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Abstract

In this paper,we explorethe useof geneticalgorithms(GAs) asa key elementin
the designand implementationof robust conceptlearning systems.We describeand
evaluatea GA-basedsystemcalled GABIL that continually learnsand re®nesconcept
classi®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
differentconceptlearningsystems,resultingin systemsthatperformwell on certaincon-
ceptclasses(generally,thosewell matchedto thebiases)andpoorly on others. By incor-
poratinga GA asthe underlyingadaptivesearchmechanism,we areableto constructa
conceptlearning systemthat hasa simple,uni®ed architecturewith severalimportant
features. First, the systemis surprisingly robustevenwith minimal bias. Second,the
systemcanbeeasilyextendedto incorporatetraditionalformsof biasfoundin othercon-
cept learning systems. Finally, the architecture of the system encouragesexplicit
representationof such biasesand, as a result, provides for an important additional
feature: the ability to dynamicallyadjustsystembias. The viability of this approachis
illustratedby comparingthe performanceof GABIL with that of four othermore tradi-
tional conceptlearners(AQ14, C4.5, ID5R, and IACL) on a variety of targetconcepts.
We concludewith someobservationsaboutthe meritsof this approachandaboutpossi-
ble extensions.

Key words: conceptlearning,geneticalgorithms,biasadjustment



- 2 -

1. Introduction

An importantrequirementfor both naturalandarti®cial organismsis the ability to
acquire conceptclassi®cation rules from interactionswith their environment.In this
paper,we explorethe useof an adaptivesearchtechnique, namely,geneticalgorithms
(GAs), as the central mechanismfor designingsuchsystems.The motivation for this
approachcomesfrom anaccumulatingbodyof evidencethatsuggeststhat,althoughcon-
cept learnersrequire fairly strongbiasesto induceclassi®cation rules ef®ciently, no a
priori setof biasesis appropriatefor all conceptlearningtasks. We havebeenexploring
the designandimplementationof morerobustconceptlearningsystemswhich arecapa-
ble of adaptivelyshifting their biaseswhenappropriate.Whatwe ®nd particularly intri-
guingis thenaturalway GA-basedconceptlearnerscanprovidethiscapability.

As proof of concept we have implementeda systemcalled GABIL with these
featuresandhavecomparedits performancewith four moretraditionalconceptlearning
systems(AQ14,C4.5,ID5R, andIACL) on a setof targetconceptsof varying complex-
ity.

We presenttheseresultsin the following manner.We beginby showinghow con-
ceptlearningtaskscanberepresentedandsolvedby traditionalGAswith minimal impli-
cit bias. We illustratethisby explainingtheGABIL systemarchitecturein 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 thepresentedconcepts.However,a posteriorionecan
identify the biasesthat were largely responsiblefor eachsystem's superiorityon certain
classesof targetconcepts.

We thenshowhow GABIL can be easily extendedto include thesebiases,which
improvessystemperformanceon variousclassesof concepts.However,the introduction
of additionalbiasesraisesthe problemof how and when to apply themto achievethe
biasadjustmentnecessaryfor morerobustperformance.

Finally, we showhow a GA-basedsystemcanbeextendedto dynamicallyadjustits
own biasin a very naturalway. We supporttheseclaimswith empiricalstudiesshowing
theimprovementin robustnessof GABIL with adaptivebias,andwe concludewith a dis-
cussionof themeritsof thisapproachanddirectionsfor furtherresearch.

2. GAs and ConceptLearning

Supervised concept learning involves inducing descriptions (i.e., inductive
hypotheses)for the conceptsto be learnedfrom a setof positiveandnegativeexamples
of the target concepts. Examples (instances)are representedas points in an n-
dimensionalfeaturespacewhich is de®neda priori andfor which all the legal valuesof
the featuresare known. Conceptsare thereforerepresentedas subsetsof points in the
given n-dimensional space. A concept learning program is presentedwith both a
descriptionof thefeaturespaceanda setof correctlyclassi®edexamplesof theconcepts,
andis expectedto 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 GAs to 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 GAs involves
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 complexity.

There are two general 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 representationsand yet retainsthe necessaryexpressive
powerto representcomplexconceptdescriptionsef®ciently. As a consequence,we have
chosena simple,yet generalrule languagefor describingconcepts,the detailsof which
arepresentedin thefollowing sections.

2.1. Representingthe searchspace

A naturalway to expresscomplexconceptsis asa disjunctivesetof possiblyover-
lappingclassi®cationrules,i.e., in disjunctivenormalform (DNF). Theleft-handsideof
eachrule (i.e., disjunctor term) consistsof a conjunctionof oneor moretestsinvolving
featurevalues. The right-handsideof a rule indicatesthe concept(classi®cation) to be
assignedto the examplesthat are matched(covered)by the left-hand side of the rule.
Collectively,a setof suchrulescanbethoughtof asrepresentingtheunknownconceptif
therulescorrectlyclassifytheelementsof thefeaturespace.

If we allow arbitrarily complextermsin theconjunctiveleft-handsideof suchrules,
we will havea very powerful descriptionlanguagethat will be dif®cult to representas
strings. However,by restrictingthe complexityof the elementsof the conjunctions,we
are able to usea string representationand standardGAs, with the only negativeside
effect that morerulesmay be requiredto expressthe concept. This is achievedby res-
tricting eachelementof a conjunctionto bea testof theform:

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

For example,a rule might takethefollowing symbolicform:

If (F1 = large)and(F2 = sphereor cube) thenit is a widget.

Sincethe left-handsidesare conjunctiveforms with internal disjunction(e.g., the dis-
junction within featureF2), there is no lossof generalityby requiring that therebe at
mostonetestfor eachfeature(on the left handsideof a rule). The result is a modi®ed
DNF thatallows internaldisjunction. (See(Michalski, 1983)for a discussionof internal
disjunction.)

With theserestrictionswe cannow constructa ®xed-lengthinternal representation
for classi®cation rules. Each®xed-lengthrule will haveN featuretests,one for each
feature. Eachfeaturetestwill be representedby a ®xed-lengthbinary string, the length
of which will dependon the type of feature(nominal,ordered,etc.).Currently,GABIL
only usesfeatureswith nominalvalues.Thesystemusesk bits for thek valuesof a nomi-
nal feature. So, for example,if the setof legal valuesfor featureF1 is { small, medium,
large}, thenthepattern011would representthetestfor F1beingmediumor large.

Furthersupposethat featureF2 hasthevalues{ sphere, cube, brick, tube} andthere
are two classes,widgetsandgadgets. Then,a rule for this 2 featureproblemwould be
representedinternallyas:
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F1 F2 Class
111 1000 0

Thisrule is equivalentto:

If (F1 = smallor mediumor large)and(F2 = sphere)thenit is a widget.

Noticethata featuretestinvolving all 1smatchesanyvalueof a featureandis equivalent
to "dropping" thatconjunctiveterm(i.e., thefeatureis irrelevantfor that rule). So,in the
exampleabove,only the valuesof F2 arerelevantandthe rule is moresuccinctlyinter-
pretedas:

If (F2 = sphere)thenit is a widget.

For completeness,we allow patternsof all 0swhich matchnothing. This meansthatany
rule containingsucha patternwill not matchanypointsin thefeaturespace.While rules
of this form areof no usein the®nal conceptdescription,theyarequiteusefulasstorage
areasfor GAswhenevolvingandtestingsetsof rules.

The right-handside of a rule is simply the class(concept)to which the example
belongs.This meansthatour rule languagede®nesa "stimulus-response" systemwith no
messagepassingor any otherform of internalmemorysuchasthosefound in (Holland,
1986). In manyof the traditional conceptlearningcontexts,thereis only a singlecon-
cept to be learned. In thesesituationsthereis no needfor the rules to havean explicit
right-handside, since the classis implied. Clearly, the string representationwe have
chosenhandlessuchcaseseasilyby assigningnobits for theright-handsideof eachrule.

2.1.1. Setsof classi®cation rules

Sincea conceptdescriptionwill consistof oneor moreclassi®cationrules,we still
needto specify how GAs will be usedto evolve setsof rules. Thereare currently two
basicstrategies:theMichigan approachexempli®edby Holland's classi®er system(Hol-
land, 1986), and the Pittsburghapproachexempli®ed by Smith's LS-1 system(Smith,
1983). Systemsusingthe Michigan approachmaintaina populationof individual rules
that competewith eachother for spaceandpriority in the population. In contrast,sys-
temsusingthePittsburghapproachmaintaina populationof variable-lengthrule setsthat
competewith eachotherwith respectto performanceon the domaintask. Thereis still
much to be learnedabout the relative merits of the two approaches.In this paperwe
reporton resultsobtainedfrom usingthePittsburghapproach.2 Thatis, eachindividual in
the populationis a variable-lengthstring representingan unorderedset of ®xed-length
_______________

2 (Greene& Smith, 1987) and (Janikow,1991) havealso usedthe Pittsburghapproach.See
(Wilson,1987)and(Booker,1989)for examplesof theMichiganapproach.
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rules. Thenumberof rulesin a particularindividual canbe unrestrictedor limited by a
user-de®nedupperbound.

To illustratethis representationmoreconcretely,considerthe following exampleof
a rule setwith 2 rules:

F1 F2 Class F1 F2 Class
100 1111 0 011 0010 0

Thisrule setis equivalentto:

If (F1 = small) thenit is a widget.
or

If ((F1 = mediumor large)and(F2 = brick)) thenit is a widget.

2.1.2. Rule SetExecution Semantics

In choosinga rule setrepresentationfor usewith GAs, it is alsoimportantto de®ne
simpleexecutionsemanticswhich encouragethe developmentof rule subsetsand their
subsequentrecombinationwith other subsetsto form new and better rule sets. One
importantfeaturewith this propertyis that thereis no order-dependencyamongtherules
in a rule set. Whena rule set is usedto predict the classof an example,the left-hand
sidesof all rulesin a rule setarecheckedto seeif theymatch(cover)a particularexam-
ple. This "parallel" execution semanticsmeans that rules perform in a location-
independentmanner.

It is possiblethatanexamplemight becoveredby morethanonerule. Therearea
numberof existingapproachesfor resolvingsuchcon̄ icts on the basisof dynamically
calculatedrule strengths,by measuringthe complexityof the left-handsidesof rules,or
by variousvoting schemes.It is alsopossiblethat thereareno rulesthatcovera particu-
lar example.Unmatchedexamplescouldbehandledby partialmatchingand/or covering
operators. How best to handlethesetwo situationsin the generalcontextof learning
multiple concepts(classes)simultaneouslyis a dif®cult issuewhich we have not yet
resolvedto oursatisfaction.

However,theseissuesareconsiderablysimplerwhen learningsingleconcepts.In
this caseit is quitenaturalto view the rulesin a rule setasa unionof (possiblyoverlap-
ping) coversof the conceptto be learned. Hence,an examplewhich matchesone or
morerulesis classi®edasa positiveexampleof theconcept,andanexamplewhich fails
to matchanyrule is classi®edasa negativeexample.

In this paper,we focus on the simpler caseof single-conceptlearning problems
(which havealsodominatedtheconcept-learningliterature). We haveleft theextension
to multi-conceptproblemsfor futurework.
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2.1.3. Crossoverand mutation

Geneticoperatorsmodify individualswithin a populationto producenew individu-
als for testingand evaluation.Historically, crossoverandmutationhavebeenthe most
importantand bestunderstoodgeneticoperators.Crossovertakestwo individuals and
producestwo new individuals, by swappingportions of genetic material (e.g., bits).
Mutationsimply ¯ ips randombits within thepopulation,with a smallprobability (e.g.,1
bit per 1000). One of our goalswas to achievea conceptlearning representationthat
couldexploit thesefundamentaloperators.We feel we haveachievedthat goal with the
variable-lengthstring representationinvolving ®xed-lengthrulesdescribedin the previ-
oussections.

Our mutationoperatoris identical to the standardoneand performsthe usualbit-
level mutations.We arecurrently usinga fairly standardextensionof the traditional2-
point crossoveroperatorin order to handlevariable-lengthrule sets.3 With standard2-
point crossoveron ®xed-lengthstrings,thereareonly two degreesof freedomin select-
ing thecrossoverpointssincethecrossoverpointsalwaysmatchup on bothparents(e.g.,
exchangingthe segmentsfrom positions12-25on eachparent). However,with variable
lengthstringsthereare four degreesof freedomsincethereis no guaranteethat,having
picked two crossoverpoints for the ®rst parent, the samepoints exist on the second
parent. Hence,a secondsetof crossoverpointsmustbeselectedfor it.

As with standardcrossover,thereareno restrictionson wherethe crossoverpoints
may occur (i.e., bothon rule boundariesandwithin rules). Theonly requirementis that
the correspondingcrossoverpointson the two parents"matchup semantically". That is,
if oneparentis beingcut on a rule boundary,thentheotherparentmustbecut on a rule
boundary.Similarly, if oneparentis beingcut at a point 5 bits to theright of a rule boun-
dary, thenthe otherparentmustbe 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

10|0 0100| 0 011 0010 0
| |
| -------------------------
| |

01|0 0001 0 110 0011| 0

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.
Thebits within thecut pointsareswapped,resultingin a rule setof 3 rulesanda rule set
of 1 rule:

_______________
3 We are also investigatingthe useof a uniform crossoveroperatorthat hasbeenrecently

shownto bemoreeffectivein certaincontextsthan2-pointcrossover.
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F1 F2 Class F1 F2 Class F1 F2 Class

100 0001 0 110 0011 0 011 0010 0

010 0100 0

2.2. Choosinga ®tnessfunction

In additionto selectinga goodrepresentation,it is importantto de®nea good®tness
function that rewardsthe right kindsof individuals. In keepingwith our minimalistphi-
losophy,we selecteda ®tnessfunction involving only classi®cationperformance(ignor-
ing, for example,lengthandcomplexitybiases).The®tnessof eachindividual rule setis
computedby testingthe rule seton the currentsetof training examples(which is typi-
cally a subsetof all theexamples- seeSection2.6)andletting:

fitness (individual  i) =  (percent  correct )2

This providesa bias toward correctly classifying all the exampleswhile providing a
non-lineardifferential rewardfor imperfectrule sets.This bias is equivalentto onethat
encouragesconsistency and completeness of the rule setswith respectto the training
examples.A rule set is consistentwhenit coversno negativeexamplesandis complete
whenit coversall positiveexamples.

2.3. GABIL: A GA-basedconceptlearner

We arenowin a positionto describeGABIL, our GA-basedconceptlearner. At the
heartof thissystemis a GA for searchingthespaceof rule setsfor onesthatperformwell
on a given set of positive and negativeexamples. Figure 1 provides a pseudo-code
descriptionof theGA used.
------------------------------------------------------------------------

InsertFigure1 abouthere

------------------------------------------------------------------------
P(t) representsa populationof rule sets.After a randominitialization of the population,
eachrule setis evaluatedwith the®tnessfunction describedin section2.2.Rule setsare
probabilistically selectedfor survival in proportionto their ®tness(i.e., how consistent
andcompletetheyare). Crossoverandmutationarethenappliedprobabilisticallyto the
survivingrule sets,to producea newpopulation.This cycle continuesuntil asconsistent
and completea rule set as possiblehas beenfound within the time/spaceconstraints
given.

Traditionalconceptlearnersdiffer in the waysexamplesarepresented.Many sys-
temspresumea batch mode,where all instancesare presentedto the systemat once.
Otherswork in an incremental mode,whereoneor a few of the instancesarepresented
to the systemat a time. In designinga GA-basedconceptlearner,the simplestapproach
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involvesusingbatchmode,in which a ®xedsetof trainingexamplesis presentedandthe
GA mustsearchthe spaceof variable-lengthstringsdescribedabovefor a set of rules
with high®tness(100%impliescompletenessandconsistencyon thetrainingset).

However,in manysituationslearningis a never-endingprocessin which newexam-
ples arrive incrementallyas the learnerexploresits environment.The examplesthem-
selvescan in generalcontain noiseand are not carefully chosenby an outsideagent.
Thesearethekindsof problemsthatwe aremostinterestedin, andtheyimply thata con-
ceptlearnermustevolveconceptdescriptionsincrementallyfrom non-optimalandnoisy
instances.

Thesimplestway to producean incrementalGA conceptlearneris asfollows. The
conceptlearnerinitially acceptsa singleexamplefrom a pool of examplesandsearches
for as perfect a rule set as possiblefor this examplewithin the time/spaceconstraints
given. This rule set is thenusedto predict the classi®cationof the next example.If the
predictionis incorrect,theGA is invoked(in batchmode)to evolvea newrule setusing
the two examples.If the predictionis correct,theexampleis simply storedwith thepre-
vious exampleand the rule set remainsunchanged.As eachnew additional instanceis
accepted,a predictionis made,and the GA is re-run in batchmodeif the predictionis
incorrect.We refer to this modeof operationas batch-incrementaland we refer to the
GA batch-incrementalconceptlearnerasGABIL.

Although batch-incrementalmodeis more costly to run than batch, it providesa
muchmore®nely-grainedmeasureof performancethat is moreappropriatefor situations
in which learning never stops.Rather than measurean algorithm's performanceusing
only a small training subsetof the instancesfor learning,batch-incrementalmodemeas-
ures the performanceof this algorithm over all available instances.Therefore,every
instanceactsasbotha testinginstanceandthena traininginstance.

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

3. Empirical SystemComparisons

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

3.1. The domains

The experimentsinvolve two domains:one arti®cial, and one natural. Domain1,
thearti®cial domain,wasdesignedto revealtrendsthatrelatesystembiasesto incremen-
tal increasesin target conceptcomplexity. For this domain,we inventeda 4 feature
world in which eachfeaturehas4 possibledistinctvalues(i.e., thereare256instancesin
thisworld).



- 10 -

Within Domain1, we constructeda 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 thenumberof conjuncts(seeAppendix2 for thede®nition of thesetar-
getconcepts).

For eachof the targetconcepts,the completesetof 256 instanceswere labeledas
positiveor negativeexamplesof the targetconcept. The 256 exampleswere randomly
shuf¯ ed andthenpresentedsequentiallyin batch-incrementalmode.This procedurewas
repeated10 times(trials) for eachconceptandlearningalgorithmpair.

For Domain2, we selecteda naturaldomainto further test our conjecturesabout
systembiases.Domain2 is a well-known naturaldatabasefor diagnosingbreastcancer
(Michalski et. al., 1986).This databasehasdescriptionsof casesfor 286 patients,and
eachcase(instance)is describedin termsof 9 features.Thereis a smallamountof noise
of unknown origin in the databasemanifestedas caseswith identical features but
differentclassi®cations.Thetargetconceptis considerablymorecomplexthananyof the
conceptsin thenDmC world. For example,after seeingall 286 instances,the AQ14 sys-
tem(alsoknownasNEWGEM,describedbelow) developsan inductivehypothesishav-
ing 25 disjunctsandanaverageof 4 conjunctsperdisjunct. SinceGABIL andID5R can
only handle nominals,and the breastcancer instanceshave featuresin the form of
numericintervals,weconvertedthebreastcancer(BC) databaseto usenominalfeatures.
This conversionnecessarilyloses the inherent ordering information associatedwith
numeric intervals. For example,the feature age is de®ned to have numeric interval
values{10-19, 20-29, ..., 90-99} in the original database,and is representedas the set
{A1, A2, ..., A9} of nominalsin the converteddatabase.Whenusingthe BC database,
weagainrandomlyshuf¯ edtheinstancesandaveragedover10 runs.

It shouldbe notedthat all the problemsin thesetwo test domainsare single-class
problems.As discussedearlier,evaluatingthis approachon multi-classproblemsis part
of our futureplans.

3.2. The systems

The performanceof the GABIL systemdescribedin section2.3 wasevaluatedon
both domains. StandardGA settingsof 0.6 for 2-pt crossoverand 0.001 for mutation
wereused.Thechoiceof populationsizewasmoredif®cult. With large,complexsearch
spaces,larger populationsizesare preferable,but generally require more computation
time. With our unoptimizedbatch-incrementalversionof GABIL, we wereableto usea
populationsizeof 1000for thearti®cial domain. However,for theBC domain,a popula-
tion size of 100 was usedin order to keep the experimentalcomputationtime reason-
able.4
_______________

4 Our unoptimizedbatch-incrementalversionof GABIL is somewhatslower than C4.5,AQ,
and IACL. It is substantiallyslower than ID5R. One shouldnot concludefrom this, however,
thatGA 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, is for learning the target concept and the other set, which we
call the negative hypothesis is 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 disjunction of feature values.
Internal disjunction allows fewer external disjuncts in 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 rules for 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 this rule is
added to the hypothesis for C. This procedure repeats to generate more rules for the
hypothesis until all 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.5

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 hypothesis is simply the disjunction of all 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 constructedby ®rst selectinga root node,thenthe next level of nodes,
andsoon. Thosetreenodes,or features,that minimizeentropyandthereforemaximize
information gain are selected®rst. The result is a preferencefor simpler (i.e., shorter)
decisiontrees. C4.5doesnot requirecompletenessor consistency.

Two con®gurationsof C4.5areavailable:prunedandunpruned. Pruning is a pro-
cessof further simplifying decisiontrees. This process,which occursafter the decision
tree hasbeengenerated,consistsof testing the tree on previously seeninstancesand
replacing subtreeswith leavesor brancheswheneverthis replacementimproves the
classi®cationaccuracy.6 Pruningis designedfor bothtreesimpli®cation(which increases
the simplicity preference)andfor improvedpredictionaccuracy.Sinceit wasnot obvi-
ousto us wheneither con®gurationis preferable,we usedboth versionsin our experi-
ments.

ID5R learnswith the samebasicalgorithm as C4.5. However,this systemlearns
incrementally. Otherthantheincrementallearning,ID5R'sbiasesarenearlyidenticalto
thoseof C4.5unpruned.Oneminor 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 thiscase.7

The fourth systemto be comparedwith GABIL is IACL (Gordon,1990),a system
similar to AQ14. IACL is not aswell-known asthe othersystemsdescribedaboveand,
therefore,we describeit in slightly moredetail. IACL maintainstwo DNF hypotheses,
one for learning the target concept,and one for learning the negationof that concept.
Internal disjunctionis permitted,andconsistencyandcompletenessis required. Unlike
AQ14, though,IACL learnsincrementallyandprefershypothesesthat aremorespeci®c
(i.e., lessgeneral)ratherthansimpler. A mergingprocessmaintainscompleteness.The
mergingprocessincorporateseachnewinstancenotalreadycoveredby a hypothesisinto
the hypothesisof the sameclassasthat instanceby performinga small amountof gen-
eralization. This is doneby forming newhypothesisrulesusinga mostspeci®c generali-
zation(MSG) operator. From everyrule in the hypotheses,IACL formsa new rule that
hasfeaturevaluesequalto the mostspeci®c generalizationof the featurevaluesof the
newinstanceandthoseof theoriginal rule. Eachnewrule is keptonly if it is consistent
with previousinstances.Otherwise,theoriginal rule is kept instead.If the instancecan-
not mergewith any existingrule of the hypothesis,a descriptionof it is addedasa new
rule.

Whenthefeaturesarenominals,asis thecasefor our experiments,themostspeci®c
generalizationis the internaldisjunctionof thefeaturevaluesof therule andthoseof the
newinstance.For example,supposethesystemreceivesits ®rst instance,which is posi-
tive andis a smallsphere.Thentheinitial positivehypothesisis:
_______________

6 Thetype of pruningin C4.5is a variantof pessimisticpruning describedin (Quinlan,1987)
thatprunesa treeto eitherasubtreeor a leaf node(Quinlan,personalcommunication).

7 ID5R, like GABIL, is a researchtool andthereforedoesnot handlesomeof therealisticdata
characteristics(e.g.,missingfeaturevalues)thatcanbehandledby sophisticatedsystemssuchas
C4.5.
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if ((F1 = small)and(F2 = sphere)) thenit is a widget.

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

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

Note that this new hypothesismatchesmediumspheresand small cubes,though they
havenotbeenseenyet.

IACL's splitting processmaintainsconsistency.If the systemincorrectly predicts
the classof a new instance,the systemusespreviouslysavedinstancesto relearnthe
hypothesescorrectly. Let uscontinuewith our exampleto illustratethesplitting process.
Supposethe systemnow receivesa newnegativeexamplethat is a mediumsphere.The
current positive hypothesismatchesthis example, thereby violating the consistency
requirement.After thesplittingprocess,thepositivehypothesisbecomes:

if ((F1 = small)and(F2 = sphere)) thenit is a widget
or

if ((F1 = medium)and(F2 = cube)) thenit is a widget,

andthenegativehypothesisis:

if (F1 = medium)and(F2 = sphere)thenit is nota widget.

New instancescan be mergedwith theserules to generalizethe hypotheseswhenever
mergingpreservesconsistencywith respectto previousinstances.

3.3. Performance criteria

We feel thatlearningcurvesareaneffectivemeansfor assessingperformancein the
contextof incrementalconceptlearning. In the experimentsreportedhere,eachcurve
representsanaverageperformanceover10 independenttrials for learninga singletarget
concept.During eachtrial, we keeptrack of a smallwindow of recentoutcomes,count-
ing thecorrectpredictionswithin thatwindow. Thevalueof thecurveat eachtime step
representsthe percentcorrect achievedover the most recentwindow of instances.A
window size of 10 was usedfor the arti®cial domain and one of size 50 for the BC
domain. Thesizeswerechosenexperimentallyto balancethe needfor capturingrecent
behaviorandthedesireto smoothshorttermvariationsin thelearningcurves.

After generatinglearningcurvesfor eachtargetconcept,we collapsedthe informa-
tion from thesecurves into 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 as well.

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 a domain. The global prediction accuracy criterion is the average of
the PA criteria values on every target concept within a domain. Likewise, the global
convergence criterion is the 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 all systems on 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 nDmC concepts only
(since no system achieves 95% prediction accuracy on the BC database). Although there
are differences between Tables 1 and 2, the general trend is similar. From these tables we
can see that AQ14 is the best performer overall. In particular, AQ14 is the 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

------------------------------------------------------------------------

Insert Table 1 about here

------------------------------------------------------------------------
------------------------------------------------------------------------

Insert Table 2 about here

------------------------------------------------------------------------

IACL does not perform as well as the other systems on the BC target concept. We
consider this to be a result of IACL’s sensitivity to our conversion of numeric intervals to
nominals (as discussed earlier). IACL’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 instancefeaturesarestructurednominals(i.e., havegeneralizationtreesto structure
their values)or numeric,but is not well-suitedfor learningwhenthe featuresarenomi-
nals. Accordingto (Gordon,1990),IACL performsvery well on thenumericform of the
BC database.9 Otherexperiments(not reportedhere)indicatethat the conversionof the
BC datato a nominalform doesnotadverselyaffectperformancefor AQ14andC4.5.

C4.5 pruned(abbreviatedC4.5Pin the tables)performswell on all but the target
conceptsthathavemanyshortdisjuncts.On 4D1C,which hasthemostshortdisjunctsof
any target concept in the arti®cial domain, all ID-based systems(C4.5 pruned and
unpruned,aswell asID5R), performpoorly.10 Basedon theglobalperformancecriteria,
C4.5unpruned(abbreviatedC4.5Uin the tables)performsthe bestof the ID-basedsys-
temson thearti®cial domain,whereasC4.5prunedperformsthebeston theBC domain.

GABIL appearsto bea goodoverall performer. It doesnot do superblyon anypar-
ticular concept,but it also doesnot havea distinct region of the spaceof conceptson
which it clearly degrades.Furthermore,GABIL is quite competitiveon the dif®cult BC
targetconcept.Thestatisticalsigni®canceof theseresultsis presentedin Appendix1.

It is clearfrom theseresultsthatnoneof thesystemsunderevaluationis superiorto
all otherson all thetargetconcepts.Thedominanceof onetechniqueona certainclassof
conceptsappearsto be due in large part to the built-in forms of bias it embodies,and
thesecanhavea negativeimpactonotherclassesof concepts.

4. A More RobustConceptLearner

TheGABIL systemevaluatedaboveincorporatesa "pure" GA asits searchmechan-
ismin thesensethattherewerenospeci®c changesmadeto theinternalrepresentationor
geneticoperatorsrelating to the taskof conceptlearning. As in otherapplicationtasks,
this generallyresultsin a goodoverallGA-basedproblemsolver,butonethatcanbeout-
performedby task-speci®c approachesparticularly on simplerproblems(see,for exam-
ple, (De Jong& Spears,1989)). However,oneof thenicepropertiesof a GA-basedsys-
temis thatit is notdif®cult to augmentGAswith task-speci®c featuresto improveperfor-
manceonthattask.

After obtainingtheperformancecomparisonsdescribedin the previoussection,we
felt that extendingGABIL with a small set of featuresappropriateto conceptlearning
would signi®cantly enhanceits overall performanceandrobustness.Our approachwas
asfollows. Eachof the traditionalconceptlearnersevaluatedaboveappearedto contain
oneor morebiasesthatwe consideredto be largely responsiblefor thatsystem's success
on a particularclassof targetconcepts.We selecteda subsetof thesebiasesto beimple-
mentedas additional "genetic" 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 modeon the numeric BC database,with 70% of the instancesin the
training set and 30% in the test set, 72% of the predictionsmadeon the test set were correct
predictions(seeGordon,1990).

10 An explanationof thedif®culty of systemsbasedon ID3 on targetconceptsof this typeis in
(DeJong& Spears,1991).
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underlyingsearchprocesscan be extendedto include varioustraditional forms of con-
ceptlearningbias.
------------------------------------------------------------------------

InsertFigure2 abouthere

------------------------------------------------------------------------

SinceAQ14 seemedto be the bestoverall performer,we selectedit as our initial
sourceof additionaloperatorsfor GABIL. As we havedescribedabove,the AQ14 sys-
tem usedin our experimentshaspreferencesfor simplerandmoregeneralrules. After
studying the resultsof our initial evaluation,we hypothesizedthat this is one of the
biaseslargelyresponsiblefor AQ14's superiorperformanceon thenDmC concepts.This
analysisled to the addition of two new GABIL operatorswhich addbiasesfor simpler
andmoregeneraldescriptions.

4.1. The adding alternative operator

One of the mechanismsAQ uses to increase the generality of its inductive
hypothesesis the"addingalternative" generalizationoperatorof (Michalski, 1983). This
operatorgeneralizesby addinga disjunct (i.e., alternative)to the current classi®cation
rule. Themostusefulform of this operator,accordingto (Michalski, 1983),is the addi-
tion of aninternaldisjunct. For example,if thedisjunctis

(F1 = small)and(F2 = sphere)

thentheaddingalternativeoperatormightcreatethenewdisjunct

(F1 = small)and(F2 = sphereor cube).

Thisoperator,which we call AA (theaddingalternativeoperator), is easilyimplemented
in GABIL by includinganadditionalmutationthat,unlike thenormalmutationoperator,
hasanasymmetricmutationrate. In particular,in thestudiesreportedhere, this operator
incorporatesa 75%probabilityof mutatinga bit to a 1, buta 25%probabilityof mutating
it to a 0. Therefore,theAA operatorin GABIL hasa strongpreferencefor addinginter-
nal disjuncts.To illustrate,theaddingalternativeoperatormightchangethedisjunct

F1 F2
100 100

to

F1 F2
100 110
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NotethatfeatureF2hasbeengeneralizedin thisdisjunct.

As with the othergeneticoperators,the addingalternativeoperatoris appliedpro-
babilistically to a subsetof thepopulationeachgeneration.In thestudiesreportedhereit
wasappliedat a rateof 0.01(1%).11 For clarity in reportingtheexperimentalresults,we
call theversionof GABIL with theaddingalternativeoperator̀ `GABIL+A' ' .

4.2. The dropping condition operator

A second, and complementary,generalization mechanismleading to simpler
hypothesesinvolvesremovingwhatappearto benearlyirrelevantconditionsfrom a dis-
junct. This operator,which we call DC (the droppingcondition operator), is basedon
the generalizationoperatorof the samenamedescribedin (Michalski, 1983).For exam-
ple, if thedisjunctis

(F1 = smallor medium)and(F2 = sphere)

thentheDC operatormightcreatethenewdisjunct

(F2 = sphere).

The DC operatoris easily addedto GABIL in the following manner. When this
operatoris appliedto a particularmemberof the population(i.e., a particular rule set),
eachdisjunctis deterministicallycheckedfor possibleconditiondropping. Thedecision
to drop a conditionis basedon a criterion from (Gordon,1990)andinvolvesexamining
thebitsof eachfeaturein eachdisjunct. If morethanhalf of thebits of a featurein a dis-
junct are1s,thentheremaining0 bitsarechangedto 1s. By changingthefeatureto have
all 1 values,this operatorforcesthefeatureto becomeirrelevantwithin thatdisjunctand
therebysimulatestheeffectof a shorteneddisjunct. To illustrate,supposethisoperatoris
appliedto thefollowing disjunct:

F1 F2
110 100

Thenthedroppingconditionoperatorwill resultin a newdisjunctasfollows:

F1 F2
111 100

NotethatfeatureF1 is nowirrelevantwithin thisdisjunct.
_______________

11 Notethat this is in additionto thestandardmutationoperator,which continuesto ®re with a
probability of .001.
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As with theothergeneticoperators,this newoperatoris appliedprobabilisticallyto
a subsetof the populationeachgeneration.In the experimentsreportedhere,a rate of
0.60 (60%) was used. We makeno claim that the ratesusedfor either of thesenew
operatorsarein anysenseoptimal. In thesestudieswe selecteda ratewhich seemedrea-
sonableon thebasisof a few informal experiments.Ourpreference(seesection5) is that
suchthingsbeself-adaptive.

We call GABIL with the DC operator ``GABIL+D' '. When both task-speci®c
operatorsareaddedto GABIL, theresultingsystemis called``GABIL+AD' ' (seeFigure
3). Note that there is an interestingcomplementaryrelationshipbetweenthese two
operatorsin thataddingalternativescansetthestagefor droppinga conditionaltogether.
------------------------------------------------------------------------

InsertFigure3 abouthere

------------------------------------------------------------------------

Theseaugmentedforms of GABIL do not changein any way the overall structure
of the GA-basedsystemdescribedearlier (compareFigures1 & 3). Theonly difference
is thatthesetof "genetic" operatorshasbeenexpanded.Theresultis that,after thetradi-
tional crossoverandmutationoperatorshavebeenusedin thenormalmannerto produce
new offspring (rule sets) from parents,the two new operatorsare (probabilistically)
appliedto eachoffspring,producingadditionaltask-speci®c changes.

4.3. Results

To study the effects of adding these bias operators to GABIL, GABIL+A,
GABIL+D, and GABIL+AD havebeenrun on the sameconceptdomainsusedearlier.
Table3 showsthe resultsof systemperformancemeasuredusingthe PA andglobal PA
criteria. Table4 showsthe resultsof systemperformancemeasuredusingtheC andglo-
bal C criteria. GABIL is abbreviated̀`G' ' in thetables.
------------------------------------------------------------------------

InsertTable3 abouthere

------------------------------------------------------------------------
------------------------------------------------------------------------

InsertTable4 abouthere

------------------------------------------------------------------------

According to the global criteria in Tables3 and4, GABIL+A doesnot performas
well asGABIL+D or GABIL+AD. On the BC targetconcept,the combinationof both
operators(GABIL+AD) is the best.It is interestingto note,however,that on the nDmC
domain,GABIL+AD doesnotperformaswell asGABIL+D.

These results indicate that one can improve GABIL's performanceon certain
classesof conceptsby the additionof an appropriatesetof biasoperators.On the other



- 19 -

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 Learner

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 this work 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 as it solves a suite of problems. The advantage
of such an approach is that 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
againlater in thispaper.

An uncoupledapproachdoesnot rely upon the GA for the adaptivemechanism.
Rather,the behaviorof the underlyingGA is adjustedby a separatecontrol mechanism
(see(Davis, 1989) and (Janikow,1991) for examples). While this may alleviate the
problemsassociatedwith coupling,suchmechanismsappearto be dif®cult to construct,
and involve complicatedbookkeeping.Although we may explore this route in future
work, we concentrateon the conceptuallysimpler coupledapproachin this paper.We
nextconsiderhowto implementa coupledwithin-problemapproachwithin GABIL.

5.2. Adaptive GABIL

Recallthatthetask-speci®c operatorsaddedto GABIL (DC andAA) wereaddedin
a staticway. That is, theywereeitherpresentor not presentfor anentireexperiment.If
they werepresent,they wereappliedvia ®xed probabilitiesto all new individuals. The
simplestcoupledway to make the selectionand application of theseoperatorsmore
adaptiveis to have each individual specify which operatorscan be applied to it. The
intuition hereis that thoseindividualswhich enablethe"correct"operatorswill bemore
®t from a survival point of view. The result shouldbe a systemcapableof performing
the searchfor the bestsetof operators(biases)andthesearchfor thebesthypothesesin
parallel(see(Baecket.al.,1991)for relatedwork).

Suchan approachis easily implementedby adding to eachindividual additional
control bits (one for each adaptive operator). Each bit determineswhether the
correspondingoperatorcanbeusedon that individual. If thecontrol bit is 0, the associ-
atedoperatoris notpermissible,andcannotbe®red(thusignoringtheoperatorprobabil-
ity). If the control bit is 1, the associatedoperatoris permissible,and®resaccordingto
the relevantoperatorprobability. Thesecontrol bits act asaddedBooleanpreconditions
for the operators.The valuesof the control bits are evolvedin the normalway through
selection,crossover,andmutation.12

As aninitial testof thisapproach,GABIL wasmodi®edto includetwo extracontrol
bits,onefor eachof thetask-speci®c operatorsintroducedearlier. For example,consider
thefollowing rule set:

F1 F2 Class F1 F2 Class D A
010 001 0 110 011 0 1 0

Thetwo addedcontrolbitsareindicatedwith theletters"D" and"A" (for droppingcondi-
tion andaddingalternative,respectively).For this rule setthedroppingconditionopera-
tor is permissible,while the addingalternativeoperatoris not. So, for example,the DC
operatorwouldchangetherule setto:
_______________

12 Thedroppingconditionandaddingalternativeoperatorsdonot alter thesecontrolbits.
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F1 F2 Class F1 F2 Class D A
010 001 0 111 111 0 1 0

We call this modi®ed system``adaptiveGABIL' ' , and have begunto explore its
potential for effective dynamicbias adjustment.To get an immediateand direct com-
parisonwith the earlier results,adaptiveGABIL was run on the nDmC and BC target
concepts.Theresultsarepresentedin Tables5 and6.
------------------------------------------------------------------------

InsertTable5 abouthere

------------------------------------------------------------------------
------------------------------------------------------------------------

InsertTable6 abouthere

------------------------------------------------------------------------

Theresultsof theglobalcriteria,shownat thebottomof Tables5 and6, highlight a
coupleof importantpoints.First,on thenDmC domain,theadaptiveGABIL outperforms
the original GABIL, GABIL+A, and GABIL+AD. Furthermore,the adaptiveGABIL
performsalmostas well as GABIL+D from a predictionaccuracycriterion, and better
from a convergencecriterion. Adaptive GABIL outperformsGABIL+AD, particularly
from the standpointof the global C criterion. This showsthedangerof indiscriminately
including multiple ®xed biases,which can interfere with eachother, producinglower
performance.Theseresultsdemonstratethe virtuesof adaptiveGABIL in selectingthe
appropriatebiases.

On the BC target concept, adaptive GABIL performs better than GABIL and
GABIL+A, but is worsethan GABIL+D and GABIL+AD. This suggeststhat adaptive
GABIL's advantageis diminishedwhensmallerpopulationsizes(e.g.,populationsizes
of 100)areinvolved. To addressthis issue,future versionsof GABIL will haveto adapt
thepopulationsize,aswell asoperatorselection.

In comparisonto the othersystems,the new adaptiveGABIL is muchbetter than
C4.5on thenDmC domain,andcloseon theBC targetconcept.Also,adaptiveGABIL is
competitivewith AQ14 on the nDmC domain,andis muchbetteron the BC targetcon-
cept. We havetestedthe statisticalsigni®canceof theseresults(seeAppendix1), and
found that when adaptiveGABIL outperformsother systems,the resultsare generally
signi®cant (at a 90% level). Furthermore,when other systemsoutperform adaptive
GABIL, the resultsaregenerallynot signi®cant(i.e., signi®canceis 80%or lower). The
only two notableexceptionsareon theBC database.Both C4.5andGABIL+AD outper-
form adaptiveGABIL at a 95% level of signi®cance. 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 biascan be
quite easilyimplementedasa "genetic" operatorby makingfeatureswith higherentropy
valuesmorelikely to have1s(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. This is 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. This is 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.
------------------------------------------------------------------------

Insert Figures 4 and 5 about here

------------------------------------------------------------------------

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 a result 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 systems that 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. al., 1989),
Climbing in the Bias Space (ClimBS) (Provost, 1991), PEAK (Holder, 1990), the Vari-
able Bias Management System (VBMS) (Rendell et. al., 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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changeablealgorithmicbiasesarelearningalgorithms.Theyarerote learning,empirical
learning(with a decisiontree),andexplanation-basedgeneralization(EBG). GIL is most
similar to GABIL, since it also selectsbetweengeneralizationoperators.However, it
doesnotusea GA for thatselectionandonly usesa GA for theconceptlearningtask.

We can also classify thesesystemsaccording to whether or not their searches
throughthe spaceof hypothesesandthe spaceof biasesarecoupled. GABIL is unique
along this dimensionbecauseit is the only systemthat couplesthesesearches.The
advantagesand disadvantagesof a coupledapproachwere presentedin Section5. We
summarizethesecomparisonsin Table7.
------------------------------------------------------------------------

InsertTable7 abouthere

------------------------------------------------------------------------

TheVBMS systemis differentfrom the othersmentionedabove. Theprimary task
of this systemis to identify the conceptlearner(which implementsa particular set of
algorithmic biases)that is bestsuitedfor eachproblemalong a set of problemcharac-
teristic dimensions.Problemcharacteristicdimensionsthat this systemconsidersarethe
numberof training instancesand the numberof featuresper instance. Three concept
learnersare testedfor their suitability along theseproblem characteristicdimensions.
VBMS would be an ideal companionto any of the above-mentionedsystems.This sys-
temcouldmapout thesuitability of biasesto problems,andthenthisknowledgecouldbe
passedon to theothersystemsto usein an initialization procedurefor constrainingtheir
biasspacesearch.

7. Discussionand Future Work

We have presenteda method for using genetic algorithmsas a key element in
designingrobustconceptlearningsystemsandusedthis approachto implementa system
that comparesfavorablywith otherconceptlearningsystemson a variety of targetcon-
cepts. We have shownthat, in addition to providing a minimally biasedyet powerful
searchstrategy,the GABIL architectureallows for addingtask-speci®c biasesin a very
natural way in the form of additional "genetic" operators,resulting in performance
improvementson certain classesof concepts.However,the experimentsin this paper
highlight thatno one®xedsetof biasesis appropriatefor all targetconcepts.In response
to theseobservations,we haveshownthat this approachcanbe further extendedto pro-
ducea conceptlearnerthat is capableof dynamicallyadjustingits own biasin response
to thecharacteristicsof theparticularproblemat hand. Our resultsindicatethat this is a
promisingapproachfor building conceptlearnerswhich do not requirea "humanin the
loop" to adaptandadjustthesystemto therequirementsof a particularclassof concepts.

Thecurrentversionof GABIL adaptivelyselectsbetweentwo forms of biastaken
from a singlesystem(AQ14). In thefuture,we planto extendthissetof biasesto include
additionalbiasesfrom AQ14 andothersystems.For example,we would like to imple-
mentin GABIL an informationtheoreticbias,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 believethat these
sametechniquescanalsobeappliedto theselectionof higherlevel mechanismssuchas
induction and analogy.Our ®nal goal is to producea robust learner that dynamically
adaptsto changingconceptsandnoisy learningconditions,bothof which arefrequently
encounteredin realisticenvironments.
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Appendix 1: Statistical Signi®cance

The following three tablesgive statisticalsigni®canceresults. Table 8 compares
adaptiveGABIL with all other systemson the nDmC domain(using predictive accu-
racy).Table9 makesthesamecomparisonwith theconvergencecriterion.Table10 com-
paresadaptiveGABIL with all othersystemson theBC targetconcept.ThecolumnSig
denotesthe level of signi®canceof eachcomparison.The Wins columnis "Yes" if adap-
tive GABIL outperformedtheothersystem;otherwiseit is "No".

In comparisonwith all othersystems,adaptiveGABIL has19 wins,7 losses,and1
tie. At the 90% level of signi®cance,11 wins and2 lossesaresigni®cant.In comparison
with thenon-GAsystems,adaptiveGABIL has10 wins,4 losses,and1 tie. Again, at the
90%level of signi®cance,6 winsand1 lossaresigni®cant.
------------------------------------------------------------------------

InsertTable8 abouthere

------------------------------------------------------------------------
------------------------------------------------------------------------

InsertTable9 abouthere

------------------------------------------------------------------------
------------------------------------------------------------------------

InsertTable10abouthere

------------------------------------------------------------------------
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Appendix 2: Arti ®cial Domain Target Concepts

Thisappendixfully describesthe targetconceptsof thearti®cial domain.Thereare
four features,denotedasF1, F2, F3, andF4. Eachfeaturehasfour values{v1, v2, v3,
v4}.

All thetargetconceptshavethefollowing form:

4DmC == d1v d2v d3v d4
3DmC == d1v d2v d3
2DmC == d1v d2
1DmC == d1

For thenD3C targetconceptswehave:

d1== (F1 = v1) & (F2= v1) & (F3 = v1)
d2== (F1 = v2) & (F2= v2) & (F3 = v2)
d3== (F1 = v3) & (F2= v3) & (F3 = v3)
d4== (F1 = v4) & (F2= v4) & (F3 = v4)

For thenD2C targetconcepts:

d1== (F1 = v1) & (F2= v1)
d2== (F1 = v2) & (F2= v2)
d3== (F1 = v3) & (F2= v3)
d4== (F1 = v4) & (F2= v4)

Finally, wede®nethenD1C targetconcepts:

d1== (F1 = v1)
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);
crossoverP(t);
mutateP(t);
®tnessP(t);

end.

Figure1. TheGA 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);
crossoverP(t);
mutateP(t);
new_op1P(t); /* additionaloperators*/
new_op2P(t);
...
®tnessP(t);

end.

Figure2. ExtendingGABIL'sGA 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_altern P(t); /* +A */
drop_cond P(t); /* +D */
fitness P(t);

end.

Figure 3. Extended GABIL.
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Generations

Figure4: 3D3C.
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Table1. Predictionaccuracy.

__________________________________________________________
PredictionAccuracy____________________________________________________________________________________________________________________

TC AQ14 C4.5P C4.5U ID5R 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 99.1 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. Convergenceto 95%.

_____________________________________________________
Convergence__________________________________________________________________________________________________________

TC AQ14 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_____________________________________________________
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Table3. Predictionaccuracy.

_________________________________________
PredictionAccuracy__________________________________________________________________________________

TC GABIL G+A G+D G+AD_________________________________________
1D1C 95.2 96.1 97.7 97.7_________________________________________
1D2C 95.8 96.2 97.4 97.3_________________________________________
1D3C 95.7 95.7 96.7 96.7_________________________________________
2D1C 92.0 93.1 97.4 97.0_________________________________________
2D2C 92.7 95.0 96.3 96.9_________________________________________
2D3C 94.6 94.5 95.8 95.0_________________________________________
3D1C 90.4 91.9 96.0 96.6_________________________________________
3D2C 90.3 91.6 94.5 94.6_________________________________________
3D3C 92.8 92.7 94.2 92.9_________________________________________
4D1C 89.6 90.9 95.1 95.2_________________________________________
4D2C 87.4 89.7 93.0 92.7_________________________________________
4D3C 88.9 89.2 92.3 90.0__________________________________________________________________________________

Average 92.1 93.1 95.5 95.2__________________________________________________________________________________
BC 68.7 69.1 71.5 72.0_________________________________________
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Table 4. Convergence to 95%.

______________________________________
Convergence____________________________________________________________________________

TC GABIL G+A G+D G+AD______________________________________
1D1C 87 58 28 32______________________________________
1D2C 100 85 59 68______________________________________
1D3C 96 97 94 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 97.4 97.3 97.4___________________________________________________
1D3C 95.7 95.7 96.7 96.7 96.5___________________________________________________
2D1C 92.0 93.1 97.4 97.0 96.1___________________________________________________
2D2C 92.7 95.0 96.3 96.9 96.2___________________________________________________
2D3C 94.6 94.5 95.8 95.0 95.4___________________________________________________
3D1C 90.4 91.9 96.0 96.6 95.9___________________________________________________
3D2C 90.3 91.6 94.5 94.6 94.0___________________________________________________
3D3C 92.8 92.7 94.2 92.9 94.7___________________________________________________
4D1C 89.6 90.9 95.1 95.2 95.8___________________________________________________
4D2C 87.4 89.7 93.0 92.7 92.8___________________________________________________
4D3C 88.9 89.2 92.3 90.0 92.1______________________________________________________________________________________________________

Average 92.1 93.1 95.5 95.2 95.4______________________________________________________________________________________________________
BC 68.7 69.1 71.5 72.0 70.3___________________________________________________
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Table6. Convergenceto 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_______________________________________________
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�

��
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�

�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�
�



- 39 -

Table7. Comparisonof systemcharacteristics.

___________________________________________________________
System BiasSpace Searches GA______________________________________________________________________________________________________________________

CRL/ISO hypothesisselectioncriteria uncoupled no
predictionstrategy___________________________________________________________

ClimBS beamwidth uncoupled no
hypothesiscoverage___________________________________________________________

PEAK learningstrategy uncoupled no___________________________________________________________
VBMS conceptlearners uncoupled no___________________________________________________________

GIL generalizationoperators uncoupled yes___________________________________________________________
AdaptiveGABIL generalizationoperators coupled yes___________________________________________________________
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Table8. PredictiveAccuracyonnDmC.

_______________________
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 nDmC.

_______________________
System Sig Wins______________________________________________
AQ14 < 80% No_______________________
C4.5P 95% Yes_______________________
C4.5U < 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.PredictiveAccuracyonBC.

_____________________
System Sig Wins__________________________________________
AQ14 95% Yes_____________________
C4.5P 95% No_____________________
C4.5U 95% Yes_____________________
ID5R 95% Yes_____________________
IACL 95% Yes_____________________

GABIL 90% Yes_____________________
G+A 80% Yes_____________________
G+D 80% No_____________________

G+AD 95% No_____________________
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