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Abstract

In this paper,we explorethe useof geneticalgorithms(GAs) as a key elementin
the designand implementationof robust conceptlearning systems.We describeand
evaluatea GA-basedsystemcalled GABIL that continually learnsand re@nes concept
class®cation rules from its interaction with the environment. The use of GAs is
motivated by recent studiesshowing the effects of various forms of bias built into
differentconceptlearningsystemsresultingin systemghat performwell on certaincon
ceptclasseggenerally thosewell matchedo the biaseslandpoorly on others. By incor-
poratinga GA asthe underlyingadaptivesearchmechanismye are ableto constructa
conceptlearning systemthat hasa simple, uni®d architecturewith severalimportant
features. First, the systemis surprisingly robustevenwith minimal bias. Second,the
systencanbe easilyextendedo incorporatetraditionalforms of biasfoundin othercon
cept learning systems. Finally, the architecture of the systemencouragesexplicit
representationof such biasesand, as a result, provides for an important additional
feature: the ability to dynamicallyadjustsystembias. The viability of this approachis
illustrated by comparingthe performanceof GABIL with that of four other more tradi
tional conceptlearners(AQ14, C4.5,ID5R, andIACL) on a variety of targetconcepts.
We concludewith someobservationsaboutthe meritsof this approachand aboutposst
ble extensions.
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1. Introduction

An importantrequirementfor both naturaland arti®cial organismss the ability to
acquire conceptclassication rules from interactionswith their environment.In this
paper,we explorethe useof an adaptivesearchtechnique, namely,geneticalgorithms
(GAs), as the central mechanisnfor designingsuch systems. The motivation for this
approactcomesfrom anaccumulatingoody of evidencethatsuggestshat, althoughcon
cept learnersrequire fairly strongbiasesto induce class®cation rules ef&iently, no a
priori setof biaseds appropriatefor all conceptlearningtasks. We havebeenexploring
the designandimplementatiorof morerobustconceptlearningsystemswhich are capa
ble of adaptivelyshifting their biaseswhenappropriate. Whatwe @nd particularly intri-
guingis the naturalway GA-basedconceptiearnerscanprovidethis capability.

As proof of conceptwe have implementeda systemcalled GABIL with these
featuresand havecomparedts performancewith four moretraditional conceptiearning
systemgAQ14,C4.5,ID5R, andIACL) on a setof targetconceptsof varying complex
ity.

We presenttheseresultsin the following manner. We begin by showinghow con
ceptlearningtaskscanberepresente@ndsolvedby traditional GAs with minimalimpli-
cit bias. Weillustratethis by explainingthe GABIL systemarchitecturen somedetail.

We then comparethe performanceof this minimalist GABIL systemwith AQ14,
C4.5,ID5R, andIACL on a setof targetconceptsof varying complexity. As expected,
no singlesystemis bestfor all of the presentecconcepts.However,a posteriorionecan
identify the biasesthat were largely responsibldor eachsysters superiorityon certain
classe®f targetconcepts.

We then showhow GABIL can be easily extendedto include thesebiaseswhich
improvessystemperformanceon variousclassef concepts.However,theintroduction
of additionalbiasesraisesthe problemof how and whento apply themto achievethe
biasadjustmennecessaryor morerobustperformance.

Finally, we showhow a GA-basedsystencanbe extendedo dynamicallyadjustits
own biasin a very naturalway. We supporttheseclaimswith empirical studiesshowing
theimprovemenin robustnessf GABIL with adaptivebias,andwe concludewith a dis-
cussionof the meritsof this approachanddirectionsfor furtherresearch.

2. GAsand ConceptLearning

Supervised concept learning involves inducing descriptions (i.e., inductive
hypothesesjor the conceptdo be learnedfrom a setof positive and negativeexamples
of the target concepts. Examples (instances)are representedas points in an n-
dimensionalffeaturespacewhich is deBneda priori andfor which all the legal valuesof
the featuresare known. Conceptsare thereforerepresenteds subsetof pointsin the
given n-dimensionalspace. A concept learning program is presentedwith both a
descriptionof thefeaturespaceanda setof correctly class®edexamplesf the concepts,
andis expectedo generatea reasonablyaccuratedescriptionof the (unknown)concepts.
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The choice of the concept description language is important in several respects. It
introduces a language bias which can make some classes of concepts easy to describe
while other class descriptions become awkward and difficult. Most of the approaches
have involved the use of classification rules, decision trees or, more recently, neural net-
works. Each such choice also defines a space of all possible concept descriptions from
which the "correct” concept description must be selected using a given set of positive and
negative examples as constraints. In each case the size and complexity of this search
space requires fairly strong additional heuristic pruning in the form of biases towards

concepts which are "simpler”, "more general”, and so on.

The effects of adding such biases in addition to the language bias is to produce sys-
tems that work well on concepts that are well-matched to these biases, but perform
poorly on other classes of concepts. What is needed is a means for improving the overall
robustness and adaptability of these concept learners in order to successfully apply them
to situations in which little is known a priori about the concepts to be learned. Since
genetic algorithms (GAs) have been shown to be a powerful adaptive search technique
for large, complex spaces in other contexts, our motivation for this work is to explore
their usefulness in building more flexible and effective concept learners. 1

In order to apply GAsto a concept learning problem, we need to select an internal
representation of the space to be searched. This must be done carefully to preserve the
properties that make the GAs effective adaptive search procedures (see (DeJong, 1987)
for a more detailed discussion). The traditional internal representation of GAsinvolves
using fixed-length (generally binary) strings to represent points in the space to be
searched. However, such representations do not appear well-suited for representing the
space of concept descriptions that are generally symbolic in nature, that have both syn-
tactic and semantic constraints, and that can be of widely varying length and compl exity.

There are two genera approaches one might take to resolve this issue. The first
involves changing the fundamental GA operators (crossover and mutation) to work
effectively with complex non-string objects. Alternatively, one can attempt to construct a
string representation that minimizes any changes to the GA. Each approach has certain
advantages and disadvantages. Developing new GA operators which are sensitive to the
syntax and semantics of symbolic concept descriptions is appealing and can be quite
effective, but also introduces a new set of issues relating to the precise form such opera-
tors should take and the frequency with which they should be applied. The alternative
approach, using a string representation, puts the burden on the system designer to find a
mapping of complex concept descriptions into linear strings which has the property that
the traditional GA operators that manipulate these strings preserve the syntax and seman-
tics of the underlying concept descriptions. The advantage of this approach is that, if an
effective mapping can be defined, a standard "off the shelf" GA can be used with few, if
any, changes. In this paper, we illustrate the latter approach and develop a system which
uses a traditional GA with minimal changes. For examples of the other approach see
(Rendell, 1985; Grefenstette, 1989; Koza, 1991, Janikow, 1991).

The decision to adopt a minimalist approach has immediate implications for the
choice of concept description languages. We need to identify a language that can be

1 Excellent introductions to GAs can be found in (Holland, 1975) and (Goldberg, 1989).
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effectively mappedinto string representationgnd yet retainsthe necessaryexpressive
powerto representomplexconceptdescriptionef®iently. As aconsequenceaye have
chosena simple,yet generalrule languagefor describingconceptsthe detailsof which
arepresentedn thefollowing sections.

2.1. Representingthe searchspace

A naturalway to expresscomplexconceptss asa disjunctivesetof possiblyover
lappingclass®cationrules,i.e.,in disjunctivenormalform (DNF). Theleft-handsideof
eachrule (i.e., disjunctor term) consistsof a conjunctionof one or moretestsinvolving
featurevalues. The right-handside of a rule indicatesthe concept(class®cation)to be
assignedo the examplesthat are matched(covered)by the left-hand side of the rule.
Collectively, a setof suchrulescanbethoughtof asrepresentinghe unknownconceptif
therulescorrectly classifythe elementf the featurespace.

If we allow arbitrarily complextermsin the conjunctiveleft-handsideof suchrules,
we will havea very powerful descriptionlanguagethat will be dif@ult to representas
strings. However,by restrictingthe complexity of the elementsof the conjunctionswe
are able to use a string representatiorand standardGAs, with the only negativeside
effect that morerules may be requiredto expressthe concept. This is achievedby res
tricting eachelementof a conjunctionto be atestof theform:

If thevalueof featurei of theexampleis in thegivenvalueset,returntrue
else returnfalse.

For examplearule mighttakethe following symbolicform:
If (F1=Ilarge)and(F2 = sphereor cube) thenit is awidget.

Sincethe left-hand sidesare conjunctiveforms with internal disjunction (e.qg., the dis-
junction within feature F2), thereis no loss of generality by requiring that there be at
mostonetestfor eachfeature(on the left handside of a rule). Theresultis a modi®ed
DNF thatallowsinternal disjunction. (See(Michalski, 1983)for a discussiorof internal
disjunction.)

With theserestrictionswe can now constructa ®ed-lengthinternal representation
for class®cation rules. Each ®ed-lengthrule will have N featuretests,one for each
feature. Eachfeaturetestwill be representedby a ®ed-lengthbinary string, the length
of which will dependon the type of feature(nominal,ordered,etc.). Currently, GABIL
only usedeatureswith nominalvalues. Thesystenusesk bits for the k valuesof anomk
nal feature. So, for example,if the setof legal valuesfor featureF1 is { small medium
large}, thenthe pattern011would representhetestfor F1 beingmediumor large.

FurthersupposehatfeatureF2 hasthe values{ sphere cube brick, tubg andthere
are two classeswidgetsand gadgets Then,a rule for this 2 featureproblemwould be
representedhternally as:



F1 F2 Class
111 1000 O

Thisrule is equivalentto:
If (F1=smallor mediumor large)and(F2 = sphere)thenit is awidget.

Noticethatafeaturetestinvolving all 1smatchesanyvalueof afeatureandis equivalent
to "dropping thatconjunctiveterm (i.e., the featureis irrelevantfor thatrule). So,in the
exampleabove,only the valuesof F2 arerelevantandthe rule is more succinctlyinter-

pretedas:

If (F2= sphere)thenit is awidget.

For completenessye allow patternsof all 0swhich matchnothing. This meanghatany
rule containingsucha patternwill not matchany pointsin the featurespace While rules
of thisform areof no usein the ®nal conceptdescription they are quite usefulasstorage
areador GAswhenevolvingandtestingsetsof rules.

The right-handside of a rule is simply the class(concept)to which the example
belongs. This meanghatour rule languagede®nesa "stimulus-responsesystenwith no
messag@assingor any otherform of internalmemorysuchasthosefound in (Holland,
1986). In many of the traditional conceptlearning contexts,thereis only a single con
ceptto be learned. In thesesituationsthereis no needfor the rulesto havean explicit
right-hand side, since the classis implied. Clearly, the string representatiorwe have
choserhandlessuchcaseseasilyby assigningno bits for theright-handsideof eachrule.

2.1.1. Setsof classirRcation rules

Sincea conceptdescriptionwill consistof oneor moreclass®cationrules,we still
needto specify how GAs will be usedto evolve setsof rules. Thereare currently two
basicstrategiesthe Michigan approachexempli®ed by Holland's class®er system(Hol-
land, 1986), and the Pittsburghapproachexempli®ed by Smitis LS-1 system(Smith,
1983). Systemausingthe Michigan approachmaintaina populationof individual rules
that competewith eachotherfor spaceand priority in the population. In contrast,sys
temsusingthe Pittsburghapproachmaintaina populationof variable-lengthrule setsthat
competewith eachotherwith respectto performanceon the domaintask. Thereis still
muchto be learnedaboutthe relative merits of the two approaches.In this paperwe
reporton resultsobtainedfrom usingthe Pittsburghapproact? Thatis, eachindividual in
the populationis a variable-lengthstring representingan unorderedset of ®ed-length

2 (Greene& Smith, 1987) and (Janikow, 1991) have also usedthe Pittsburghapproach See
(Wilson, 1987)and(Booker,1989)for examplesf the Michigan approach.
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rules. The numberof rulesin a particularindividual can be unrestrictedor limited by a
user-d@nedupperbound.

To illustrate this representatiommore concretely,considerthe following exampleof
arule setwith 2 rules:

F1 F2 Class F1 F2 Class
100 1111 O 0110010 O

Thisrule setis equivalentto:

If (F1=small) thenit is awidget.
or
If ((F1=mediumor large)and(F2 = brick)) thenit isawidget.

2.1.2. Rule SetExecution Semantics

In choosinga rule setrepresentatiorior usewith GAs, it is alsoimportantto de@ne
simple executionsemanticswvhich encouragehe developmenbf rule subsetsand their
subsequentecombinationwith other subsetsto form new and better rule sets. One
importantfeaturewith this propertyis thatthereis no order-dependencgmongthe rules
in arule set. Whena rule setis usedto predict the classof an example,the left-hand
sidesof all rulesin arule setarecheckedto seeif they match(cover)a particularexam
ple. This "parallel" execution semanticsmeansthat rules perform in a location-
independentnanner.

It is possiblethatan examplemight be coveredby morethanonerule. Therearea
numberof existingapproachegor resolvingsuchcon icts on the basisof dynamically
calculatedrule strengthspy measuringhe complexity of the left-handsidesof rules,or
by variousvoting schemesit is alsopossiblethatthereareno rulesthat covera particu
lar example. Unmatchedexamplesould be handledby partial matchingandbr covering
operators. How bestto handlethesetwo situationsin the generalcontextof learning
multiple concepts(classes)simultaneouslyis a dif@ult issuewhich we have not yet
resolvedto our satisfaction.

However,theseissuesare considerablysimplerwhen learning single concepts. In
this caseit is quite naturalto view the rulesin a rule setasa unionof (possiblyoverlap
ping) coversof the conceptto be learned. Hence,an examplewhich matchesone or
morerulesis classi®ed asa positive exampleof the concept,andanexamplewhich fails
to matchanyrule is class®ed asa negativeexample.

In this paper,we focus on the simpler caseof single-conceptearning problems
(which havealsodominatedthe concept-learninditerature). We haveleft the extension
to multi-conceptproblemdor future work.



2.1.3. Crossoverand mutation

Geneticoperatoramodify individualswithin a populationto producenew individu-
als for testingand evaluation.Historically, crossoverand mutationhave beenthe most
importantand bestunderstoodgenetic operators. Crossovertakestwo individuals and
producestwo new individuals, by swappingportions of genetic material (e.qg., bits).
Mutation simply ips randombits within the population,with a small probability (e.g.,1
bit per 1000). One of our goalswasto achievea conceptlearning representatiorthat
could exploit thesefundamentabperators.We feel we haveachievedthat goal with the
variable-lengthstring representatiorinvolving ®ed-lengthrules describedn the previ-
oussections.

Our mutationoperatoris identical to the standardone and performsthe usual bit-
level mutations. We are currently usinga fairly standardextensionof the traditional 2-
point crossovemperatorin orderto handlevariable-lengthrule sets.3 With standard?-
point crossoveron @xed-lengthstrings,thereare only two degreesof freedomin select
ing the crossovepointssincethe crossovelpointsalwaysmatchup on bothparentge.g.,
exchanginghe segmentgrom positions12-25on eachparent). However,with variable
length stringsthereare four degreesof freedomsincethereis no guaranteethat, having
picked two crossoverpoints for the @rst parent,the samepoints exist on the second
parent. Hence,a secondsetof crossovepointsmustbe selectedor it.

As with standardcrossoverthereare no restrictionson wherethe crossoverpoints
may occur (i.e., both on rule boundariesand within rules). The only requirements that
the correspondingrossovelpointson the two parents'matchup semantically. Thatis,
if oneparentis beingcut on a rule boundary thenthe otherparentmustbe cuton arule
boundary Similarly, if oneparentis beingcut at a point5 bits to theright of arule boun
dary, thenthe other parentmustbe cut in a similar spot(i.e., 5 bits to the right of some
rule boundary). For exampleconsiderthefollowing two rule sets:

F1 F2 Class F1 F2 Class
100 0109 O 011 0010 O

R ——
01|0 0001 O 110 0011| O

We usea"|" to denotea crossovercut point. Note that the left cut point is offset2 bits
from the rule boundary,while the right cut point is offset1 bit from the rule boundary.
The bits within the cut pointsare swappedresultingin a rule setof 3 rulesanda rule set
of 1 rule:

3 We are also investigatingthe use of a uniform crossoveroperatorthat has beenrecently
shownto be moreeffectivein certaincontextsthan2-pointcrossover.
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F1 F2 Class F1 F2 Class F1 F2 Class
100 0001 O 110 0011 O 0110010 O

010 0100 O

2.2. Choosinga ®&nessfunction

In additionto selectinga goodrepresentation is importantto deBne a good®tness
function that rewardsthe right kinds of individuals. In keepingwith our minimalistphi-
losophy,we selecteda @nessfunction involving only class®cation performanceignor-
ing, for example Jengthandcomplexitybiases). The ®&nessof eachindividual rule setis
computedby testingthe rule seton the currentsetof training examples(which is typi-
cally asubsebf all theexamples seeSection2.6) andletting:

fitness(individual i) = (percent correct)?

This providesa bias toward correctly classifying all the exampleswhile providing a
non-lineardifferential reward for imperfectrule sets.This biasis equivalentto onethat
encouragesonsistency and completeness of the rule setswith respectto the training
examplesA rule setis consistentvhenit coversno negativeexamplesandis complete
whenit coversall positiveexamples.

2.3. GABIL: A GA-basedconceptlearner

We arenowin apositionto describeGABIL, our GA-basedconceptiearner. At the
heartof this systemis a GA for searchinghe spaceof rule setsfor onesthat performwell
on a given set of positive and negative examples. Figure 1 providesa pseudo-code
descriptionof the GA used.

P(t) represents populationof rule sets.After a randominitialization of the population,
eachrule setis evaluatedwith the ®nessfunction describedn section2.2. Rule setsare

probabilistically selectedfor survival in proportionto their ®ness(i.e., how consistent
andcompletethey are). Crossoveland mutationarethenappliedprobabilisticallyto the

survivingrule sets,to producea new population.This cycle continuesuntil asconsistent
and completea rule set as possiblehas beenfound within the timelspaceconstraints
given.

Traditional conceptlearnersdiffer in the waysexamplesare presented.Many sys
tems presumea batch mode,where all instancesare presentedo the systemat once.
Otherswork in anincremental mode,whereoneor a few of the instancesare presented
to the systemat a time. In designinga GA-basedconceptlearner,the simplestapproach
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involvesusingbatchmode,in which a ®ed setof training exampless presentedandthe
GA mustsearchthe spaceof variable-lengthstringsdescribedabovefor a setof rules
with high ®&nesq100%impliescompletenesandconsistencynthetraining set).

However,in manysituationdearningis a never-endingprocessn which newexam
ples arrive incrementallyas the learnerexploresits environment. The exampleshem
selvescanin generalcontain noise and are not carefully chosenby an outsideagent.
Thesearethe kindsof problemsthatwe aremostinterestedn, andtheyimply thata con
ceptlearnermustevolve conceptdescriptionancrementallyfrom non-optimalandnoisy
instances.

The simplestway to producean incrementalGA conceptlearneris asfollows. The
conceptlearnerinitially acceptsa singleexamplefrom a pool of examplesandsearches
for as perfecta rule setas possiblefor this examplewithin the time/spaceconstraints
given. Thisrule setis thenusedto predictthe class@®cation of the nextexample.lf the
predictionis incorrect,the GA is invoked(in batchmode)to evolve a newrule setusing
the two exampleslf the predictionis correct,the exampleis simply storedwith the pre-
vious exampleandthe rule setremainsunchangedAs eachnew additionalinstanceis
accepteda predictionis made,andthe GA is re-runin batchmodeif the predictionis
incorrect. We refer to this modeof operationas batch-incrementabnd we refer to the
GA batch-incrementatonceptearnerasGABIL.

Although batch-incrementamodeis more costly to run than batch,it providesa
muchmore@nely-grainedmeasureof performancehatis moreappropriatefor situations
in which learning never stops.Ratherthan measurean algorithms performanceusing
only a smalltraining subsebf the instancedor learning,batch-incrementainodemeas
uresthe performanceof this algorithm over all available instances. Therefore,every
instanceactsasbothatestinginstanceandthenatraininginstance.

Our ultimate goal is to achievea pure incrementalsystemwhich is capableof
respondingto even more complex situationssuch as when the environmentitself is
changingduring the learning process. In this paper,however,we report on the perfor
manceof GABIL, our batch-incrementatonceptiearner.

3. Empirical SystemComparisons

The experimentsdescribedin this sectionare designedto comparethe predictive
performanceof GABIL and four other conceptlearnersas a function of incremental
increasesn thesizeandcomplexityof thetargetconcept.

3.1. The domains

The experimentsnvolve two domains:one arti®cial, and one natural. Domain 1,
the arti®cial domain,wasdesignedo revealtrendsthatrelatesystembiasedo incremen
tal increasedn target conceptcomplexity. For this domain,we inventeda 4 feature
world in which eachfeaturehas4 possibledistinctvalues(i.e., thereare 256 instancesn
thisworld).
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Within Domain1, we constructedh setof 12 targetconcepts. We varied the com
plexity of the 12 targetconceptsby increasingboth the numberof rules (disjuncts)and
the numberof relevantfeatures(conjuncts)per rule requiredto correctly describethe
concepts.The numberof disjunctsrangedfrom 1 to 4, while the numberof conjuncts
rangedfrom 1 to 3. Eachtargetconceptis labeledasnDmC, wheren is the numberof
disjunctsandmis the numberof conjuncts(seeAppendix2 for the de@nition of thesetar-
getconcepts).

For eachof the targetconceptsthe completesetof 256 instancesvere labeledas
positive or negativeexamplesof the targetconcept. The 256 exampleswvere randomly
shu ed andthen presentedsequentiallyin batch-incrementamode.This procedurewas
repeatedLOtimes(trials) for eachconceptandlearningalgorithmpair.

For Domain 2, we selecteda naturaldomainto further testour conjecturesabout
systembiases.Domain 2 is a well-known naturaldatabasdor diagnosingoreastcancer
(Michalski et. al., 1986). This databasehas descriptionsof casesfor 286 patients,and
eachcase(instance)s describedn termsof 9 features. Thereis a smallamountof noise
of unknown origin in the databasemanifestedas caseswith identical features but
differentclassications.Thetargetconceptis considerablynorecomplexthanany of the
conceptsan the nDMC world. For example after seeingall 286 instancesthe AQ14 sys
tem (alsoknown asNEWGEM, describedbelow) developsaninductive hypothesishaw
ing 25 disjunctsandanaverageof 4 conjunctsper disjunct. SinceGABIL andID5R can
only handle nominals,and the breastcancerinstanceshave featuresin the form of
numericintervals,we convertedthe breastcancer(BC) databas¢o usenominalfeatures.
This conversionnecessarilyloses the inherent ordering information associatedwith
numeric intervals. For example,the feature age is deBned to have numeric interval
values{10-19, 20-29, ..., 90-99} in the original databaseand is representeds the set
{Al, A2, ..., A9} of nominalsin the converteddatabase Whenusingthe BC database,
we againrandomlyshu edtheinstancesandaveragedver10runs.

It shouldbe notedthat all the problemsin thesetwo testdomainsare single-class
problems. As discussedakarlier, evaluatingthis approachon multi-classproblemsis part
of our future plans.

3.2. The systems

The performanceof the GABIL systemdescribedin section2.3 was evaluatedon
both domains. StandardGA settingsof 0.6 for 2-pt crossoverand 0.001 for mutation
wereused. Thechoiceof populationsizewasmoredif®ult. With large,complexsearch
spacesjarger populationsizesare preferable,but generally require more computation
time. With our unoptimizedbatch-incrementaversionof GABIL, we wereableto usea
populationsize of 1000for the arti®cial domain. However,for the BC domain,a popula
tion iize of 100 was usedin order to keepthe experimentalcomputationtime reason
able!

4 Our unoptimizedbatch-incrementalersionof GABIL is somewhatslower than C4.5, AQ,
and IACL. It is substantiallyslowerthan ID5R. One shouldnot concludefrom this, however,
that GA conceptlearnersareinherentlyslower. SeeJanikow(1991)for details.
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To better assess the GABIL system, four other concept learners were also evaluated
on the target concept domains. We selected four systems to represent all four combina-
tions of batch and incremental modes, and two popular hypothesis forms (DNF and deci-
sion trees). The chosen systems are AQ14 (Mozetic, 1985), which is based on the AQ
algorithm described in (Michalski, 1983), C4.5 (Quinlan, unpublished), ID5R (Utgoff,
1988), and Iba's Algorithm Concept Learner (IACL) (Gordon, 1990), which is based on
Iba's algorithm described in (Iba, 1979). AQ14 and IACL form modified DNF
hypotheses. The C4.5 and ID5R systems are based on the ID algorithm described in
(Quinlan, 1986), and form decision tree hypotheses. AQ14 and C4.5 are run in batch-
incremental mode since they are batch systems. ID5R and IACL are incremental.

AQ14, like AQ, generates classification rules from instances using a beam search.
This system maintains two sets of classification rules for each concept: one set, which we
call the positive hypothesis, isfor learning the target concept and the other set, which we
call the negative hypothesisis for learning the negation of the target concept. (Note that
GABIL currently uses only a positive hypothesis.) AQ14, like GABIL, generates
classification rules in a modified DNF that allows internal digunction of feature values.
Internal disunction allows fewer external disunctsin the hypotheses.

AQ14's learning method guarantees that its inductive hypotheses will be consistent
and complete with respect to all training examples. The learning method, called the Star
Algorithm, generates a hypothesis for each class C. Potential rulesfor this hypothesis are
formed from a randomly-chosen example, called a seed, by maximally generalizing the
description of the seed without covering any examples of the wrong class. One rule is
chosen from the set of potential rules, using a user-specified set of criteria, and thisruleis
added to the hypothesis for C. This procedure repeats to generate more rules for the
hypothesis until al examples of class C are covered by the hypothesis.

AQ14' s criteria for hypothesis preferences (biases) influences its learning behavior.
This system's performance depends on these criteria, as well as on other parameter set-
tings. The particular parameter settings that we chose for AQ14 implement a preference
for simpler inductive hypotheses, e.g., inductive hypotheses having shorter rules.®

C4.5 uses a decision tree representation rather than a rule representation for its
inductive hypotheses. Each decision tree node is associated with an instance feature.
Each node represents a test on the value of the feature. Arcs emanating from a feature
node correspond to values of that feature. Each leaf node is associated with a
classification (e.g., positive or negative if one concept is being learned). To view a deci-
sion tree as a positive DNF hypothesis, one would consider this hypothesis to be the dis-
junction of all paths (a conjunction of feature values) from the root to a positive leaf.
The negative hypothesisis simply the digunction of al paths from the root to a negative
leaf.

5 The precise criteria used are: the positive and negative inductive hypotheses are allowed to
intersect provided the intersection covers no instances, noisy examples are considered positive,
the maximum beam width is set to 20, and the minimum number of features and values are
preferred in each rule. Other settings, which have less impact on system performance, are left at
default values.
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An information theoreticmeasurebiasesthe searchthroughthe spaceof decision
trees. Treesare constructedoy @rst selectinga root node,thenthe next level of nodes,
andsoon. Thosetree nodes,or featuresthat minimize entropyandthereforemaximize
information gain are selected®st. The resultis a preferencefor simpler (i.e., shorter)
decisiontrees. C4.5doesnotrequirecompleteneser consistency.

Two con®gurationsof C4.5 are available:prunedandunpruned Pruningis a pro-
cessof further simplifying decisiontrees. This processwhich occursafter the decision
tree hasbeengeneratedconsistsof testingthe tree on previously seeninstancesand
replacing subtreeswith leavesor brancheswheneverthis replacementimprovesthe
classicationaccuracy? Pruningis designedor bothtree simpli@ation (which increases
the simplicity preference)andfor improvedpredictionaccuracy. Sinceit wasnot obvi-
ousto uswhen either con®gurationis preferable,we usedboth versionsin our expert
ments.

ID5R learnswith the samebasicalgorithm as C4.5. However, this systemlearns
incrementally. Otherthantheincrementalearning,ID5R's biasesare nearlyidenticalto
thoseof C4.5unprunedOneminor differenceis that, unlike C4.5,ID5R doesnot predict
the classof a new instancewhenit cannotmakea prediction,e.g.,whenthe instanceis
not coveredby the decisiontree. We havemodi®ed ID5R to makea randomprediction
in this case’

The fourth systemto be comparedwith GABIL is IACL (Gordon,1990),a system
similar to AQ14. IACL is not aswell-known asthe other systemslescribedaboveand,
therefore,we describeit in slightly moredetail. IACL maintainstwo DNF hypotheses,
one for learning the target concept,and one for learningthe negationof that concept.
Internal disjunctionis permitted,and consistencyand completenesss required. Unlike
AQ14,though,lIACL learnsincrementallyand prefershypotheseshat are more specic
(i.e.,lessgeneral)ratherthansimpler. A mergingprocesamaintainscompletenessThe
mergingprocessncorporateseachnewinstancenotalreadycoveredby a hypothesisnto
the hypothesisof the sameclassasthat instanceby performinga small amountof gen
eralization. Thisis doneby forming new hypothesigulesusinga mostspecf{® generali
zation(MSG) operator. From everyrule in the hypotheseslACL formsa new rule that
hasfeaturevaluesequalto the mostspecic generalizationof the featurevaluesof the
new instanceandthoseof the original rule. Eachnewrule is keptonly if it is consistent
with previousinstances.Otherwise the original rule is keptinstead. If theinstancecan
not mergewith any existingrule of the hypothesisa descriptionof it is addedasa new
rule.

Whenthefeaturesarenominalsasis the casefor our experimentsthe mostspecic
generalizations the internaldisjunctionof the featurevaluesof the rule andthoseof the
new instance. For example supposédhe systenreceivesits @rst instance which is posk
tive andis asmallsphere.Thentheinitial positivehypothesiss:

6 Thetype of pruningin C4.5is a variantof pessimistigoruning describedn (Quinlan, 1987)
thatprunesatreeto eithera subtreeor aleaf node(Quinlan,personacommunication).

7 ID5R, like GABIL, is aresearcttool andthereforedoesnot handlesomeof therealistic data
characteristicge.g.,missingfeaturevalues)that canbe handledby sophisticatedsystemssuchas
C4.5.
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if (F1=small)and(F2 = sphere) thenit is awidget.

If the secondinstanceis a medium cube, and it is positive, the positive hypothesis
becomes:

if ((F1=smallor medium)and(F2 = sphereor cube) thenit is awidget

Note that this new hypothesismatchesmedium spheresand small cubes,thoughthey
havenot beenseenyet.

IACL's splitting processmaintainsconsistencylf the systemincorrectly predicts
the classof a new instance,the systemusespreviously savedinstancesto relearnthe
hypothesesorrectly. Let uscontinuewith our exampleto illustratethe splitting process.
Supposeéhe systemnow receivesa new negativeexamplethatis a mediumsphere.The
current positive hypothesismatchesthis example, thereby violating the consistency
requirement.After the splitting processthe positivehypothesisvecomes:

if ((F1=small)and(F2 = sphere) thenit isawidget
or
if ((F1=medium)and(F2= cube) thenit is awidget,

andthe negativehypothesiss:
if (F1=medium)and(F2 = sphere)thenit is notawidget.

New instancescan be mergedwith theserulesto generalizethe hypothesesvhenever
mergingpreservesonsistencywith respecto previousinstances.

3.3. Performance criteria

We feel thatlearningcurvesarean effective meandor assessingerformancen the
contextof incrementalconceptlearning. In the experimentseportedhere,eachcurve
representan averageperformanceover 10 independentrials for learninga singletarget
concept.During eachtrial, we keeptrack of a smallwindow of recentoutcomesgount
ing the correctpredictionswithin thatwindow. Thevalue of the curve at eachtime step
representghe percentcorrect achievedover the mostrecentwindow of instances.A
window size of 10 was usedfor the arti®ial domainand one of size 50 for the BC
domain. The sizeswere chosenexperimentallyto balancethe needfor capturingrecent
behaviorandthe desireto smoothshorttermvariationsin the learningcurves.

After generatingearningcurvesfor eachtargetconcept,we collapsedthe informa
tion from thesecurvesinto two performancecriteria. The @rst, called the prediction
accuracy (PA) criterion, is the averageover all valueson a learning curve, from the
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beginning to the end of learning a target concept. We distilled the learning curves into a
single average value to simplify the presentation of our results. The second performance
criterion, called convergence (C), is the number of instances seen before a 95% predic-
tion accuracy is maintained. If a 95% prediction accuracy can not be achieved (e.g., on
the BC database), then C is not defined. The finely-grained measure obtainable with
batch-incremental and incremental modes facilitates this performance criterion aswell.

The criteria just described are local in the sense that they apply to a single target
concept. For each local criterion there is a corresponding global criterion that considers
all target concepts in adomain. The global prediction accuracy criterion isthe average of
the PA criteria values on every target concept within a domain. Likewise, the global
convergence criterion isthe average of the C criteria values on all the target concepts of
a domain. Since the global criteria are based on far more data than the local criteria, we
base most of our conclusions from the experiments on the former.

3.4. Results

Table 1 shows the results of the PA and global PA (denoted ‘‘Average’ in the
tables) criteria for measuring the performance of al systemson the nDmC and BC target
concepts, while Table 2 shows the results of applying the C and global C (denoted
“*Average’ in the tables) criteria to measure performance on the nDmMC concepts only
(since no system achieves 95% prediction accuracy on the BC database). Although there
are differences between Tables 1 and 2, the genera trend issimilar. From these tables we
can see that AQ14 isthe best performer overal. In particular, AQ14 isthe top or close to
the top performer on the nDMC concepts. This system does not, however, perform as
well as the other systems on the BC target concept (except IACL). These results are due
to the fact that AQ14, when using our chosen parameter settings, is a system that is well
tuned to simpler DNF target concepts.8

IACL does not perform as well as the other systems on the BC target concept. We
consider thisto be aresult of IACL’s sensitivity to our conversion of numeric intervals to
nominals (as discussed earlier). |ACL's MSG operator is well-suited for learning when

8 AQ14 does not use flexible (partial) matching of hypotheses to instances. Flexible matching
tends to improve the performance of the AQ systems (Michalski 1990). The newest version of
AQ (AQTT-15), which uses flexible matching, was unavailable at the time of this study. In the
future, we plan to run AQTT-15 on our suite of target concepts.
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the instancefeaturesare structurednominals(i.e., have generalizationtreesto structure
their values)or numeric,but is not well-suitedfor learningwhenthe featuresare nomr

nals. Accordingto (Gordon,1990),IACL performsvery well onthe numericform of the
BC databasé. Other experimentgnot reportedhere)indicatethat the conversionof the
BC datato a nominalform doesnot adverselyaffect performancdor AQ14andC4.5.

C4.5 pruned(abbreviatedC4.5Pin the tables)performswell on all but the target
conceptghathavemanyshortdisjuncts. On 4D1C,which hasthe mostshortdisjunctsof
any target conceptin the arti®@ial domain, all ID-based systems(C4.5 pruned and
unprunedaswell asID5R), performpoorly 10 Basedon the global performancecriteria,
C4.5unpruned(abbreviatedC4.5Uin the tables)performsthe bestof the ID-basedsys
temsonthearti®cial domain,whereasC4.5prunedperformsthe bestonthe BC domain.

GABIL appeardo beagoodoverall performer. It doesnot do superblyon any par
ticular concept,but it also doesnot have a distinct region of the spaceof conceptson
which it clearly degrades.Furthermore GABIL is quite competitiveon the dif@ult BC
targetconcept. Thestatisticalsigni®canceof theseresultsis presentedn Appendix1.

It is clearfrom theseresultsthatnoneof the systemsunderevaluationis superiorto
all otherson all thetargetconceptsThe dominanceof onetechniqueon a certainclassof
conceptsappeardo be duein large part to the built-in forms of biasit embodiesand
thesecanhavea negativeimpacton otherclasse®f concepts.

4. A More RobustConceptLearner

The GABIL systemevaluatedaboveincorporates "puré GA asits searchmechan
ismin the sensehattherewereno specic changesnadeto theinternalrepresentatiomr
geneticoperatorgelatingto the task of conceptlearning. As in otherapplicationtasks,
this generallyresultsin a goodoverall GA-basedoroblemsolver,butonethatcanbe out
performedby task-spec®c approachegparticularly on simplerproblems(see,for exam
ple, (De Jong& Spears;1989). However,oneof the nice propertiesof a GA-basedsys
temis thatit is not dif@ult to augmentGAs with task-spec®c featuresto improve perfor-
manceonthattask.

After obtainingthe performancecomparisonglescribedn the previoussection,we
felt that extendingGABIL with a small setof featuresappropriateto conceptlearning
would signi®cantly enhanceits overall performanceand robustness.Our approachwas
asfollows. Eachof thetraditional conceptlearnersevaluatedaboveappearedo contain
oneor morebiaseshatwe consideredo belargely responsiblgor that systers success
on a particularclassof targetconcepts.We selecteda subsedf thesebiaseso beimple-
mentedas additional "geneti¢ operatorsto be usedby GABIL's GA searchprocedure
(see Figure 2). The virtue of this approachis the simple and uni®ed way GABIL's

9 When run in batch mode on the numeric BC databasewith 70% of the instancesin the
training setand 30% in the test set, 72% of the predictionsmadeon the test set were correct
predictions(seeGordon,1990).

10 An explanationof the dif@ulty of systemsasedon ID3 on targetconceptof this typeis in
(DeJong& Spears1991).
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underlying searchprocesscan be extendedto include varioustraditional forms of con
ceptlearningbias.

Since AQ14 seemedo be the bestoverall performer,we selectedit as our initial
sourceof additionaloperatorsfor GABIL. As we havedescribedabove,the AQ14 sys
temusedin our experimentshaspreferencedor simplerand more generalrules. After
studying the resultsof our initial evaluation,we hypothesizedhat this is one of the
biasedargelyresponsibldor AQ14's superiorperformanceon the nDmC concepts.This
analysisled to the addition of two new GABIL operatorswhich add biasesfor simpler
andmoregeneraldescriptions.

4.1. The adding alter native operator

One of the mechanismsAQ usesto increasethe generality of its inductive
hypothesess the "addingalternativé generalizatioroperatorof (Michalski, 1983). This
operatorgeneralizesby addinga disjunct(i.e., alternative)to the currentclass@®cation
rule. The mostusefulform of this operator,accordingto (Michalski, 1983),is the addk
tion of aninternaldisjunct. For example|jf thedisjunctis

(F1=small)and(F2 = sphere)
thenthe addingalternativeoperatormight createthe newdisjunct
(F1=small)and(F2 = sphereor cube).

Thisoperatorwhichwe call AA (theaddingalternativeoperato, is easilyimplemented
in GABIL by including an additionalmutationthat, unlike the normalmutationoperator,
hasanasymmetrionutationrate. In particular,in the studiesreportedhere, this operator
incorporatesa 75% probability of mutatinga bit to a 1, buta 25% probability of mutating
it to a 0. Therefore the AA operatorin GABIL hasa strongpreferencefor addinginter-
nal disjuncts.To illustrate,the addingalternativeoperatormight changethe disjunct

F1 F2
100 100

to

F1 F2
100 110
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NotethatfeatureF2 hasbeengeneralizedn thisdisjunct.

As with the other geneticoperatorsthe addingalternativeoperatoris applied pro-
babilistically to a subsebf the populationeachgeneration.In the studiesreportedhereit
wasappliedat arateof 0.01(1%).11 For clarity in reportingthe experimentaresults we
call theversionof GABIL with theaddingalternativeoperator GABIL+A"".

4.2. The dropping condition operator

A second, and complementary,generalization mechanismleading to simpler
hypothesesvolvesremovingwhat appearo be nearlyirrelevantconditionsfrom a dis-
junct. This operator,which we call DC (the dropping condition operatol), is basedon
the generalizationoperatorof the samenamedescribedn (Michalski, 1983).For exam
ple,if thedisjunctis

(F1=smallor medium)and(F2 = sphere)
thenthe DC operatomight createthe newdisjunct

(F2=sphere).

The DC operatoris easily addedto GABIL in the following manner. When this
operatoris appliedto a particular memberof the population(i.e., a particularrule set),
eachdisjunctis deterministicallycheckedfor possibleconditiondropping. The decision
to drop a conditionis basedon a criterion from (Gordon,1990)andinvolvesexamining
thebits of eachfeaturein eachdisjunct. If morethanhalf of the bits of a featurein a dis-
junctare 1s,thentheremaining0 bits arechangedo 1s. By changingthe featureto have
all 1 valuesthis operatorforcesthefeatureto becomerrelevantwithin thatdisjunctand
therebysimulateghe effect of a shortenedlisjunct. To illustrate, supposehis operatoris
appliedto thefollowing disjunct:

F1 F2
110 100

Thenthedroppingconditionoperatorwill resultin a newdisjunctasfollows:

F1 F2
111 100

NotethatfeatureF1is nowirrelevantwithin thisdisjunct.

11 Notethatthis is in additionto the standardmutationoperator which continuesto ®e with a
probability of .001.
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As with the othergeneticoperatorsthis new operatoris appliedprobabilisticallyto
a subsetof the populationeachgeneration. In the experimentseportedhere,a rate of
0.60 (60%) was used. We make no claim that the ratesusedfor either of thesenew
operatorsarein any senseoptimal. In thesestudieswe selectedaratewhich seemedea
sonableon the basisof a few informal experiments.Our preferencgseesectionb) is that
suchthingsbe self-adaptive.

We call GABIL with the DC operator "GABIL+D''. When both task-speckc
operatorsareaddedto GABIL, theresultingsystemis called "GABIL+AD' ' (seeFigure
3). Note that there is an interesting complementaryrelationship betweenthese two
operatorsn thataddingalternativescansetthe stagefor droppinga conditionaltogether.

Theseaugmentedorms of GABIL do not changein any way the overall structure
of the GA-basedsystemdescribedearlier (compareFiguresl & 3). Theonly difference
is thatthe setof "geneti¢ operatorshasbeenexpanded.Theresultis that, after the tradi-
tional crossoveland mutationoperatorshavebeenusedin the normalmannerto produce
new offspring (rule sets)from parents,the two new operatorsare (probabilistically)
appliedto eachoffspring,producingadditionaltask-speckc changes.

4.3. Results

To study the effects of adding these bias operatorsto GABIL, GABIL+A,
GABIL+D, and GABIL+AD havebeenrun on the sameconceptdomainsusedearlier.
Table 3 showsthe resultsof systemperformancemeasuredisingthe PA and global PA
criteria. Table4 showsthe resultsof systemperformancaneasuredisingthe C andglo-
bal C criteria. GABIL is abbreviated G"' in thetables.

Accordingto the global criteria in Tables3 and4, GABIL+A doesnot performas
well asGABIL+D or GABIL+AD. Onthe BC targetconcept,the combinationof both
operatord GABIL+AD) is the best.It is interestingto note,however,that on the nDmC
domain,GABIL+AD doesnot performaswell asGABIL+D.

Theseresults indicate that one can improve GABIL's performanceon certain
classef conceptdy the addition of an appropriatesetof biasoperators.On the other
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hand, it is not possible in general to know beforehand which set of biases is best. These
results also point out the danger of indiscriminately including multiple biases as a stra-
tegy for overcoming this lack of a priori knowledge since multiple simultaneous biases
can in fact interfere with one another, leading to a degradation in performance. These
results, which confirm similar bias problems exhibited in other contexts, motivated us to
focus on a more sophisticated way of improving GABIL's overall robustness, namely, by
having it dynamically adjust its own task-specific biases.

5. An Adaptive GA Concept L earner

Although genetic algorithms themselves represent a robust adaptive search mechan-
ism, most GA implementations involve static settings for such things as the population
size, the kind of representation and operators used, and the operator probabilities. There
have been a number of attempts to make these aspects of GAs more adaptive. We pro-
vide a brief overview of thiswork in the next section.

5.1. Adaptive GAs

There have been two approaches to building more adaptive GAs, which we refer to
as the within-problem approach and the across-problem approach. The within-problem
approach adapts a GA dynamically, as it solves one problem. In contrast, the across-
problem approach adapts GAs over the course of many problems. One good example of
the across-problem approach is provided by (Grefenstette, 1986). In this paper, a
separate meta-GA is used to adapt a GA asit solves a suite of problems. The advantage
of such an approach isthat the resulting system performs robustly on a suite of problems.
Unfortunately, the approach is also time consuming, since each problem must be solved a
large number of times. Furthermore, the adaptation is coarse, in the sense that the system
is not necessarily optimal on any given problem. Within-problem adaptation provides a
finer-grained approach, since the GA is adapted while one problem is solved. Further-
more, since the problem is solved only once, the approach can require much less time.
We concentrate on the within-problem approach, since we wish to adapt the GA as it
solves each concept learning problem.

Within-problem approaches can be further divided into two categories, coupled and
uncoupled, based on the observation that an adaptive GA is in effect searching two
spaces. the original problem space, and the space of adaptations to the underlying GA
itself. The relationship of these two search processes is an important design considera-
tion for adaptive GAs.

In a coupled approach, both searches are handled simultanously by a single GA
search procedure. This is accomplished by using the underlying population to store
information relevant to the adaptive mechanism as well as the standard information
regarding the original problem space being searched. This approach is elegant and
straightforward, since no new adaptive mechanism is required (see (Schaffer, 1987) for
examples of this approach). Unfortunately, this coupling also means that the additional
search can be hindered by the same issues that hinder the search of the problem space.
For example, one possible concern is that this mechanism may only work well with large
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populationsizes. As with any other statistical samplingalgorithm, small populations
(samples)may be misleadingand lead to wrong conclusions. This issuewill be raised
againlaterin this paper.

An uncoupledapproachdoesnot rely uponthe GA for the adaptivemechanism.
Rather,the behaviorof the underlying GA is adjustedby a separatecontrol mechanism
(see (Davis, 1989) and (Janikow, 1991) for examples). While this may alleviate the
problemsassociatedvith coupling, suchmechanismsppearto be dif@ult to construct,
and involve complicatedbookkeeping. Although we may explore this route in future
work, we concentrateon the conceptuallysimpler coupledapproachin this paper.We
nextconsiderhow to implementa coupledwithin-problemapproachwithin GABIL.

5.2. Adaptive GABIL

Recallthatthetask-speckc operatorsaddedto GABIL (DC andAA) wereaddedin

a staticway. Thatis, theywere either presentor not presentor anentireexperiment. If

they were presentthey were appliedvia ®ed probabilitiesto all newindividuals. The
simplestcoupledway to make the selectionand application of these operatorsmore
adaptiveis to have eachindividual specify which operatorscan be appliedto it. The
intuition hereis that thoseindividualswhich enablethe "correct” operatorswill be more
@t from a survival point of view. The resultshouldbe a systemcapableof performing
the searchfor the bestsetof operatorgbiases)andthe searchfor the besthypothese

parallel(see(Baecket. al., 1991)for relatedwork).

Suchan approachis easily implementedby addingto eachindividual additional
control bits (one for each adaptive operator). Each bit determineswhether the
correspondingperatorcan be usedon thatindividual. If the control bit is O, the assodi
atedoperatoris not permissibleandcannotbe ®@ed (thusignoringthe operatorprobabit
ity). If the controlbit is 1, the associateaperatoris permissible and ®esaccordingto
the relevantoperatorprobability. Thesecontrol bits actasaddedBooleanpreconditions
for the operators.The valuesof the control bits are evolvedin the normalway through
selectioncrossoverandmutationl2

As aninitial testof thisapproachGABIL wasmodi®edto includetwo extracontrol
bits, onefor eachof the task-speckc operatorsntroducedearlier. For example consider
thefollowing rule set:

F1 F2 Class F1 F2 Class D A
010001 O 110 011 O 10

Thetwo addedcontrol bits areindicatedwith the letters"D" and"A" (for droppingcondk
tion andaddingalternative respectively). For this rule setthe droppingconditionopera
tor is permissiblewhile the addingalternativeoperatoris not. So, for example,the DC
operatorwould changetherule setto:

12 Thedroppingconditionandaddingalternativeoperatorsio not alter thesecontrol bits.
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F1 F2 Class F1 F2 Class D A
010001 O 111 111 O 10

We call this modi®Red system "adaptive GABIL'', and have begunto explore its
potential for effective dynamic bias adjustment. To get an immediateand direct com
parisonwith the earlier results,adaptive GABIL wasrun on the nDmC and BC target
concepts.Theresultsarepresentedn Tables5 and6.

Theresultsof the global criteria, shownat the bottomof Tables5 and6, highlight a
coupleof importantpoints.First,on the nDMC domain,the adaptiveGABIL outperforms
the original GABIL, GABIL+A, and GABIL+AD. Furthermore,the adaptive GABIL
performsalmostaswell as GABIL+D from a predictionaccuracycriterion, and better
from a convergencecriterion. Adaptive GABIL outperformsGABIL+AD, particularly
from the standpointof the global C criterion. This showsthe dangerof indiscriminately
including multiple ®ed biases,which can interfere with each other, producing lower
performance.Theseresultsdemonstratehe virtues of adaptiveGABIL in selectingthe
appropriatebiases.

On the BC target concept, adaptive GABIL performs better than GABIL and
GABIL+A, butis worsethan GABIL+D and GABIL+AD. This suggestghat adaptive
GABIL's advantagds diminishedwhen smallerpopulationsizes(e.g., populationsizes
of 100) areinvolved. To addresshis issue future versionsof GABIL will haveto adapt
the populationsize,aswell asoperatorselection.

In comparisornto the other systemsthe new adaptive GABIL is much betterthan
C4.50onthenDmC domain,andcloseonthe BC targetconceptAlso, adaptiveGABIL is
competitivewith AQ14 on the nDmC domain,andis muchbetteron the BC targetcon
cept. We havetestedthe statisticalsigni®@canceof theseresults(seeAppendix 1), and
found that when adaptive GABIL outperformsother systemsthe resultsare generally
signiRcant (at a 90% level). Furthermore,when other systemsoutperform adaptive
GABIL, theresultsare generallynot signi®ant(i.e., signiRcanceis 80% or lower). The
only two notableexceptionsare on the BC database Both C4.5andGABIL+AD outper
form adaptiveGABIL at a 95% level of signi@ance. We believethat the latter excep
tion is due to the small populationsize (100). The former exceptionwill be addressed
whenwe incorporateC4.5's information theoreticbiasesinto GABIL. This bias canbe
quite easilyimplementedasa "geneti¢ operatorby makingfeatureswith higherentropy
valuesmorelikely to havels(sincehigherentropyvaluesimply lessrelevance).
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An interesting question at this point is whether the improved performance of adap-
tive GABIL is the result of any significant bias adjustment during a run. Thisis easily
monitored and displayed. Figures 4 and 5 illustrate the frequency with which the drop-
ping condition (DC) and adding alternative (AA) operators are used by adaptive GABIL
for two target concepts: 3D3C and 4D1C. Since the control bits for each operator are
randomly initialized, roughly half of the initial population contain positive control bits
resulting in both operators starting out at a rate of approximately 0.5. As the search
progresses towards a consistent and complete hypothesis, however, these frequencies are
adaptively modified. For both target concepts, the DC operator is found to be the most
useful, and consequently is fired with a higher frequency. Thisis consistent with Table 5,
which indicates that GABIL+D outperforms GABIL+A. Furthermore, note the
difference in predictive accuracy between GABIL and GABIL+D on the two target con-
cepts. The difference is greater for the 4D1C target concept, indicating the greater
importance of the DC operator. This is reflected in Figures 4 and 5, in which the DC
operator evolves to a higher firing frequency on the 4D1C concept, in comparison with
the 3D3C concept. Similar comparisons can be made with the AA operator.

Considering that GABIL is now clearly performing the additional task of selecting
appropriate biases, these results are very encouraging. We are in the process of extending
and refining GABIL as aresult of the experiments described here. We are also extending
our experimental analysis to include other systems which attempt to dynamically adjust
their bias.

6. Related Work on Bias Adjustment

Adaptive bias, in our context, is similar to dynamic preference (bias) adjustment for
concept learning (see (Gordon, 1990) for related literature). The vast majority of concept
learning systemsthat adjust their bias focus on changing their representational bias. The
few notable exceptions that adjust the algorithmic bias include the Competitive Relation
Learner and Induce and Select Optimizer combination (CRL/ISO) (Tcheng et. a., 1989),
Climbing in the Bias Space (ClimBS) (Provost, 1991), PEAK (Holder, 1990), the Vari-
able Bias Management System (VBMS) (Rendell et. a., 1987), and the Genetic-based
Inductive Learner (GIL) (Janikow, 1991).

We can classify these systems according to the type of bias that they select. Adap-
tive GABIL shifts its bias by dynamically selecting generalization operators. The set of
biases considered by CRL/ISO includes the strategy for predicting the class of new
instances and the method and criteria for hypothesis selection. The set of biases con-
sidered by ClimBS includes the beam width of the heuristic search, the percentage of the
positive examples a satisfactory rule must cover, the maximum percentage of the nega-
tive examples a satisfactory rule may cover, and the rule complexity. PEAK'’s
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changeablalgorithmicbiasesarelearningalgorithms. Theyarerote learning,empirical
learning(with a decisiontree),andexplanation-basedeneralizatiofEBG). GIL is most
similar to GABIL, sinceit also selectsbetweengeneralizationoperators.However, it

doesnotusea GA for thatselectionandonly usesa GA for the conceptlearningtask.

We can also classify these systemsaccordingto whether or not their searches
throughthe spaceof hypothesesndthe spaceof biasesare coupled. GABIL is unique
along this dimensionbecauseit is the only systemthat couplesthese searches.The
advantagesnd disadvantagesf a coupledapproachwere presentedn Section5. We
summarizeéhesecomparisongn Table7.

The VBMS systemis differentfrom the othersmentionedabove. The primary task
of this systemis to identify the conceptlearner(which implementsa particular set of
algorithmic biases)that is bestsuitedfor eachproblemalong a setof problemcharae
teristic dimensions.Problemcharacteristiadimensionghat this systemconsidersare the
numberof training instancesand the numberof featuresper instance. Three concept
learnersare testedfor their suitability along theseproblem characteristicdimensions.
VBMS would be anideal companionto any of the above-mentionedystems.This sys
temcould mapout the suitability of biasego problemsandthenthis knowledgecouldbe
passedn to the othersystemgo usein aninitialization procedurefor constrainingtheir
biasspacesearch.

7. Discussionand Future Work

We have presenteda methodfor using genetic algorithmsas a key elementin
designingrobustconceptlearningsystemsandusedthis approacho implementa system
that comparedavorably with otherconceptlearningsystemson a variety of targetcon
cepts. We have shownthat, in additionto providing a minimally biasedyet powerful
searchstrategy,the GABIL architectureallows for addingtask-spec® biasesin a very
natural way in the form of additional "geneti¢ operators,resulting in performance
improvementson certain classesof concepts. However,the experimentsin this paper
highlight that no one ®xed setof biaseds appropriatefor all targetconceptsin response
to theseobservationsywe haveshownthat this approachcan be further extendedo pro-
ducea conceptlearnerthatis capableof dynamicallyadjustingits own biasin response
to the characteristic®of the particularproblemat hand. Our resultsindicatethatthisis a
promisingapproachfor building conceptlearnerswhich do not requirea "humanin the
loop' to adaptandadjustthe systento the requirement®f a particularclassof concepts.

The currentversionof GABIL adaptivelyselectsbetweentwo forms of biastaken
from a singlesystem(AQ14). In the future, we planto extendthis setof biasego include
additional biasesfrom AQ14 and other systemsFor example,we would like to imple-
mentin GABIL aninformationtheoreticbias,which we believeis primarily responsible
for C4.5'ssuccesses.
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The resultspresentedhere have all involved single-classlearning problems. An
importantnext stepis to extendthis methodto multi-classproblems. We havealsobeen
focusingon adjustingthe lower level biasesof learningsystems.We believe that these
sametechniquescan alsobe appliedto the selectionof higherlevel mechanismsuchas
induction and analogy.Our @nal goal is to producea robustlearnerthat dynamically
adaptsto changingconceptsand noisy learningconditions,both of which arefrequently
encounteredhn realisticenvironments.

Acknowledgements

We would like to thankthe MachineLearningGroupat NRL for their usefulcom
mentsaboutGABIL, J.R. Quinlanfor C4.5,andZianpingZhangandRyszardMichalski
for AQ14.

References

Baeck, T., Hoffmeister,F., & Schwefel,H. (1991). A survey of evolution strategies.
Proceedingsof the Fourth International Conferenceon GeneticAlgorithms(pp. 2 -
9). LaJolla,CA: MorganKaufmann. 1991.

Booker, L. (1989). Triggeredrule discoveryin class®er systems.Proceedingsof the
Third International Conferenceon GeneticAlgorithms(pp. 265- 274). Fairfax, VA:
MorganKaufmann.

Braudaway,W. & Tong, C. (1989). Automated synthesisof constrainedgenerators.
Proceedingof the EleventhinternationalJoint Conferenceon Artieial Intelligence
(pp.583- 589). Detroit, MI: MorganKaufmann.

Davis, L. (1989). Adapting operatorprobabilitiesin geneticalgorithms.Proceedingsof
the Third International Conferenceon Genetic Algorithms(pp. 61 - 69). Fairfax,
VA: MorganKaufmann.

De Jong,K. (1987).Using geneticalgorithmsto searchprogramspacesProceedingsof
the Secondnternational Conferenceon GeneticAlgorithms(pp. 210- 216). Cam
bridge,MA: LawrenceErlbaum.

De Jong,K. & SpearsW. (1989). Using geneticalgorithmsto solve NP-completeprob-
lems.Proceedingsof the Third International Conferenceon GeneticAlgorithms(pp.
124- 132). Fairfax, VA: MorganKaufmann.

De Jong,K. & SpearsW. (1991). Learning conceptclass®cation rules using genetic
algorithms.Proceedingsof the Twelfth International Joint Conferenceon Arti®eial
Intelligence (pp.651- 656). Sydney Australia:MorganKaufmann.

Goldberg,D. (1989). Geneticalgorithmsin search,optimization,and machinelearning.



- 25 -

New York: Addison-W\esley.

Gordon,D. (1990). Active bias adjustment for incremental, supervised concept learning.
Doctoral dissertationComputerScienceDepartmentUniversity of Maryland, Col-
legePark, MD.

Greene,D. & Smith, S. (1987). A genetic systemfor learning modelsof consumer
choice.Proceedings of the Second International Conference on Genetic Algorithms
(pp.217- 223). CambridgeMA: LawrenceErlbaum.

Grefenstette,JohnJ. (1986). Optimizationof control parameterdgor geneticalgorithms.
| EEE Transactions on Systems, Man, and Cybernetics, Vol. SMC-16,No. 1.

Grefenstette,JJohnJ. (1989). A systemfor learningcontrol strategieswith geneticalgo-
rithms. Proceedings of the Third International Conference on Genetic Algorithms
(pp.183- 190). Fairfax, Virginia: MorganKaufmann.

Holder, L. (1990). The generalutility problemin machinelearning.Proceedings of the
Seventh International Conference on Machine Learning (pp. 402 - 410). Austin,
Texas:MorganKaufmann.

Holland, J. (1975). Adaptation in natural and artificial systems. Ann Arbor, MI: The
University of Michigan Press.

Holland, J. (1986). Escapingbrittieness: The possibilitiesof general-purposdearning
algorithmsappliedto parallel rule-basedsystems.In R. Michalski, J. Carbonell,T.
Mitchell (Eds.), Machine Learning: An Artificial Intelligence Approach. Los Altos:
MorganKaufmann.

Iba, G. (1979).Learning digunctive concepts from examples. MassachusettBstitute of
TechnologyA.l. Memo548,Cambridge MA.

Janikow,C. (1991).Inductive learning of decision rules from attribute-based examples:
A knowledge-intensive genetic algorithm approach. TR91-030, The University of
North Carolinaat ChapelHill, Dept.of ComputerScience ChapelHill, NC.

Koza,J.R. (1991). Conceptformationanddecisiontreeinductionusingthe geneticpro-
grammingparadigm. In H. P. Schwefeland R. Maenner(Eds.),Parallel Problem
Solving from Nature. Berlin: Springer-\érlag.

Michalski, R. (1983). A theoryandmethodologyof inductivelearning. In R. Michalski,
J. Carbonell, T. Mitchell (Eds.), Machine Learning: An Artificial Intelligence
Approach. Palo Alto: Tioga.

Michalski, R. (1986). Learning exible concepts:Fundamentalideas and a method
basedon two-tiered representationin Y. Kodratdf, R. Michalski (Eds.), Machine
Learning: An Artificial Intelligence Approach. SanMateo:MorganKaufmann.



- 26 -

Michalski, R., Mozetic, I., Hong, J., & Lavrac,N. (1986). The AQ15 inductive learning
system: An overview and experiments. University of lllinois Technical Report
NumberUIUCDCS-R-86-1260Urbana-ChampaignlL.

Mozetic, 1. (1985). NEWGEM: Programfor learningfrom examplesprogramdocumen
tation andusets guide. University of lllinois ReportNumberUIUCDCS-F-85-949,
Urbana-ChampaigrilL.

Provost, F. (1991). Navigation of an extendedbias spacefor inductive learning, Ph.D.
thesisproposalUniversity of Pittsburgh Pittsburgh PA.

Quinlan,J.(1986). Inductionof decisiontrees.MachineLearning,1(1),81-106.
Quinlan,J.(1989). Documentatiorandusets guidefor C4.5.(unpublished).

Rendell,L. (1985). Geneticplansand the probabilistic learning system:Synthesisand
results. Proceedingsof the First International Conferenceon Genetic Algorithms
(pp.60- 73). PittsburghPA: LawrenceErlbaum.

Rendell, L., Seshu,R., & Tcheng, D. (1987). More robust concept learning using
dynamically-variablebias. Proceedingsof the Fourth International Workshopon
MachineLearning(pp.66- 78). Irvine, CA: MorganKaufmann.

Schdfer, J. David & Morishima,A. (1987).An adaptivecrossovemdistributionmechan
ismfor geneticalgorithms. Proceedingsof the Secondnternational Conferenceon
GeneticAlgorithms(pp. 36 - 40). Cambridge MA: LawrenceErlbaum.

Smith,S. (1983).Flexible learningof problemsolvingheuristicsthroughadaptivesearch.
Proceedingsof the Eighth International Joint Conferenceon Arti®eial Intelligence
(pp.422- 425).Karlsruche GermanyWilliam Kaufmann.

Tcheng,D., Lambert,B., Lu, S.,& Rendell,R. (1989). Building robustlearningsystems
by combininginductionandoptimization. Proceedingof the Eleventhinternational
Joint Conferenceon Arti®eial Intelligence (pp. 806 - 812). Detroit, Ml: Morgan
Kaufmann.

Wilson, S. (1987). Quasi-Darwinianlearningin a class®er system. Proceedingsof the
Fourth International Workshop on Machine Learning (pp. 59 - 65). Irvine, CA:
MorganKaufmann.

Utgoff, P. (1988). ID5R: An incrementallD3. Proceedingsof the Fifth International
Conferenceon Machine Learning (pp. 107 - 120). Ann Arbor, Michigan: Morgan
Kaufmann.



- 27 -

Appendix 1: Statistical Signi®ance

The following three tablesgive statistical signiRcanceresults. Table 8 compares
adaptive GABIL with all other systemson the nDmC domain (using predictive accu
racy). Table9 makeshe samecomparisorwith the convergenceriterion. Table 10 com
paresadaptiveGABIL with all othersystemson the BC targetconcept. The columnSg
denoteghe level of signi®Rcanceof eachcomparisonThe Wins columnis "Yes' if adap
tive GABIL outperformedheothersystemptherwiseit is "No".

In comparisorwith all othersystemsadaptiveGABIL has19wins, 7 lossesand1
tie. At the 90% level of signiRcance,11 wins and2 lossesare signi®ant.In comparison
with the non-GA systemsadaptiveGABIL has10wins, 4 lossesandl tie. Again, atthe
90%level of signi®cance 6 winsandl lossaresigni®cant.
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Appendix 2: Arti ®cial Domain Target Concepts

Thisappendixfully describeghe targetconceptsf the arti®cial domain.Thereare
four features,denotedasF1, F2, F3, and F4. Eachfeaturehasfour values{vl, v2, v3,
v4}.

All thetargetconceptshavethefollowing form:

ADmC==dlvd2vd3vd4
3DMC==dlvd2vd3
2DmC ==d1lvd2

1DMC ==d1

For thenD3C targetconceptsve have:

dl==(F1=vl) & (F2=vl) & (F3=Vvl)
d2==(F1=v2) & (F2=v2) & (F3=Vv2)
d3==(F1=v3) & (F2=Vv3) & (F3=V3)
d4==(F1=v4) & (F2=v4) & (F3=V4)

For thenD2C targetconcepts:

dl==(F1=v1) & (F2=v1)
d2==(F1=v2) & (F2=Vv2)
d3==(F1=v3) & (F2=v3)
d4==(F1=v4) & (F2=v4)

Finally, we deBnethenD1C targetconcepts:

dl==(F1=vl)
d2== (F1=v2)
d3==(F1=v3)

d4== (F1=v4)
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procedureGA;
begin
t=0;
initialize populationP(t);
®tnessP(t);
until (done)
t=t+1;
selectP(t) from P(t-1);
crossovelP(t);
mutateP(t);
®tnessP(t);
end.

Figurel. The GA in GABIL.
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procedureGA;

begin

t=0;

initialize populationP(t);

®tnessP(t);

until (done)
t=t+1;
selectP(t) from P(t-1);
crossovelP(t);
mutateP(t);
new_oplP(t); /* additionaloperators/
new_op2P(t);

étnessP(t);
end.

Figure2. ExtendingGABIL's GA Operators.
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procedure GA;
begin
t=0;
initialize population P(t);
fitness P(t);
until (done)
t=t+1;
select P(t) from P(t-1);
crossover P(t);
mutate P(t);
add_dtern P(t); /* +A */
drop_cond P(t); /* +D */
fitness P(t);
end.

Figure 3. Extended GABIL.



-32-

1- 1-
DC
DC
Rate 0.5- - BC Rate 0.5§J
AA
AATT |
0 \ \ 0 \ \ \
0 200 400 0 10 20 30
Generations Generations

Figure4: 3D3C. Figure5:4D1C.
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Tablel. Predictionaccuracy.

Prediction Accuracy

TC AQl4 C45P C4.5U IDSR IACL  GABIL
1D1C 99.8 98.5 99.8 99.8 98.1 95.2
1D2C 98.4 96.1 99.1 99.0 96.7 95.8
1D3C 97.4 98.5 99.0 990.1 90.4 95.7
2D1C 98.6 93.4 98.2 97.9 95.6 92.0
2D2C 96.8 94.3 98.4 98.2 94.5 92.7
2D3C 96.7 96.9 97.6 97.9 95.3 94.6
3D1C 98.0 78.8 92.4 91.2 93.2 90.4
3D2C 95.5 92.2 97.4 96.7 92.1 90.3
3D3C 95.3 95.4 96.6 95.6 94.9 92.8
4D1C 95.8 66.4 77.0 70.2 92.3 89.6
4D2C 93.8 90.5 95.2 81.3 89.5 87.4
4D3C 93.5 93.8 95.1 90.3 94.2 88.9

Average | 96.6 91.2 95.5 93.1 93.9 92.1

BC 60.5 72.4 65.9 63.4 60.1 68.7
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Table2. Convergencéo 95%.

Convergence

TC AQl4 C4.5P C4.5U ID5R IACL GABIL
1D1C 13 37 14 12 33 87
1D2C 28 155 24 26 91 100
1D3C 57 0 0 0 96 96
2D1C 28 100 37 44 61 109
2D2C 43 126 32 40 139 148
2D3C 86 181 86 75 134 249
3D1C 34 253 149 137 203 103
3D2C 78 122 45 52 141 125
3D3C 195 253 135 123 125 225
4D1C 82 253 253 255 222 131
4D2C 78 113 55 255 188 142
4D3C 154 253 134 224 138 229
Average 73 154 80 104 131 145




Table3. Predictionaccuracy.
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Prediction Accuracy

TC GABIL G+A G+D G+AD
1D1C 95.2 96.1 97.7 97.7
1D2C 95.8 96.2 974 973
1D3C 95.7 95.7 96.7 96.7
2D1C 92.0 93.1 974 97.0
2D2C 92.7 95.0 96.3 96.9
2D3C 94.6 945 95.8 95.0
3D1C 90.4 919 96.0 96.6
3D2C 90.3 916 945 946
3D3C 92.8 92.7 94.2 92.9
4D1C 89.6 90.9 951 95.2
4D2C 87.4 89.7 93.0 927
4D3C 88.9 89.2 923 90.0

Average 92.1 93.1 955 95.2

BC 68.7 69.1 715 72.0




Table 4. Convergence to 95%.
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Convergence

TC GABIL G+A G+D G+AD
1D1C 87 58 28 32
1D2C 100 85 59 68
1D3C 96 97 9 97
2D1C 109 90 42 42
2D2C 148 93 82 55
2D3C 249 250 136 250
3D1C 103 104 54 39
3D2C 125 127 76 62
3D3C 225 240 161 240
4D1C 131 120 67 62
4D2C 142 133 75 75
4D3C 229 253 166 248
Average 145 138 87 106
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Table5. Predictionaccuracy.

PredictionAccuracy

TC GABIL G+A G+D G+AD Adaptive

1D1C 95.2 96.1 97.7 97.7 97.6

1D2C 95.8 96.2 974 97.3 97.4

1D3C 95.7 95.7 96.7 96.7 96.5

2D1C 92.0 93.1 974 97.0 96.1

2D2C 92.7 95.0 96.3 96.9 96.2

2D3C 94.6 945 95.8 95.0 95.4

3D1C 90.4 919 96.0 96.6 95.9

3D2C 90.3 916 945 94.6 94.0

3D3C 92.8 92.7 94.2 92.9 94.7

4D1C 89.6 909 951 95.2 95.8

4D2C 87.4 89.7 93.0 92.7 92.8

4D3C 88.9 89.2 923 90.0 92.1

Average 92.1 93.1 955 95.2 95.4

BC 68.7 69.1 715 72.0 70.3
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Table6. Convergencéo 95%.
Convergence

TC GABIL G+A G+D G+AD Adaptive
1D1C 87 58 28 32 34
1D2C 100 85 59 68 58
1D3C 96 97 94 97 97
2D1C 109 90 42 42 50
2D2C 148 93 82 55 80
2D3C 249 250 136 250 120
3D1C 103 104 54 39 53
3D2C 125 127 76 62 70
3D3C 225 240 161 240 128
4D1C 131 120 67 62 55
4D2C 142 133 75 75 80
4D3C 229 253 166 248 130
Average 145 138 87 106 80
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Table7. Comparisorof systencharacteristics.

System Bias Space Searches | GA
CRL/ISO hypothesiselectioncriteria | uncoupled| no
predictionstrategy
ClimBS beamwidth uncoupled| no
hypothesisoverage

PEAK learningstrategy uncoupled| no
VBMS conceptlearners uncoupled| no

GIL generalizatioroperators uncoupled | yes
Adaptive GABIL generalizatioroperators coupled | yes
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Table8. Predictive Accuracyon nDmC.

System Sig | Wins
AQ14 80% | No
C4.5P 80% | Yes
C4.5U | <80%| No
ID5R <80% | Yes

IACL 80% | Yes
GABIL 95% | Yes
G+A 95% | Yes

G+D <80%/| No
G+AD | <80%/| Yes
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Table 9. Convergence on nDmMC.

System Sig | Wins
AQl4 | <80% No
C4.5P 95% | Yes
C45U | <80% | Tie
ID5R <80% | Yes

IACL 95% | Yes
GABIL 95% | Yes
G+A 95% | Yes

G+D <80% | Yes
G+AD | <80% | Yes
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Table10. Predictive Accuracyon BC.

System | Sig | Wins
AQ14 | 95% | Yes
C45P | 95% | No
C45U | 95%| Yes
ID5R 95% /| Yes
IACL 95% | Yes
GABIL | 90%| Yes
G+A 80% | Yes
G+D 80% /| No
G+AD | 95% | No




