. A is not provable, and B is not proved. 

Kodratoff explains that the last situation is a fundamental inconsistency that cannot 
be repaired. The first case indicates that R is consistent with Re and thus no repair is 
nceded. In the second case each binding under which the proof holds is a problem of 
inconsistency between R and Rc. Let the bindings that result from this set of prob· 
lems be called P. The recognition rule is repaired under this scheme by a specializa­
lion that conjoins the form (not (intersects P "'binding"'» where "'binding"" is the set 
of variable bindings and P is the set of disaI10wed bindings. The repair for case 3 
involves harvesting leftover clauses in two groups La and Lac such that one can 
prove 

t, 
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3 vars R & La => Rc & Lac 

, ~ 11len R can be redefined as R anded with (NOT LOJ. which fits the second case 

1, above. 
~~ 

i~ 4 SBl AS EBl EXPLANATION REPAIR 
" 

Normally one wants rules generated by an SBL algorithm to be consistent and 
. ' complete. Given n positive events E, and m negative events Fl , we can take Rc in 
f,'
" Kodratoff's approach to be 

Rc: G 1 v G2 V ••• v Gn 

where the G j are generalizations of the negative events. and n depends on the degree 
of generalization performed by structural mapping: n =m and G j =F j for no general­
ization of negative examples; n = 1 when negative examples are described by one 
generalized conjunctive formula. 

Showing consistency requires proving that R is a specialization of (NOT Re) as 
is outlined above. Showing completeness requires proving that each positive event is 
a specialization of R. Using repair mechanisms. one finds a provable theorem that is 
the conjunction of all the constraints. On finding such a theorem, one has the maxi­
mally specific consistent and complete explanation of the class of positive events. 
Standard EBL generalization can now be used to generalize this result. 

Deep bias for generating consistent rules is normally built into SBL learning 
algorithms. Here it is a constraint on a proof. When this constraint is applied via 
fonnal logic, explanation-based generalization (EBL) can generalize against this 
constraint while giving the effect of SBL learning. It is the placement of the bias that 
has shifted. and such hard biases as consistency appear to be applicable as a kind of 
operationality. 

That this transmutation of algorithms is possible should not be a surprise. But 
just because it is possible to twist one into performing like the other (to some degree 
at least) does not mean that doing 'so will be rewarding. The EBL approach is an 
incremental approach that fits the notion of repair fairly well. However. as men­
tioned above, it is also convenient to have a technique for generalizing over positive 
examples while working agaillSt known negative examples (rather than haying to 

repair again later). This trade-off is one more reason why repair techniques perform 
the minimum generalization; using more generalization would open them up to the 
need for more repair. 

5 STRENGTHS 

There are two fundamental strengths to the method of learning by explanation 
repair: (I) it is stimulated to learn by failure, and (2) it is based in crisp, formal logic. 



473 
472 COMMENTARY ON CHAPTER 16 

The former strength places this approach among general models of human learning 
that might also turn out to be good AI models. The laller strength helps bring deep 
biases towards the surface where they will be more obvious in their impact on results 
and more open to inference over the biases themselves. 

The method for explanation repair has another important feature: It can gener. 
ate multiple candidate repairs and associated explanations. More and more, in infer. 
ence systems of all kinds, it is important to be able to consider several interpretations 
under a range of contexts and heuristics. Perhaps this is a small trend towards a more 
parallel computation model in which several views of the same situation are consid­
ered at more or less the same time, 

6 POTENTIAL WEAKNESSES AND POSSIBLE EXTENSIONS 

It is not clear that consistency and completeness ought to be absolute targets of 
machine learning. Likewise, explanation repair might not need to be the paramount 
goal of a system. Many concepts are fuzzy, with probabilistic behavior, and yet hu· 
mans do not seem perturbed by this. Explanations that are known to fail on anoma­
lous cases might not warrant repair. 

When many learning systems are confronted by real-sized problems, they 
break under combinatorial demands unless they can make wide use of heuristics. 
The qucstion of how to use heuristic knowledge, or to do plausible rather than com­
pletc deductive inference, is important. The method of explanation repair is a straight 
deductive mechanism on its outside. On the inside lie the critical processes such as 
the pruning of candidate binding lists for generating repairs. These processes could 
make widespread use of heuristics, but acquiring, revising, and applying the heuris­
lics is as yet an unsolved problem. The point is this: If the power of the algorithm lies 
in the performance of interior parts for which good heuristics are critical, then how 
important or critical is the outside formality, no matter how elegant? Perhaps a for­
mal approach can lead Kodratoff's "AI-learnists" [owards elegant techniques for ac­
quiring, applying, and managing heuristic metaknowledge at just the places where 
today's approaches show it to be critical. That would certainly be a worthy chal­
lenge. 
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