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Abstract

The task of inductive learning from examplesplacesconstrains on the
represemation of training instancesand concepts. These constrairts are
di erent from, and often incompatible with, the constrairts placedon the
represemation by the performancetask. This incompatibility explains
why previousresearbers have found it sodi cult to construct good rep-
reserations for inductive learning|they were trying to achieve a com-
promise betweenthesetwo setsof constrairnts. To addressthis problem,
we have deweloped a learning systemthat employs two di erent represen-
tations: one for learning and one for performance. The learning system
acceptstraining instancesin the \p erformancerepresetation,” cornverts
them into a \learning represetation" where they are inductively gener-
alized, and then maps the learned concept badk into the \p erformance
represemation.” The advantages of this approad are (a) many fewer
training instancesare requiredto learn the concept, (b) the biasesof the
learning program are very simple, and (c) the learning system requires
virtually no \v ocabulary engineering"to learn conceptsin a new domain.



1 Intro duction

In the idea paper entitled \Learning Meaning," Minsky (1985) stressesthe importance of
maintaining di erent represerations of knowledge,ead suited to di erent tasks. For exam-
ple, a systemdesignedo recognizeexamplesof cupson atable would do well to represen its
knowledgeas descriptionsof obsenable featuresand structures. In cortrast, a planning sys-
tem employing cupsto adhieve goalswould require a represetation describingthe purpose
and function of cups.

When we turn from the issueof performance to the issueof learning, it is not clear what
represemation to choose. The most direct approad is to choosethe samerepresetation
for learning as for performance,thus gaining the advantage that any knowledge learned
will be immediately available to support performance. Early madine learning work, sut
asWinston's ARCH (Winston 1975)and Michalski's AQ11 system (Michalsk & Chilausky,
1980),employed this approad, and it worked quite well. The designof a structural language
capableof capturing the conceptsof interest was straightforward, and conceptswere learned
quickly with (relatively) few training instances.

Howewer, whenQuinlan (1982)attempted to pursuethis approad in his work on learning
chessend-gameconcepts,he encourtered di culties. His represetation for high-level chess
featureswase ectiv e for the task of recognizingend-gamepositions, but it introducedmany
problems for the learning task. First, the conceptlanguagewas very dicult to design.
Quinlan spent two man-morths iteratively designingand testing the languageuntil it was
satisfactory The secondproblem was that it took a large number of training instances(a
minimum of 334) to learn the conceptof lost-in-3-ply completely Theseproblemsillustrate
that the approat of employing the samerepresetation for learning and for performance
was inappropriate for this domain.

In this paper, we show that inductive learning placesconstrairts on the represetation
for training instancesand conceptsand that theseconstrairts often con ict with the require-
merts of the performancetask. Hence,the di cult y that Quinlan encourtered canbetraced
to the fact that the conceptlost-in-3-ply is an inherertly functional conceptthat is most
easily learnedin a functional represetation. Howeer, the performancetask (recognition)
requires a structural conceptrepresetation. The vocabulary that Quinlan painstakingly
constructedwas a compromisebetweenthesefunctional and structural represetations.

The remainder of this paper is organizedas follows. First, we discussthe constrairts



that the task of inductive learning placeson the represemation for training instancesand
concepts. Secondwe descrile a strategy for idertifying the most appropriate represetation

given theseconstraints. Third, we considerthe problemsthat arisewhenthe represetation

for learning is di erent from the represetation in which the training instancesare supplied
and from the represetation that is neededby the performancetask. Finally, we descrike an
implemerted system,Wyl, that learnsstructural descriptionsof chedersand chessconcepts
by rst mapping the training instancesinto a functional represemation, generalizingthem

there, and corverting the learned conceptbadk into a structural represetation for e cien t

recognition.

2 Representational Constrain ts of Inductiv e Learning

The goal of an inductive learning program is to produce a correct de nition of a concept
after observinga relatively small number of positive (and negative) training instances.Gold
(1967) cast this problem in terms of searti. The learning program is seartiing somespace
of conceptde nitions under guidancefrom the training instances.He shaved that (for most
interesting cases)his seart cannot producea unigue answer, even with derumerably many
training instances,unlesssomeother criterion, or bias, is applied. Horning (1969),and many
others since, have formulated this task as an optimization problem. The learning program
is given a preferencefunction that stateswhich conceptde nitions are a priori more likely
to be correct. The task of the learning program is to maximize this likelihood subject to
consistencywith the training instances.

This highly abstract view of learning tells us that inductive learning will be easiestwhen
(a) the seart spaceof possibleconceptde nitions is small, (b) it is easyto chek whethera
conceptde nition is consisten with a training instance, and (c) the preferencefunction or
bias is easyto implemert. In practice, researbersin madine learning have achieved these
three properties by (a) restricting the conceptdescription languageto cortain few (or no)
disjunctions, (b) employing a represetation for conceptsthat permits consistencycheding
by direct matching to the training instances,and (c) implemerting the bias in terms of
constrairts on the syrntactic form of the conceptdescription.

Let us exploreead of thesedecisionsin detail, sincethey placestrong constrairts on the
choice of good represetations for inductive learning.

Consider rst the restriction that the conceptdescription languagemust cortain little or



no disjunction. This constrairt helpskeepthe spaceof possibleconceptde nitions small. It
can be summarizedas saying \Cho osea represetation in which the desiredconceptcan be
captured succinctly."

The seconddecision|to usematching to determinewhethera conceptde nition is consis-
tent with atraining instance|places constrairts on the represetation of training instances.
Training instancesmust have the samesyrtactic form asthe conceptde nition. Furthermore,
sincethe conceptde nition cortains little or no disjunction, the positive training instances
must all be very similar syrtactically. To seewhy this is so, considerthe situation that would
arise if the conceptde nition were highly disjunctive. Eac disjunct could correspnd to a
separate\cluster” of positive training instances.With disjunction seerely limited, howe\er,
the positive training instancesmust form only a small number of clusters.

In addition to grouping the positive instances\near" one another, the represetation
must alsoallow them to be easily distinguishedfrom the negative instances. This is againa
consequencef the desireto keepthe conceptde nition simple. The conceptde nition can
be viewed as providing the minimum information necessaryo determinewhether a training
instanceis a positive or a negative instance. Hence,if the conceptde nition is to be short
and succinct, the syntactic di erences betweenpositive and negative instancesmust be clear
and simple.

The third decision|to implemert bias in terms of constraints on the syrtactic form
of the conceptdescription|mak esthe choice of conceptrepresetation even more critical.
Recall that the function of bias is to selectthe correct, or at least the most plausible,
conceptdescription from amongall of the conceptdescriptionsconsiste with the training
instances. Typically, the bias is implemerted as some xed policy in the program, sud as
\prefer conjunctive descriptions" or \prefer descriptionswith fewestdisjuncts.” The biaswill
only have its intended e ect if conjunctive descriptionsor descriptionswith fewest disjuncts
are in fact more plausible. In other words, for syntactic biasesto be e ective, the concept
descriptionlanguagemust be chosento make them true. The net e ect of this is to reinforce
the rst represetational constraint: the conceptrepresemation languageshould capture the
desiredconceptas succinctly as possible.



3 Choosing the Most Suitable Representation

Now that we have reviewed the constrairts that inductive learning placeson the represeta-
tion, we must considerhow to satisfy thoseconstrairts in a given learning task. It shouldbe
clear that we want to selectthe represetation that capturesthe conceptmost \naturally ."
The \natural” represetation is the onethat formalizesthe underlying reasonfor treating
a collection of ertities as a conceptin the rst place. A concept(in the madine learning
senseanyway) is a collection of ertities that share somethingin common. Someertities
are grouped together becauseof the way they appear (e.g., arches, mourtains, lakes), the
way they behave (e.g., mobs, avalandes,rivers), or the functions that they sene (e.g., vehi-
cles,cups, doors). Occasionally thesecategoriescorrespnd nicely. Archeshave a common
appearanceand a common function (e.g., as doorways or supports). More often, though,
ertities similar in oneway (e.g., function) are quite di erent in another (e.g., structure).

The performancetask for which a concept de nition is to be learned may require a
structural represetation (e.g., for e cient recognition), a functional represetation (e.g.,
for planning), or a behavioral represetation (e.g., for simulation or prediction). When we
review the successeand failures of madine learning, we seethat di culties arisewhenthe
represemation required for the performancetask is not the natural represetation for the
concept.

Winston's ARCH programwassuccessfubecausehe natural represetation|structural|
was also the performancerepresetation. The structural represetation captured the im-
portant similarities amongthe positive training instancesas a simple conjunction. It also
separatedthe positive instancesfrom the negative onesby simple featuressud as touching
and standing.

Quinlan's di culties with lost-in-3-ply can be traced to the fact that this conceptis
naturally de ned functionally, yet the performancetask required a structural represetation.
All board positions that are lost-in-3-ply are the same, not becausethey have the same
appearance,but becausethey all result in a lossin exactly 3 moves. This conceptcan be
captured naturally in a represemation that includes operators (such as move) and goals
(sudh aslosg. In Quinlan's conceptlanguage,which includesboth structural and functional
terms, this conceptrequired a disjunction of 334 disjuncts.
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Figure 1. The Multiple Represetation Strategy

4 Coordinating Dieren t Representations

For situations in which the represetation most appropriate for learning is di erent from
the one required for the performancetask, there are two basic approades that can be
pursued. First, we can try, as Quinlan did, to nd an intermediate represetation that
provides somesupport for both learning and performance.Howeer, the alternative that we
have investigated is to employ two separaterepresetationsjone for learning and one for
performance. This raisesthe problem of converting from onerepresetation to another.

Figure 1 shaws the generalstructure of a learning systemthat employs this \multiple
represemation strategy." Training instancesare preseitied to the systemin a represetation
called the \Environmen Represetation" (ER). To support induction, the instancesare
translated into training instanceswritten in the \Learning Represemation” (LR). Within this
represemation, the instancesare generalizedinductively to produce a conceptdescription.
For this conceptto be employed in someperformancetask, it must be translated into the
\P erformanceRepresetation (PR)."

Many existing learning systemscan be viewed as pursuing variants of this \m ultiple rep-
reseration strategy." For example,considerthe operation of Meta-DENDRAL (Buchanan
& Mitchell, 1978). Training instancesare presened in a structural ER consistingof molecu-
lar structures and assaiated massspectra. The program INTSUM corverts thesestructural
training examplesinto a LR of behavioral descriptionscalled cleavage processeswhich are
sequencesf clearagesteps. Theseindividual cleavagestepsare then inductively generalized
by programsRULEGEN and RULEMOD to obtain generalclearagerules. In this domain,
the PR is the sameasthe LR. Thesecleaagerules are produced as the output of Meta-
DENDRAL for usein predicting how other moleculeswill behave in the massspectrometer.



One canimagine an implemertation of Meta-DENDRAL that attempted to inductively
generalizethe training instancesin the given structural ER of moleculesand massspectra.
Howe\er, this represetation doesnot capture the important similarities betweendi erent
molecules. The similarities are properly captured at the level of individual cleavage steps
that produce single spectral lines, rather than ertire moleculesand spectra.

In addition to Meta-DENDRAL, most of the explanation-basedearning systems(e.g.,
Mitchell, Keller, & Kedar-Cabelli, 1986; DeJong & Mooney 1986) can also be viewed as
employing a versionof this multiple represetation strategy. In LEX2 (Mitc hell, et al., 1982),
for example,training instancesare preseitted in an ER consistingof structural descriptions
of symbolic integration problems. By applying its integration problem solver, LEX2 converts
ead training instanceinto a functional represemation (the LR) consisting of a particular
sequencef integration operators leading to a solution. In this LR, the speci ¢ sequenceof
integration operatorsis generalizedby permitting the nal state to be any solved problem
state. In somesense,LEX2 is assumingthat the teacher is trying to tead it the concept
of \all integration problemssohable by this particular sequenceof operators.” Onceit has
deweloped this generalizedconcept description in the LR, LEX2 must convert it into the
PR, which is the samerepresetation asthe ER. This translation is accomplishedby bad-
propagating the description of a solved problem through the operator sequencg¢o compute
the wealest preconditionsof this particular operator sequence.

This view of LEX2 explainswhy the original LEX systemwasnot assuccessfuasLEX2.
In LEX, inductive inferencewas applied to positive training examplesrepreseted in the
ER. The goal of inductive learningwasto nd generalstructural descriptionsof integration
problemsfor which particular operators, sud asOP3, shouldbe applied. This knowledgeof
the learning goal was not explicit in the structural represetation, but only in the teader's
mind. Hence, LEX could not take advantage of it. Howewer, by mapping the training
examplesinto the functional represetation, the learning goal could be made explicit and
usedto guide the generalizationprocess. The functional represetation conciselycaptures
the desiredsimilarity betweenthe di erent training examples.

5 Overview of Wyl

Although previous learning systemscan be viewed as applying the multiple represemation
strategy, none of thesesystemsfully exploits this approad. In particular, the explanation-
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Figure 2: Represetations in Wyl

basedlearning systemsdo not perform any signi cant inductive inferencein the LR aside
from generalizingthe nal state of the operator sequenceln order to explorethe multiple-

represemation strategy, we have dewelopedalearningsystemnamedWyl (after JamesWyllie,

cheder champion of the world from 1847to 1878)that appliesthe strategy to learn concepts
in board gamessud as cheders and chess. We have chosenthis domain becausethere are
marny interesting conceptsthat are naturally functional (e.g., trap, skewer, fork, lost-in-2-
ply) and yet have complexstructural de nitions. Wyl hasbeenapplied to learn de nitions

for trap and trap-in-2-ply in chedkers and skewer and knight-fork in chess.

The performancetask of Wyl is recognition. Given a board position, represeted simply
in terms of the kinds and locations of the playing pieces,Wyl must decide whether that
position is, for example,a trap. To perform this task, the trap conceptmust be represeted
in a structural vocabulary that permits e cien t matching againstthe board positions. How-
ewer, as we have noted above, conceptssud astrap are most easily learnedin a functional
represemation.

In addition to requiring a structural represetation for performance,a structural repre-
seration is alsoneededfor the training instances.To teadh Wyl chedkersand chessconcepts,
we warnt to simply preser board positions that are examplesof those concepts. Hence,in
the terminology of the previoussection,the ER and the PR are structural represetations,
but the LR is a functional represetation.

The organization of Wyl is shown in Figure 2. The three main processesn Wyl are
ervisionmert, generalization,and compilation. The ervisionmen processtranslates eat
supplied structural training instanceinto the functional represetation to obtain the corre-



Figure 3: Chedkers Trap training instance,red to play

sponding functional training instance. The generalizationprocessperformsinductive infer-
enceon thesefunctional training instancesresulting in a functional de nition that captures
the desiredconcept. Finally the compilation stageconverts this functional de nition into an
equivalent structural descriptionthat can support e cient recognition.

The initial knowledge given to Wyl takesfour forms. First, there is the ervironment
represemation for board positions. Second,there is a represetation for eat of the legal
operatorsin the game(e.g., normal-move and take-move). Third, Wyl is given the rules of
the game, represeted as a recursive sthemathat describes what moves are legal at what
points in the game. Finally, Wyl is given de nitions of the important goalsof the game,
sud asloss win, and draw. For chess,Wyl is alsotold that lose-queens an important goal.

These given goals are the key to Wyl's learning ability. Wyl learns new functional
conceptsas specializations of theseknown concepts. For example,the cheders concepttrap
is a specializationof loss To seethis, considerthe particular trap position shavn in Figure 3.
In this position, the red king in square2 is trapped by the white man at squarel10. No matter
what move the red king makes,the white man cantake him. Hence,trap is a particular way
to losea chedkers game. Once Wyl learnsa recognition predicatefor trap, it is addedto the
pool of known concepts,whereit may be specializedfurther to form somefuture concept
(such astrap-in-2-ply).



The goalsare provided to Wyl in a predicate calculusnotation. The cheders conceptof
lossis represeted below (win is the dual case):

8 statel sidel LO SS(statel sidel) ,
recoqizedLOSS(statel sidel)
_ 8 state2 side2typef romover to
oppositephyer(sidel side2)
AN [ [ takemowe(statel state2 f rom over to sidel ty pe)
AW N (state2 side2)]
_ [normalmove(statel state2 f romto sidel ty pe)
AW N (state2 side?)]]:

This formula is interpreted as follows. A board is an instance of lossif, for all legal moves
available to sidel, the outcomeis a win for the other player (side2). In cheders, there are
two kinds of moves: takemowes, in which one piececapturesanother by jumping over it, and
normalmoves, in which a piecesimply movesonesquare.

This completesour overview of the Wyl systemand the information that it is initially
given. The following three sectionsdescrite ead of the main phasesof the program: ernvi-
sionmert, generalization,and compilation. We illustrate the operation of Wyl asit learns
the cheders conceptof trap.

5.1 Envisionmen t

Wyl starts with a given structural training instance(i.e., board position), which it is told is
an instanceof trap. In Figure 3, we illustrate the rst training instancefor trap, with red
to play. The structural represetation of the instance Statelis

occupiedStatels2rk1)”
occupieqStatelsl0wml) TRAP (Statelred):

Where rkl and wm1l are playing pieces,descriked as
typg(wmlman ” side(wmlwhite) N type(rklking) N side(rklred):

To convert this into a functional instance,Wyl appliesa specialproof procedureto Statel
This proof procedurehasthe e ect of conductinga minimax seart to look for known goals.
When a known goal is discovered, the proof procedurereturns a minimax seart tree in
which ead state is marked with its outcome.

10
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Figure 4: Functional training instancefor trap

In our trap example,the proof procedurediscoversthat the board position is an instanti-
ation of the conceptloss with eat node represeting a state in the seart and eat branch
represeting the particular operatorsin the searti. The rst operatorsinstantiated are the
normalmovesfrom squares2 Thesearefollowed by takemowesthat leadto an instantiation
of the predicaterecoqizedLOSS and termination of the seard.

The next stepis to corvert this minimax tree into an explanation tree (along the lines
of Mitchell, et al., 1986). An explanation tree is a proof tree that explainsthe computed
outcome(i.e., los9 of the training instance. The minimax tree cortains all of the information
neededo constructthis proof, but usuallyit alsocortains extra information that isirrelevant
to the proof. Hence,Wyl traversesthe minimax tree to extract the minimum (i.e., necessary
andsu cien t) conditionsfor the proof of the outcome. Figure 4 shaws the functional training
instancethat is producedby this process.

5.2 Generalization

This functional instancedescrikesa particular way to losea chedkersgame. It isaconjunction
of two fully instantiated (i.e., ground) sequencesf operators, ead resulting in aloss If Wyl
were to follow the standard paradigm of explanation-basedearning, it would now attempt
to nd the weakest precondition of this particular operator graph that would result in a
loss Howe\er, this is not the conceptof trap that the teader is trying to get Wyl to learn,
becausst only descritestraps in which the trapped piecehastwo alternative moves. There
are other traps, against the sidesof the board, in which the trapped piece has only one

11
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Figure 5: Secondfunctional training instance of trap

possiblemove. Hence,rather than having Wyl generalizebasedon onetraining instance,we
provide it with se\eral training instancesand allow it to perform inductive inferenceon the
functional represetations of theseinstances.

To demonstratethis generalizationprocess,let us presen Wyl with a second(very well-
chosen)training instance. This structural training instancecan be expressedn logic as

occupiedState8s28wmDh»
occupiedState8s19rkl) TRAP (State8white):

In this instance,a red king hastrapped a white man against the east side of the board
(seeFigure 3). Wyl performs the ervisionmert processand discovers that this situation
againleadsto a losgthis time for white. The minimax tree is a simple sequenceof moves,
becausewhite has only one possiblemove. Figure 5 shows the resulting functional training
instance.

Now that two training exampleshave been presetied, Wyl is able to perform some
inductive generalization. Two simple and strong biasesare employed to guidethis induction.

The rst is the familiar bias toward maximally-speci ¢ generalizations. The two func-
tional instancesare generalizedaslittle aspossible. The secondbias canbe stated as\There
are no coincidences."More concretely if the sameconstart appearsat two di erent points
within a singletraining instance, it is assertedthat thosetwo di erent points are necessarily
equal.

The result of applying thesetwo inductive biasesto the training instancesis showvn in
Figure 6. In orderto make the two separatebranchesof the rst training instancematch the

12
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Figure 6: Generalizedfunctional de nition of trap

single brandh in the secondinstance, Wyl must generalizeto a single universally-quarti ed
line of play that allows any numker of branches. Similarly, in order to make the kinds, types,
and locations of the piecesmatch, Wyl must generalizeall of these speci ¢ constarts to
variables. Howe\er, these variables are not completely independen of one another. First,
the two sidesare known to be opposing. Secondthe no-coincidencediasis appliedto ensure
that the squarethat the rst piecemovesto (tol) is the sameasthe squarethat the second
piecejumps over in the takemowe.

Becausewe chosethesetwo training examplescarefully, this generalizedfunctional de-
scription is the correctde nition of trap. This functional de nition of trap canbe expressed
in logic as

8 statelsidelfromlfrom2TRAP (statelsidel),
8 state2typeltol oppositephyer(sidel side2)
A normalmove(statel state2 f romltol sidel typel)
A O state3 type2to2
takemowe(state?2 state3 f rom2tol to2 side2 ty pe2)
Nreco@iizedLOSS(state3 sidel):

5.3 Compilation

The third stageof the learning processis to translate the functional knowledgeinto a form
suitable for recognition|that is, to re-descrile the acquired functional conceptin the PR.

13



This is a dicult task, because,unlike LEX2, Wyl is not given a good vocabulary for the
performancelanguage. The only structural represetation that Wyl receivesfrom the teacher
is the represemation usedto descrike individual board positions. This languagecould be
usedto represem the structural concept,but for trap this would require a large disjunction
with 146 disjuncts. For other functional concepts,this approad is clearly infeasible.

Instead of employing the samelow level structural languagein which the training in-
stanceswere preserted, Wyl must construct its own structural conceptlanguagefor express-
ing the functional concept.

Currently, there are no methods capableof designingsud a structural languageautomat-
ically. The only method that providesewen a partial solution to this problem is the method
of constraint badk-propagationor goalregressionMitc hell, et al., 1986). Utgo (1986)shavs
that this method can create new structural terms to extend a structural language. We are
experimerting with extensionsto his method to construct terms in chessand cheders, but
to date we do not have a fully satisfactory method.

Instead, we have explored an alternative (and extremely ine cien t) approad in Wyl
basedon generationand clustering. First we apply the functional de nition to generateall
possiblestructural examplesof the concept(i.e., all possibleboard positionsthat are traps
accordingto the functional de nition). This canbeviewed asa highly disjunctive description
of the conceptin the suppliedenvironment language.Next the large number of disjunctions
in the descriptionis reducedby a compactionprocessthat createssimple new terms.

The generatorworks by employing the functional conceptasa constructive proof, gener-
ating all possibleboard positions consistem with the concept. (We employ an extensionof
the Residueinferenceprocedureof the MRS system;seeRussell,1985.) Each trap position
generatedis a conjunction of the two single obsewable facts like the structural trap exam-
ples given above and illustrated in Figure 3. In the trap case,a disjunction of 146 possible
positions is generated. The compaction stagethen appliestwo algorithms to compressthis
set of 146 positionsinto a disjunction of 11 (more general)descriptions.

The rst algorithm discovers simple relational terms that descrike relationshipsbetween
squares. For example, in the rst training example of trap (Statel), the white king is
directly two squaressouth of the red king. As part of Wyl's initial ervironmernt language,
primitiv e facts are given that descrike the relationship betweenany squareon the board and
its immediate neighbors. The neighbors of s2 are sw(s2 s6 and se(s2 s7). The algorithm
identi es newrelational terms by a simple breadth- rst seart from oneof the squaresin an

14



instanceto discover paths to the others. From Statel, a disjunction of two terms is found:

8 squarel square2 square3 South2squareg(squarel square?) ,
[se(squarel square3) M sw(square3square?)]
_[sw(squarel square3) ™ se(square3 square?)]

The secondterm-creation algorithm is similar to GLAUBER (Langley et al., 1986)and
identi es commoninternal disjunctions over the primitiv e structural features. The structural
instancescreatedby the generatorare translated into a feature-vector represetation based
on the primitiv e attributes. For example,Statelis translated to the following vector:

TRAP vector(redkings2whitemans10.

The rst three items descrite the red king, the following three, the white man. Next,
one of the squaresis replacedby its relationship with the other. The new relational term
South2squaresis used,and it yields the new instance:

TRAP vector(redking s2whitemanSouth2squies.

Common disjunctions are found by locating sets of instance vectors that shareall but one
feature in common. For example, considertwo trap positions, the initial training instance
and a red king on s3 white man on s11given below:

TRAP vector(redking s2whitemanSouth2squies
TRAP vector(redking s3whitemanSouth2squiey

The algorithm iderti es the set of squaresf s2,s33, which is namedN orthC enterSide. All
of the featurescan be usedto form the newterms. Using the trap instances,this algorithm
createsterms de ning regions sud as Center fs6, s7, s8, s14, s15, s16, s22, s23, s24j,
N orthSingleSide f s4, NorthCenterSidg. Directional relationshipsbetweensquaresproduce
terms sud asNorth, fne,nwg and AnyDir ection, f North, Southy. In all, Wyl discorers 13
descriptive terms of this kind, alongwith 6 relational terms like South2squares.

While this method is very successfuin constructing newterms, it is clearly unsatisfactory
sinceit doesnot scaleup to domainshaving largeor in nite numbersof structural instances.
Even for trap this algorithm requiresse\eral hours of CPU time on a VAX 11/750. We are
optimistic that a more direct algorithm, basedon goal regressioncan be deweloped.

15



6 Relationship to Previous Research

It is informative to compare Wyl to previous work in explanation-basedlearning. If we
wereto apply the explanation-basedearning paradigm of Mitchell, et al. (1986), we would
needto provide Wyl with four things: (a) the goal concept, (b) the domain theory, (c) the
operationality criterion, and (d) the training instance. In the cheders domain, the goal
conceptwould be a functional de nition of trap. The domain theory would be the rules of
cheders and the goalsof win, loss and draw. The operationality criterion would state that
the nal de nition shouldbe givenin a structural vocabulary. The training instancewould,
of course,be a structural exampleof a trap. When we considerWyl, we seethat all of these
things have beenprovided exept for the goal concept. Wyl can be said to acquirethe goal
conceptby inductive inferencefrom the training examples.

An examplefrom LEX2 will clarify this point. In LEX2, onegoal conceptis Useful-OP3
that is, the setof all integration problemsthat canbe solved by applying a sequencef oper-
ators beginningwith operator OP3. The domain theory consistsof the de nition of solable
and solved problems. Imagine a new version of LEX2 constructed along the lines of Wyl
(call it WYLLEX). WYLLEX would be giventhe domaintheory, the operationality criterion
and se\eral training instances,but no goal concept. For eat (structural) training instance,
it would apply its domain theory to convert it into a functional instance. Supposewe are
trying to teach WYLLEX the conceptof Useful-OP3 We would presen positive examples
of problemsfor which applying OP3 leadsto a solution. When WYLLEX converted these
to functional instances,they would eat consistof a sequenceof operators beginning with
OP3 and ending in a solved problem. Hence, WYLLEX could perform inductive inference
on thesefunctional instancesand derive the conceptof Useful-OP3

Notice that in orderto corvert the structural instancesinto functional instances WYLLEX
must already have a conceptmore generalthan the goalconcept,namely, the conceptof solv-
able problem. Similarly, Wyl starts out with knowledgeabout the very generalgoalsof win,
loss and draw and learns more speci ¢ goalssud astrap and trap-in-2-ply. (The sameis
true in Meta-DENDRAL, whereall conceptslearnedare specializationsof the initial \half-
order theory.") This is not a seriouslimitation, becauseit is reasonableto assumethat
all intelligent agens have available a hierarchy of goalsrooted in goalslike survival and
minimize-resource-consumptian

An area of work closelyrelated to explanation-basedlearning is the work on purpose-
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basedanalogy (Winston, et al., 1983; Kedar-Cabelli, 1985). The constrains imposedon

represemations by inductive learning are exactly thoseimposedby analogicalreasoning.For

two items to be analogous,they must have somecommonality. That commonality is often

not expressedn surface(obsenable) features,but in function. A hydrogenatom is like our

solar systemnot becauseof sizeor color, but becauseof the way the respective componerts

interact. So, the best represetation for analogical reasoningabout di erent items is one
in which their underlying similarity is captured syntactically. The work in Wyl suggests
that new analogiesmay be exploited to identify new functional conceptsas specializations
of existing goals.

7 Conclusion

In this paper, we have arguedthat inductive learningis most e ective whenthe conceptlan-
guagecapturesthe \natural" similarities and di erences amongthe training instances. We
have also shavn that in somedomainsthe represetation required for e cient performance
is not the \natural® one. To resole this di cult y, we proposedthe \m ultiple-represenation
strategy” wherely the learning system translates the training examplesinto a \natural”
represemation for inductive learning and then translates the learned conceptsinto the ap-
propriate performancerepresetation. We have tested this strategy by implemening the
Wyl system,which learnsfunctional conceptsfrom structural examplesin chessand chedk-
ers. Wyl demonstratesthree key advantagesof this strategy: (a) fewer examplesare required
to learn the concept, (b) the bias built into the program is very simple (maximally-speci ¢
generalization),and (c) the represetation languagerequireslittle or no domain-sgeci c or
concept-sg@ci ¢ engineering.

Our analysisof Wyl suggeststhat previous learning systemscan be usefully viewed as
pursuing simpler variants of this multiple-represertation strategy. This suggeststhat part
of the power of theselearning systemsderivesfrom the choice of represetation (as well as
from the useof a domain theory).
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