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ABSTRACT

A STUDY OF GENERALIZATION TECHNIQUESIN EVOLUTIONARY
RULE LEARNING

Jeffrey K. Bassett,M.S.

GeorgeMasonUniversity, 2002

ThesisDirector: Dr. KennethA. DeJong

Generalizationis an importantaspectof all machinelearningalgorithms. Without it,

learningcanonly occurin thesimplestof problemdomains.Themostinterestingdomains

tendto be morecomplex though. As we scale-upour algorithmsto work in thesecom-

plex domains,anunderstandingof thedifferentgeneralizationtechniquesavailableandthe

trade-offs betweenthembecomesincreasinglyimportant.

This thesisis primarily concernedwith rule learningusing evolutionary algorithms.

We examinetwo commonlyusedgeneralizationtechniquescalledwildcardsandpartial

matching,as well as a third which is a hybrid of thesetwo. We demonstratethat the

wildcardsaremoreeffectiveatgeneralizingin somedomains,andpartialmatchingis more

effective in others.It is our hypothesisthatthehybrid will bethemorerobustof thethree

techniques.In otherwords, the hybrid will generalizeaswell, or almostaswell, asthe

betterof theothertwo in avarietyof domains.

Two very differentdomainswerechosenastestbedsfor our experiments.The �rst is

a conceptlearningdomain,which tendsto favor wildcards. The secondis a multi-agent

roboticstask, wherepartial matchingis moreeffective. When the hybrid was testedin

theseenvironments,the resultsshow that it waseitherequivalentor superiorto theother



two techniques,thusverifying ourhypothesis.

Finally weattemptto �nd anexplanationfor theseresultsthatwill helppredictbehavior

in otherdomains.Weexaminehow thesegeneralizationtechniquesaltertheinductivebias

of the learningalgorithm. The analysisdemonstratesweaknessesin both wildcardsand

partial matching. It alsosuggeststhat the weaknessesof eachtechniqueis offset by the

strengthof theother, thusallowing thehybrid to bemoreeffective.

An attemptwasmadeto verify theinductivebiasexplanation.Weusethisknowledgeto

devisea conceptlearningproblemwhich will favor partialmatchinginsteadof wildcards.

But the resultsof this experimentshow that the mostaccurateclassi�ers wereproduced

using the wildcard generalizationmechanism. The inductive bias hypothesisis clearly

helpful for understandingsomeof thebehaviors observedin thelearningalgorithm.None

theless,furtherstudywill berequiredto understandaproblemascomplex asthisonefully.



1. Intr oduction

Developing decisionmaking agentsthat can learn and adaptto their environments

is one of the more interestingapplicationsin computerscienceto date. Several differ-

entalgorithmshave beenusedsuccessfullyfor this task,includingReinforcementLearn-

ing (Mitchell, 1997),andEvolutionaryComputation(EC) (Goldberg, 1989;Michalawicz,

1996).Earlysuccessonsimpleproblemsgaveresearcherscon�dencethatthesetechniques

would alsowork on moreandmorecomplex problems.Unfortunatelythis hasnot always

beenthecase.Theinability to scaleup hasbeenoneof themostnotoriousroadblocksto

thesuccessof Arti�cial Intelligence.

Letsconsiderthesimplestform of learning,namelymemorization,alsoknown asrote

learning.An agentcaneasilylearnthat“WhenI seeA, I shoulddoB”. Thiswill beenough

if ouragentis working in averysimpleenvironment.But aswescaleoursystemupto deal

with environmentswhich arecloserto thoseencounteredin therealworld, we discover a

problem.It cannotpossiblylearnwhat to do in every possiblesituation,therearejust too

many. Yet peoplecanstill managein thesecomplex environments.We draw on previous

experienceswhichweresimilar to theonewearein now, andinfer thatasimilaractionmay

beappropriate.In otherwords,weusespeci�c informationmoregenerally. Wegeneralize.

A numberof representationscanbe usedto incorporategeneralizationinto an agent,

including arti�cial neuralnetworks, decisiontrees,and rules. This thesisis concerned

primarily with usingevolutionarycomputationto evolve rule systems.More speci�cally,

we comparethreecommonlyusedgeneralizationmechanismsin a classof rule learning

systemscalledPitt approachsystems.

1
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1.1 An Intr oduction to Evolutionary Computation

The�eld of EvolutionaryComputationencompassesseveralsimilar, but originally separate

branchesof research.The most well known is the GeneticAlgorithm (GA) (Goldberg,

1989),but alsoincludedareEvolutionaryProgramming(EP)(Fogeletal.,1966),Evolution

Strategies(ES)(Bäck,1996)andGeneticProgramming(GP)(Koza,1992).While mostof

theseoriginatedindependentof oneanother, they all sharesimilar conceptsandgoals.

Thebasicideaof anEvolutionaryAlgorithm(EA) is touseDarwin'sideasof reproduction-

with-variationandsurvival-of-the-�ttest in orderto simulateevolution within a computer.

Most of the time EC is usedto evolve solutionsto problems.Therehave beena number

of successstorieswhereEC hasfound surprisinglygoodsolutionsto somevery dif�cult

problems.Oftenthough,anEA canbeoutperformedin any givendomainby analgorithm

designedspeci�cally for that domain. Hence,EAs are usually bestappliedin domains

whereno goodalgorithmexists.

The terminologysurroundingthe �eld of EC is full of analogiesto naturalevolution.

Eachpotentialsolutionto theproblemis calledanindividual. Eachindividual is madeup

of genes(often just a setof numbers),andis assigneda �tness which is a measureof its

quality. A special�tness function mustbe written to evaluatean individual. A groupof

individuals,calledapopulation,is storedandmodi�ed with eachiterationof thealgorithm.

Iterationsarereferredto asgenerations.

The algorithmsthemselvesvary slightly, but thereis always one commontheme: a

limited resource.Thereis eithera limitation onthenumberof individualswhichcanrepro-

duce,or on thenumberthatwill survive. In eithercase,theselectionof theseindividuals

is basedon their �tness. Individuals in eachnew generationcarry forward genesfrom

the previous generations,andthe individualswhich aremore�t will tendto survive and

reproduce.

It is importantto notethat reproductioninvolvesmorethanjust makingan exact du-



3

plicateof an individual. Somevariationis necessaryaswell. Someformsof EC simulate

sexual reproductionby takinggenesfrom two or moreindividualsandrecombiningthem.

This is calledcrossover. Most EAs simulategeneticmutationeitherby occasionallymak-

ing randomcopy errors,or by slightly perturbingsomeor all of thegenes.Somesystems

usecustommadegeneticoperatorswhich work well in speci�c problemdomains.

Up to this point I have left the issueof how individualsarerepresentedfairly vague.

Thatis becausemany differentrepresentationsarepossible.While muchof theearlywork

focusedon �x ed lengthstringsof numbers,someof the moreinterestingresearchin the

�eld involvesalternative representations.A varietyof differentrepresentationshave been

usedsuccessfully, including�nite statemachines(Fogeletal.,1966),neuralnetworks(Har-

vey et al., 1993),LISP s-expressions(Koza,1992),andrule sets(Holland andReitman,

1978;Smith,1980).

All of therepresentationslistedabovewereusedwith thesamegoalin mind: to evolve

somethingcapableof performingcomputation.Therestof this thesisfocuseson onespe-

ci�c representation,namelysetsof rules. In thenext sectionI will describehow rule sets

canbeevolved.

1.2 Rule Learning usingEvolutionary Computation

Therearetwo main approachesto doing rule learningusingEC, the Michigan approach

(HollandandReitman,1978)andthePittsburgh approach(Smith,1983),both namedaf-

ter the universitieswherethey were �rst introduced. The biggestdistinguishingfeature

betweenthe two is that in the Michiganapproach(alsoreferredto asLearningClassi�er

Systems)anindividual is asingleruleandtheentirepopulationcooperatesin orderto per-

form a giventask,whereasin thePittsburgh (or Pitt) approacheachindividual represents

anentirerule-set,andis evaluatedseparatelyfrom theotherindividuals.

TheMichiganapproachhastheadvantagethatit requireslessmemoryandfewer eval-

uations,but the downsideis that a credit assignmentalgorithmmustbe implementedin
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orderto apportion�tness to eachof therules.ThePitt approach,on theotherhand,avoids

the credit assignmentissueentirely, sinceevaluationonly needsto occur at the rule-set

level. ThePitt approachdoeshavetheaddedcomplexity of avariablelengthrepresentation

though.Thiscanbelookedatasbothanadvantageandadisadvantage.Thevariablelength

representationis �e xible in that thesizeof the individualscangrow or shrinkuntil anap-

propriatenumberof rulesareavailableto solve theproblemat hand.Thedownsideis that

rule setstendto grow uncontrollablyunlesssomemechanismis put in placeto discourage

thisgrowth. Thework in this thesiswasdoneentirelyusinga Pitt approachsystem.

Rulelearningsystemscanbeappliedto avarietyof problemdomains.Someexamples

of successfulapplicationsincludegameplaying(Smith,1980),autonomousrobotcontrol

(Grefenstette,1988)andconceptlearning(Janikow, 1993). Although thesedomainsare

often very differentfrom eachother, the internalworkingsof a systemoften remainrel-

atively unchangedfrom onedomainto thenext. In thenext sectionI will brie�y discuss

whatgeneralizationmeansin arule learningsystem,andafew approachesthatcanbeused

to implementit.

1.2.1 Generalization

The Merriam-Websterdictionary de�nes generalizationas “the act or processwhereby

a responseis madeto a stimulussimilar to but not identicalwith a referencestimulus.”

It is basedon the assumptionthat when one is in a situationthat is similar to one that

was encounteredpreviously, the sameaction that was successfulthen will probablybe

successfulnow. Of course,theway thatwe de�ne similarity canbevery important.

But how doesoneimplementgeneralizationin a rule? A rule which coversonly one

situationis saidto beveryspeci�c, whereasonewhichcoversmany situationsis general.A

generalizationmechanismis anythingwhichallowsarule to covermorethanoneinstance.

I will be studyingthreecommonlyusedgeneralizationmechanisms,all of which has

beenusedin both Michigan andPitt approachclassi�ers. The �rst, andmostcommon,
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is wildcards.Givena binaryrepresentation,wildcardsareimplementedby addinga third

symbolto thegenealphabet,the“#” symbol.Thisactsasa “don't care”symbolandwhen

it is in theconditionsectionof arule it will matchbothzerosandones.Wildcardscanhave

two effects.First, they canallow atermto bedroppedfrom theconditionwheneverybit is

awildcard.Second,they canspecifyrangesfor sometermswhenonly someof thebitsare

wildcards.

Thesecondgeneralizationmechanismis calledpartialmatching.Givena sensorinput,

a matchscoreis calculatedfor eachrule by countingthenumberof bits which matchthe

bits in the condition sectionof that rule. The rule with the highestmatchscoreis the

winner. This is essentiallythesameaschoosingtherule whoseconditionis closestto the

sensorinput in hammingspace.Becauseof this, it is similar to nearestneighborlearning

algorithms.

The�nal generalizationmechanismI will exploreis ahybridof thetwo approachesjust

described.Therearesomeimportantissuesto considerwhencombiningtheseapproaches

which will needto beexploredin theprocess.First though,thereis anotherissuerelated

to generalizationwhichshouldbediscussed.

1.3 Research Goals

Thegoalof thisresearchis tounderstandgeneralizationandgeneralizationmechanismsata

deeperlevel. Thereareanumberof issuesto considerwhenevaluatingthesegeneralization

mechanisms.

OneissueI will explore is theeffect that thesemechanismshave on thequality of the

answer. Are wildcardsableto representasolutionbetterthanpartialmatchingcan,or vice

versa?Of courseI will not beableto geta de�niti ve answerto this question.In fact, the

answeris almostcertainlydependenton theproblemdomainbeingexplored.

Learningtime is anotherimportantaspectto consider. If oneapproachtakes10 times

aslongto evolveasolutionthantheother, thatcangreatlyaffectonesdecisionaboutwhich
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to usein their system.I would like to know whatimpactthesegeneralizationmechanisms

havehere.

Anotherissuewhich is tangentiallyrelatedto generalizationis thecompactnessof the

solution. Everythingelsebeingequal,a solutionwhich containsfewer ruleswill bemore

desirable.A limiting factorin our ability to compacta rule setwill be thegeneralization

mechanismused.Soourability, or inability to generatecompactrulesetswill at leastgive

ussomeinsightinto thedifferencesbetweengeneralizationmechanism.

The�rst setof experimentswill demonstratethatwildcardsandpartialmatchingeach

work well in somedomains,andnot others.My hypothesisis thata combinationof these

approaches,thehybrid,will still berobust in thesedomains.In addition,I will attemptto

createa modelwhich will explain, andperhapspredict the resultswe seein the various

domains.

In chapter2 I will presenta backgroundof similar research,followedby a description

of thesystemarchitecturein chapter3. Chapters4 and5 describetheresultsfrom two sep-

arateproblemdomains.Theconceptlearningdomainfavorswildcardsasa generalization

mechanism,whereastheroboticsmicro air vehicledomainfavorspartialmatching.Chap-

ter 6 containsa searchfor anexplanationof the results,concludingwith chapter7 which

summarizesthe�ndings of thethesis.



2. Background

This chapterreviews relatedresearchinto evolutionaryrule learning. As discussedin

the introduction,therearetwo majorcategoriesof systems,namelytheMichiganandthe

Pitt approaches.Bothapproacheshavemany of thesameissuesto dealwith whenit comes

to generalization,thereforeI will bediscussingthemboth.

2.1 Michigan Approach

2.1.1 Holland

Holland wasprobablythe �rst to suggestrulesasa representationthat could be evolved

effectively. In hispaper, Holland(1971)�rst describedclassi�er systems(arule is referred

toasaclassi�er)andproposedaprogressionof systemstobedevelopedin fourphases.The

�rst phase(prototypeI) wasa simplestimulus-responsesystem.Eachphaseaddedmore

complexity to the model, working up to the last phase(prototypeIV) which contained

internalmemoryandadaptablesensorsandeffectors. He even went on to devise a rule

languagethat would be computationallycomplete(Holland, 1975),althoughno onehas

ever implementedit. The �rst implementationof any evolutionaryrule learningsystem

wasHolland'sclassi�er system(HollandandReitman,1978).

Classi�er systemsdiffer signi�cantly from the typical geneticalgorithmin the sense

that an individual doesnot containthe entiresolution. Instead,eachindividual is part of

thesolutionandtheentirepopulationtogethermakesup thetotal solution.This hassome

interestingconsequences.It meansthatduringselectiontheindividualsarein competition

with eachother, but duringevaluationthey mustcooperate.Also, sincethepopulationis

7
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evaluatedasa whole,somemechanismmustbeput in placewhich dividesup theevalua-

tion result,anddolesit out to eachof the rules(as�tness) dependingon how muchthey

contributedto the�nal result.This is generallyreferredto ascreditassignment.

Someof thedetailsof a typical classi�er systemwill bedescribedpresently. Eachin-

dividual is a singlerule, andconsistsof a �x ed numberof genes.The genealphabetis

f 0, 1, #g, wherethe“#” symbolis a “don't care”symbol. Rulesconsistof two parts,the

conditionandtheaction.During evaluation,theconditionsectionof eachrule is matched

with input comingfrom theenvironment. This is wherethe “#” symbolcomesinto play,

becauseit will matchbotha 0 or a 1. All the rulesthatmatchthe input areplacedinto a

matchsetS. At this point, somesort of con�ict resolutionmechanismneedsto be used

to decideeitherwhich rule to �re, or which actionto take. Holland useda bidding sys-

tem which wasclosely relatedto his con�ict resolutionmechanism,the bucket brigade.

Eachrule hada strengthassociatedwith it, which wasequivalentto therule's �tness. The

strengthdeterminedhow mucha rule wasallowed to bid in determiningwhich actionto

take. Over time,thebucketbrigadewouldadjustthestrengthof therulesdependingonthe

relativesuccessof theoutcome.

This new view of thepopulationasa solutionrequiredsomemodi�cations to theevo-

lutionaryalgorithmalso.Early on,GA's weretypically implementedusinga generational

model.In otherwords,ateachgenerationanew setof childrenis createdwhichcompletely

replacestheparentgeneration.In a classi�er system,this approachwould betoo destruc-

tive. Instead,many of theparentsarepreserved,creatinga signi�cant amountof overlap

betweengenerations.This insuresthat successive populationsareat leastsimilar to the

previousones.

2.1.2 Partial Matching

Booker (1982)did someearlywork with classi�er systemsfor his dissertation.He noted

thatHolland'soriginalsystemwasbrittle undercertaincircumstances,andwouldsometime
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have troublelearning.In particularhenotedthatwhennoneof therulesin thepopulation

matchedthe input, therewasno informationavailableto the GA to help guideits search

towardsrulesthatdid match.Whenin thissituation,thealgorithmwasessentiallyreduced

to doingrandomsearch.

In orderto remedythis problem,hesuggestedan improvement:partialmatching.He

implementeda matchscore,which indicatedhow closeeachof the rules had cometo

matchingthe input. Ruleswhich hadcomecloserto matchingreceived a higher�tness,

andsothesearchwouldbefocusedin their direction.

Holland's original solutionto this problemhadbeento seedtheinitial populationwith

many morewildcards,theideabeingthattheseverygeneralruleswouldcovermostof the

input andtheneventuallysettledown to the appropriatelevel of generalization.Booker

useda classi�cationproblemto demonstratethatwith partialmatching,his systemcould

�nd bettersolutionsin mostcases.It did particularlywell whenthe populationwasnot

seededwith a largenumberof wildcards.

2.1.3 Generalization

Wilson wasinvolvedwith classi�er systemsfrom anearlypoint. Much of his earlywork

focusedon agentsin 2-D animatworlds,but in (Wilson, 1994)he decidedto re-examine

thewholeclassi�er approachby creatingtheZerothOrderClassi�er (ZCS).Theideawas

to createthesimplestpossibleclassi�er systemwhich still functioned.This would allow

him to determinewhich componentswereessentialandwhich werenot. Fromthis simple

startingpoint,hewouldbeableto graduallyaddcomponentsto thesystemandwatchtheir

effects,providing theopportunityto examinehow all thecomponentsinteract.

Wilson's next stepwasto createXCS (Wilson, 1995). This systemwasbuilt on the

informationgainedfrom ZCS,but is amorefull featuredclassi�er system.Oneof its most

interestinginnovationsis thewayrulestrengthsaredetermined.Insteadbasingstrengthon

contribution to the�nal �tness of thepopulation,strengthis insteadbasedon theaccuracy.
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In (Wilson,1998),Wilson examinedgeneralizationin XCS.He showedthatXCS will

createa minimal set of maximally generalruleswhich allow an animatto reacha food

sourcein a simulationenvironment.Themechanismfor generalizationworksasfollows.

Sinceclassi�er �tness is basedon accuracy, ruleswhich aremoreaccurate(e.g. have the

appropriatelevel of generalization)will reproducemorequickly. Thiswill eventuallypush

lessaccuraterulesoutof thepopulation,andthereforeonly ruleswith theappropriatelevel

of generalizationwill remain.

Lanzi (1999)followedup on Wilson's generalizationresearch.He showedthat in situ-

ationswheretheanimatdid not evenly sampleall locationsin theenvironments,thegen-

eralizationmechanismWilson describedbroke down andcreatedover generalizedrules.

Lanzi devisedthe“Specify” operatorto counteractthis problem.This operatoressentially

breaksgeneralrulesdown into morespeci�c rulesin orderto give thema chanceto gaina

footholdin thepopulationagain.

2.2 Pitt approach

StephenSmithdevelopedthePitt approachaspartof his dissertation(Smith,1980)at the

Universityof Pittsburgh. The Pitt approachis similar to the Michigan approachin many

ways,includingthebasicform of therulesandtheternarygenealphabet.Themaindiffer-

encebetweentheseapproachesis in theform of theindividual. In theMichiganapproach,

an individual is a singlerule andthe populationmustcooperateto solve a problem. The

Pitt approachis muchmorelike a standardEA. Eachindividual is de�ned asa setof con-

catenatedrules,andrepresentsthetotal solutionto theproblem.Individualsneverattempt

to cooperate.They only competefor resources,theway they do in astandardEA.

The languageSmith de�ned for his systemwasvery rich, andsomewhatcomplex. It

includedmechanismsfor internalmemory, a“not” operator, andawayto carryinformation

throughfrom the condition to the action. For his experimentsthough,he simpli�ed the

languageto somethinga little moretractable,similar to theway Hollandde�ned different
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levelsof classi�er systems.And aswith classi�er systems,no onehasmanagedto build a

systemwhich takesadvantageof all thecomplexity of theoriginaldescription.

Smith's researchwas aimedat evolving gameplaying agents. The �rst domainhe

experimentedwith wasa mazetraversalproblem.This wasbasicallyusedasa simpletest

casefor tuning parameters.The �nal goal wasto evolve a poker playing agent. He had

to facesomeof thehurdlesthatany gameplaying learnerhasto face. Most importantly,

sinceit wasalwayspittedagainstthesameexpertprogram,it soonlearnedto exploit the

weaknessesof thatprogram.This causedit to play in waysthata humanobserver would

considerto beinappropriate.Smithsolvedthisproblemby addingacritic whichevaluated

gameplayby amorehumanstandard,insteadof justbasing�tnessonthenumberof games

won. All in all, his researchservedto validatetheusefulnessof hisapproach.

Oneof theadditionalcomplexities that thePitt approachaddsto themix is a variable

lengthrepresentation.Smith de�ned specialcrossover operatorswhich couldcreatechil-

drenwhich werepotentiallysmalleror larger thantheoriginal parents.Thehopewasthat

thiswouldgivethealgorithmtheability adaptthesizeof theindividualsto theappropriate

sizeneededto solve theproblem.Unfortunatelythis is not usuallywhathappensin prac-

tice. Instead,theindividualstendto grow uncontrollably, well beyondwhatis necessaryfor

a solution. This phenomenonis very commonamongall variablelengthrepresentations,

andis oftenreferredto asbloat.Thisphenomenonhasreceivedagreatdealof studywithin

the GeneticProgrammingcommunity(Nordin andBanzhaf,1995;Souleet al., 1996;?;

Luke,2000).

In orderto dealwith bloat,Smith(1980)introducedamechanismthatappliedapenalty

to the �tness of longerindividuals. In otherwords,the �tness wasa weightedsumof the

raw �tness andthelengthof theindividual. This approachhasbecomeverycommon,and

is now typically referredto asparsimony pressure.Smith found in his experimentsthat

a penaltywhich is on theorderof 10%of the raw �tness wasappropriatefor controlling

bloatin hissystem.
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2.2.1 ConceptLearning

Thedomainof conceptlearninghasreceiveda lot of attentionfrom theEA rule learning

community, particularlyfrom researchersusingthePitt approach.

Oneof thesesystems,calledGABIL, wasdevelopedby De Jonget al. (1993).GABIL

wasverysimilartoSmith'ssystem,exceptfor therepresentation.GABIL usedabinaryrep-

resentation,but it didn't usewildcardsor partialmatching.Instead,ruleswererepresented

in disjunctive normalform (DNF) This representationprovidesan alternative generaliza-

tion mechanism,andonewhich is perhapsmoreappropriatefor conceptlearningtasks.

GABIL alsointroduceda 2-pointcrossover operatorvery similar to the1-pointcrossover

usedby Smith.

For his dissertation,Janikow (1993) implementedanotherconceptlearning system

called GIL. GIL also useda DNF representation,but differentiateditself from GABIL

in two interestingways. First, Janikow implementeda numberof specializedoperators

speci�cally designedfor doingconceptlearning.Someof theoperatorsweredesignedto

do generalizationandothersweredesignedto do specialization.For example,oneof the

generalizingoperatorswould take two rulesandconstructa third rule which wasthemax-

imally speci�c generalizationof the �rst two rules. Theoriginal two ruleswould thenbe

replacedby thisnew rule.

Thesecondinterestingaspectof GIL wastheway that it controlledbloat. Thesystem

wassetupsothatit wouldbegin by favoring thegeneralizationoperators.Thiswould tend

to createoverly generalsolutions,so graduallymoreandmoreof the positive examples

would be classi�ed correctly, but the negative exampleswould be classi�ed incorrectly.

Then the systemwould graduallyswitch over to preferringthe specializationoperators.

Thiswouldbringthesolutionsbackto thepointwherethey classi�edthenegativeexamples

correctlyalso. Theinterestingsideeffect wasthat this alsocontrolledthebloat. With the

generalizingoperatorstheindividualstendedtogrow, thenthespecializingoperatorswould

causethe individualsto shrink. In the end,the individualswerevery reasonablein size,
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while still veryaccuratein their classi�cations.

TheREGAL system(GiordanaandSaitta,1994;GiordanaandNeri, 1996)is described

by the authorsasbeinga hybrid of the Michigan andPitt approaches,althoughin many

waysit is reallymorelike theMichigan.Eachindividual is asinglerule,andsome(though

notnecessarilyall) of themcooperateto form asolution.A speciallydesignedselectionop-

eratorencouragesbreedingbetweensimilar individuals,causingspeciationto occur. This

allows the systemto moreaccuratelycover multi-modalconcepts.The representationis

similar to the onesusedby GABIL andGIL, but with the additionof the “not” operator,

althoughit couldonly beusedin a limited way.

SandipSenandhisstudentsalsodid someconceptlearningresearchusingPitt approach

systems.His work wasfocusedonusinga�oating point ratherthanabinaryrepresentation

anddevelopingconceptlearningsystemswhichcouldclassifyrealvalueddata.

For example,CorcoranandSen(1994)implementeda systemin which therulesused

rangesasageneralizationmechanism.For eachinputvariable,theconditionsectionof the

rule containeda (low, high) pair. If all the input valuesfell within eachof therangepairs

in a givenrule, thenthatrule would �re. In addition,if thelow valuewasgreaterthanthe

highvalue,it wastreatedasa“don't care”,andthevalueof thatvariablewasignored.This

approachis essentiallythe phenotypicanalogyof wildcards. The spacesthat theserules

coverwill tendto bevery rectangularin shape.

If rangesare the phenotypicanalogyof wildcards, then the approachtaken in the

PLEASEsystem(Knight andSen,1995)is theanalogyof partialmatching.In thissystem,

a rule is really just anexemplar. In otherwords,a rule de�nes a point in the input space,

alongwith an additional�eld indicatingwhat classit belongsto. The input canthenbe

classi�ed by �nding the closestexemplarusinga nearestneighborapproach,andreturn-

ing its class.This hastheeffect of covering thespacein a very differentway. Insteadof

boundariesbetweenclassescuttingorthogonallyalongeachdimension(e.g.verticallyand

horizontally),theboundariescancut at a varietyof angles.Theresultingareaslook much
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like thosein aVoronoidiagram.

CarseandFogarty(1994)developeda Pitt approachsystemwhich learnedfuzzy rules.

Their representationwasbasedon a similar Michiganfuzzy classi�er system(Parodiand

Bonelli, 1993).Eachconditionin therulesde�ned a triangularmembershipfunction,and

wasdescribedby a realvaluedcenteranda width. Thesystemwasappliedto a function

identi�cation learningtask.

2.2.2 Agentsand Robotics

TheSAMUEL system(Grefenstette,1988,1989;SchultzandGrefenstette,1992),arguably

oneof themostsuccessfulruleevolvingsystems,usesaninterestinghybridof theMichigan

andPitt approaches.Individualsareimplementedasrule-sets,but SAMUEL alsousesa

rulebiddingandcreditassignmentmechanismsimilar to thosefoundin aclassi�ersystem.

Credit assignmentis not usedfor assigning�tness, or affecting selectionthough. It is

insteadusedto guide the operatorstoward makingbetterindividuals. During crossover,

thebestrulesfrom both individualsarecombined,andtheworst rulesarediscarded.The

creditassignedto aruleis alsoanindicationof rulestrength,andis usedto resolvecon�icts

duringthematchingphase.

The representationis much more phenotypicthan the previously describedEA rule

systems. Insteadof using binary strings,rules are representedin a much more human

readablesyntax. Variablescanbe representedin a numberof formats,including �oating

point numbers,integersandsymbols.Theconditionsectionof a rule cancontainseveral

clauses,andthoseclausesmight testsomesensorvaluesandnot others.Eachclausecan

testrelationshipsbetweensensorvaluesandconstantsusingmorefamiliar operatorssuch

as“equalto” or “lessthan”.

This representationallows for generalizationin a numberof ways. First, thecompar-

ison operatorsthat I just mentionedoffer one mechanismfor generalizingrules. Also,

SAMUEL hasa way of handling“don't care”situationsthat is perhapsmorenaturalthan
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usingwildcards. SAMUELS rules can be constructedso that they ignore the valuesof

certainsensorsjust by leaving out any clausethat would test for them. This is what we

naturallydo in speechaswell. For example,wewouldnotbelikely to createthefollowing

rule in English: “IF you seean obstaclein front of you AND it doesnot matterwhether

thereis somethingnext to you or not THEN turn right.” Insteadyou would bemorelikely

to createthis rule: “IF you seeandobstaclein front of youTHEN turn right.”

SAMUEL actuallydoespartialmatchingaswell. Whennoneof therulesmatchagiven

sensorinput, therulewhichhasthelargestnumberof matchingclausesis �red.

Bull et al. (1995a)did someresearchwith co-evolving cooperatingPitt approachsys-

tems. The ideawas to evolve separatecomponentsof one larger computationalsystem,

somethinglike a subsumptionarchitecture.The rule systemthey usedwasvery simple.

Individualscontaineda �x ed numberof rules,andstandarduniform crossover wasused.

Generalizationwasimplementedusingwildcards.

In contrastto SAMUEL, oneof the simpler implementationsof a Pitt approachrule

learnerwascreatedby Wu et al. (1999)for thepurposesof controllingmultiple micro air

vehiclesin a surveillancetask.All experimentsweredonein simulation,andtheresearch

never reachedthe point of being testedon real aircraft. The systemwashomogeneous,

meaningall the agentsin the simulationusedthe samerule-setastheir control program.

The agentswereevaluatedbasedon their performanceasa team,not on individual per-

formance.Becauseall theagentsusedthesamerule set,assigning�tness wasa relatively

straightforwardtask.

Their implementationusedabinaryrepresentationwith partialmatchingonly, nowild-

cards.This demonstratedthatpartialmatchingcanbeusedasa viablealternative to wild-

cards,andnot just anaugmentation.Othersystemsthat inherit from this oneincludethe

onedescribedin (Collinsetal., 2000)and(BassettandDeJong,2000).
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2.3 Review of the Research Goals

Beforemoving on to a descriptionof the systemarchitecture,it may be usefulto review

the researchgoalsin the context of previous research.The main goal of this thesisis to

get a deeperunderstandingof generalizationin thesetypesof learningsystems.In order

to accomplishthis, I will comparethreecommonlyusedgeneralizationmechanisms:wild-

cards,partialmatchingandahybridof thetwo. Threeaspectsin particularareimportantto

compare.The�rst is thequality of the�nal solutions.Anotheraspectis thetime required

to do thelearning.And �nally , thesizeor compactnessof the�nal solutionis importantas

well.

Ultimately though,we would like to get somesort of deeperinsight so that we can

understandtheresults.For anexample,let usreferbackto someof Booker's work. When

hecombinedpartialmatchingwith wildcardshesaw animprovementin thequality of the

results.Theexplanationheproposedfor thiswasthatthepartialmatchingofferedcluesto

thealgorithmwhichguidedit towardmoreoptimalsolutions.

Thereis anotherpossibilitiesto considerthough.I notedin theintroductionthatpartial

matchinghascharacteristicswhich are similar to nearestneighborlearningalgorithms.

Combiningwildcardsand partial matchingallows rule setsto cover the input spacein

a fundamentallydifferentway. In machinelearningparlance,the inductive biasof each

of the threegeneralizationmechanismsis different. This could help explain differences

betweenresultsalso.



3. Methods

Thischapteroutlinesthesystemarchitectureusedfor evolving andevaluatingrulesets.

It alsogivesa brief overview of theproblemdomainswhich will beusedfor runningex-

periments.

The designof the systemhasbeenguidedby oneoverarchingstrategy. Namely, to

keepthingssimple. The lesscomplex the systemis, the lesslikely it is that interacting

componentswill createunexpectedsideeffects.

With simplicity in mind, I have chosento implementa Pitt approachsystem. In Pitt

approachsystemscreditassignmentcanbeimplicitly handledby theevolutionaryprocess,

andthereforedoesnot requirethatspecialcreditassignmentcodebewritten. Additionally,

thebiddingandcon�ict resolutionprocessestendto besimpler, in partbecausethereis less

informationavailableto make thesedecisions.

3.1 Ar chitecture

The architectureof this systemconsistsof two major components,the EvolutionaryAl-

gorithm (EA) and the evaluationenvironment. SeeFigure 3.1 for an illustration. The

evolutionaryalgorithmis essentiallythe learningcomponent.The learningthatoccursis

generallyreferredto asoff-line learning(Mitchell, 1997). This is becausethe individuals

do not learnanything while evaluationsareoccurring. In otherwords they cannotlearn

anythingwhile they arein theenvironment.Learningonly occursafterthefact.

To understandtheevaluationenvironment,it is helpful to useaspeci�c example.Imag-

ine thattheproblemdomainis somesortof physicalenvironmentwith a robotin it. Infor-

17
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Figure3.1: Learningsystemarchitecture

mationcomesfrom theenvironmentinto therobot in theform of sensorinput. Therobot

looksoverall therulesit has,and�nds one(or more)in which the“if ” conditionmatches

thecurrentinput. It thenchoosesand�res oneof theserules,whichmeansthatit takesthe

“then” partof therule andsendsit to therobotactuators,thusperformingsomeaction. In

thecaseof therobotdomain,we might do this repeatedlyuntil therobotattainssomesort

of goal,or until sometime limit is passed.

Therobotcanthenbeevaluatedbasedon how ef�ciently it performedits task,or if it

failed,how closeit cameto actuallyachieving its goal. This evaluationis thengivenback

to theEA, andbecomesthe�tnessof therule-set.It is preferableto performthisevaluation

in simulationsincemany thousandsof individualsmayneedto beevaluated.

Themodulewhichmatchestherulesto theinput is calledtherule interpreter. A rulein-

terpreteractsasthecontrolsystemfor theagent,andtherule-setis essentiallytheprogram

thattherule interpreteruses.

Therule interpreterhastheadvantagethat it is somewhat independentof theproblem

domainbeingused.In otherwords,it is portable.Thesamerule-interpretercanbetaken

andplacedin a completelydifferenttypeof agentin a completelydifferentproblemwith

relatively little effort. Of coursetherule setsthatwouldbesuccessfulin thisnew environ-

mentarelikely to becompletelydifferent.
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3.2 Evolutionary Algorithm

The EvolutionaryAlgorithm that I am using is a fairly typical generationalmodel. The

populationof parentsgivebirth to anequalnumberof children.In subsequentgenerations,

all theparentsdie,andthechildrenbecomethenew parentpopulation.

In previouswork (BassettandDe Jong,2000)I useda moreelitist approach,allowing

parentsto survive from onegenerationinto the next. Although this seemedto work rea-

sonablewell, I amconcernedaboutsomeundesirablesideeffectsthatmayoccurin noisy

environments.For example,in a noisyenvironmentanindividual mayreceive anunchar-

acteristicallyhigh �tness score.This “lucky” individual might thenstayin thepopulation

with little chanceof beingdeposedexceptby anotherlucky individual.

My concernis that this situationcould slow the searchdown signi�cantly while the

EA hoveredaroundthis arti�cial local optimum. While therearemany possiblewaysof

dealingwith thisproblem,thesimplestfor now seemsto beto useagenerationalmodel.

3.2.1 Selection

As for selectionoperators,mostPitt approachsystemstendto useproportionalselection.I

haveinsteadchosentournamentselectionfor two mainreasons.First,tournamentselection

is mucheasierto implement,andsecondit still maintainsa high selectionpressuretoward

theendof a runwithout having to use�tness scalingtechniques.

3.2.2 Representation

Althougha large varietyof representationshave beenusedin thesetypesof systems,the

majority of researchershave tendedto usebinary representationswith wildcards. This is

probablybecauseboth the Michigan andPitt approachesgrew out of the GeneticAlgo-

rithmscommunities,which havealwaysfavoredabinaryrepresentation.

Theargumentgenerallymadefor preferringa binary representationover a morephe-
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notypic representationis that it is moreportable(?). Justaboutany type of problemcan

beconvertedinto binaryform. Oncetheconversionis done,therestof thealgorithmis in

place.No extrawork is needed.With aphenotypicrepresentation,on theotherhand,other

changesoftenneedto bemadeto thealgorithmandespeciallyto thegeneticoperators.The

extraeffort canbeworth it though,typically resultingin abetterperformingalgorithm.

One classicexampleof wherethe binary representationcan have someproblemsis

with hammingclif fs (Goldberg, 1989). A Gaussianmutationor a creepmutationon an

integeror realvaluednumberis likely to resultin anew numberwhich is notverydifferent

from original one. In the majority of the problemswe tendto dealwith, this is the kind

of behavior we would like to see. But with a binary representation,the integer 7, for

example,is representedasthebit string'011'. In orderto getan8 ('100') we would need

threesimultaneousbit-�ip mutations.Researchershave beenableto mitigateagainstthis

problemusingGrey coding,but theresultsareoftennot aseffectiveasusinga phenotypic

representation.

Is a binaryrepresentationbetteror worsethana phenotypicrepresentation?I have no

intentionof addressingthis issue.But thefactis thatmany researchersstill usebinaryrep-

resentationsfor legitimatereasons.ThereforeI have chosento usea binaryrepresentation

for my researchaswell, at leastasastartingpoint.

I will berunninganumberof experimentswith andwithoutwildcards,in orderto com-

parethedifferentgeneralizationmechanisms.Whenusingwildcards,thegenealphabetfor

theconditionsectionof ruleswill bethefollowing set:f 0, 1, #g. Otherwisethegeneswill

just bebinarynumbers.Asidefrom this difference,thestructureof theindividualswill be

basicallyunchangedfrom experimentto experiment.

rule1 rule2 rule3

Figure3.2: Exampleindividual
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An individual is composedof a setof concatenatedrules. Thereforeit' s lengthwill

alwaysbe an even multiple of the rule length. In mostPitt approachsystemsthe sizeof

individualsis allowedto vary, with thecrossover operatorbeingthemechanismby which

sizechanges.Someresearchers(Bull andFogarty, 1994)haveoptedfor asimplerapproach,

usinga �x edlengthrepresentationandstandardcrossoveroperators.Thiseliminatesmany

of thecomplicationsthatcomewith thevariablelengthrepresentation,theworstof which

is probablytheissueof bloat.

For thesake of simplicity I have decidedto do thesame.In all my experimentsI will

�x thesizeof theindividualsandusestandard2-pointcrossover.

0##110#0#11 00110100
condition action

Figure3.3: Examplerule

A rule consistsof two parts,a conditionsectionandan actionsection.For any given

problem,aspeci�c rulesizewill bechosen,andall therulesin thesystemwill bethatsize.

Theconditionsectionwill beequalin lengthto all thesensorinput,andtheactionsection

will containwhatever componentsarenecessaryin orderto give actioninformationback

to the environment. In the �gure 3.3, the conditionconsistsof 11 genesand the action

consistsof 8 genes.Thereforetherule lengthis 19.

3.2.3 Operators

Length-basedBit-�ip Mutation

In somesituationsapurebinaryrepresentationwithoutwildcardswill beused.Typically in

this situationonewould usebit-�ip mutation.My expectationis to run experimentsusing

a variety of differentgenomelength,in orderto test the compactnessof the rule sets. It

wasnoticedin earlyexperimentsthat that theappropriatemutationratesalwaystendedto
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be closeto 1/L, whereL is the lengththe the genome.This seemedto the true for many

differentvaluesof L.

Insteadof constantlycalculatingtheappropriatemutationratefor eachgenomelength,

I have chosento createa mutationoperatorwhich will do the job for me. I createdthe

length-basedbit-�ip mutationoperatorwhich allowsmeto specifymutationratesin terms

of mutationsper individual insteadof mutations.It takesa parametercalledEmut , which

de�nestheexpectednumberof mutationsperindividual.Theterm“expected”is usedsince

thereis no guaranteeof exactlyhow many mutationswill occurperindividual.

This mutationoperatoris simply a wrapperaroundthestandardbit-�ip mutationoper-

ator. First, thestandardmutationrateis calculatedusingthefollowing formula:

Pmutate =
Emut

l
(3.1)

wherePmut is theprobabilityof mutatingagene,Emut is theexpectednumberof mutations

per individual, andl is thegenomelength. Thenthestandardbit-�ip mutationoperatoris

calledusingPmut astheprobabilityof mutation.

Wildcard Mutation

Thereis alsoa specialmutationoperatorfor usewith wildcards.In this system,wildcards

canonly exist in theconditionsectionof rules.Many classi�er systemsallow wildcardsin

theactionpartof theruleaswell asthecondition.In somesystems,suchasSmith's, these

wereusedto passdatabit-for-bit throughfrom thesensorsto theactuators.Othersystems

userandomvaluesto specifyvaluesof wildcardsin theactionsectionsof rules.

While eachof thesedifferentapproachesmayturn out to beusefulfor solvingcertain

typesof problems,noneof themarelikely to helpanswerthequestionsposedhereabout

generalization.And becausethey tendto maketheinteractionsin thesesystemsmorecom-

plex, thissystemdoesnotallow them.Thereforethewildcardmutationoperatordefaultsto
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bit-�ip mutationwhenoperatingon a genein theactionpartof a rule. Thesamemutation

rateis usedin bothcases.

Anotherissuethatmustbedealtwith whenit comesto wildcardgeneralizationis cov-

eragearea.If a conceptcoversa largeareaof theinput space,thenthecorrespondingrule

will needalargenumberof wildcardsin orderto coverthatspaceproperly. Givenour three

charactergenealphabetf 0, 1, #g, if mutationis justaslikely to resultin a“#” asit is a0 or

a 1, thenit maytake sometime to reachtheappropriatelevel of generality. This of course

assumesthatsomepathexiststo reachthatmoregeneralrule.

Theclassi�er communityhasdevelopedacoupleof solutionsto thisproblem.The�rst

is to seedtheinitial populationwith a largenumberof wildcards.Thehopeis thatenough

evolution will occurbeforemutationdilutesthegenepool with too many 0's and1's. The

secondsolution is an additionaloperatorwhich createsa new rule whenever an input is

discoveredwhich doesnot matchany of the existing rules. The conditionsectionof the

new rule typically consistsof theunmatchedinput,with somewildcardsthrown in.

ThesolutionI have chosenis to createa mutationoperatorwith a bias. This biascan

be usedto increaseor decreasethe likelihoodthata genewill mutateto a wildcard. The

wildcardbiasis a numberbetween0 and1, andit representtheprobabilitythata mutation

will resultin thegenebeingsetto a wildcard. So, for example,if thewildcardbiasis set

to 0.9, then90%of all mutationswill resultin a wildcard. This allows meto inject more

wildcardsinto thesystemwhenappropriate.Of coursethisparameterneedsto beadjusted

on aproblemby problembasis.

Whena genein a rule condition is selectedto be mutated,the valuewill be set to a

wildcardusingthewildcardbiasastheprobability. Probabilitiesfor settingthegeneto a

0 or a 1 areboth (1 � bias)=2. Unlike bit-�ip mutation,thereis a chancethat the gene

will remainunchangedafter theoperation.Both this featureandthebiasmake it dif�cult

to comparemutationratesbetweenwildcard andbit-�ip mutation. This is why another

versionof thewildcardmutationwasalsocreated.
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Length-basedWildcard Mutation

As mentionedin the descriptionof length-basedbit-�ip mutation,therearesomeadvan-

tagesto specifyingthemutationrateasmutationsper individual ratherthanmutationsper

gene.In particular, a consistentmeasurecanbeusedbetweenexperimentsusingdifferent

genomelengths.

Thelength-basedwildcardmutationsoperatoris intendedto bethewildcardequivalent

of length-basedbit-�ip mutation.Themutationrateis indirectlyspeci�edby indicatingthe

expectednumberof mutationsper individual, on average.Unfortunately, this is not quite

assimpleto calculategiven the wildcard mutationoperatordescribedabove. Becausea

mutationmaynot actuallychangethegene,we have to factorthis into our calculationsas

follows:

Pmut =
Emut

l � Pchange
(3.2)

wherePchange is theprobability that themutationwill actuallycausea thegeneto change

value.

Now we needto calculatePchange. In truth we canonly estimate,its value,andmy

estimateis basedon oneassumptionwhich is not completelyreliable. I assumethat the

numberof wildcardsin any given genomeis equalto the wildcard mutationbias. This

is a somewhat risky assumption.Over time, theevolutionaryprocessmayeitherfavor or

disfavor wildcardsin thepopulation,andtheirnumbermayincreaseor decreaseover time.

Nonethe less,if we allow that this is a reasonableassumption,the calculationlooks like

this:

Pchange = bias(1 � bias) + (1 � bias)

 

1 �
1 � bias

2

!

(3.3)

The �rst term calculatesthe probability that a wildcard will changeto anothervalue,

while thesecondtermdoesasimilarcalculationfor bothzerosandones.
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3.3 Rule Inter preter

Therule interpreteris anessentialpartof the�tnessevaluationof aruleset.Theinterpreter

executesthe rule setasif it werea programof sorts,andis the componentwhich makes

the decisionsfor the agentinteractingwith the simulatedenvironment(see�gure 3.1).

The rule interpreteris an importantpart of rule generalization,sincethis is whereall the

generalizationmechanismsareultimately implemented.Therearetwo main components

of therule interpreter, rulematchingandcon�ict resolution.

3.3.1 Rule Matching

If we take the view �tness evaluationas an agentinteractingwith an environment, the

agentwill make a seriesof decisions,perhapsin discretetimesteps,ultimately trying to

attainsomesortof goal.Theagentwill receiveanevaluationbasedon how closeit comes

to reachingthatgoal,or how ef�cient it wasin reachingthegoal.

At eachtimestepa numberof sensorswill recordinformation from the environment

andsendit asinput into therule interpreter. The�rst thing therule interpreterneedsto do

is searchthe rule setfor a rule, or perhapsa setof rules,which matchthe currentinput.

This is calledrulematching,alsoknown asthematchingphase.Thesubsetof ruleswhich

matchtheinputarereferredto asthematchset,or S.

Thereis rarelyaoneto onemappingof inputstringsto rules.Usuallyasinglerulewill

mapto numberof input strings.This one-to-many mappingis accomplishedusingvarious

generalizationmechanisms,aswehavealreadydiscussed.At therisk of beingrepetitious,

thegeneralizationmechanismsusedin this systemwill now bedescribedin detail.

Partial Matching

Partial matchingis probablythe easiestgeneralizationto implement. Until recently(Wu

et al., 1999),partial matchingwasreally just viewed asa way to enhancegeneralization
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usingwildcards.

Whenusingpartialmatchingalone,therepresentationis strictly binary. Thereareno

'#' characters.Theconditionsectionof eachrule is comparedto theinput,andthenumber

of bitswhichmatcharecounted.Thismatchscoreis assignedto eachrule. Therulewhich

hasthehighestmatchscoreis placedin thematchsetS. In thecaseof ties,all the rules

which tie for thehighestscoreareplacedin S.

Wildcards

Whenwildcardmatchingis used,theconditionsectionof theruleswill containgeneswith

the'#' character. Matchingrulesarefoundby againcomparingtheconditionsof therules

with theinputstring. In thiscase,only ruleswhichhaveanexactmatchwith theinputwill

beaddedto S, but the'#' characterwill matchbothzeroesandones.

This is consistentwith the way Smith (1980)implementedmatchingin his LS-1 sys-

tem. HollandandReitman(1978),on theotherhand,implementedanadditionalcon�ict

resolutionmechanismwhich countedthenumberof wildcardsthatwereusedin orderto

matchthe input. Ruleswhich usedfewer wildcardswereconsideredmorespeci�c, and

thereforereceivedprecedence.

As a baseline,I have implementedwildcard matchingwithout the additionalcon�ict

resolutionstep.TheHybrid mechanism,describednext, cando somethingsimilar to this

con�ict resolutionby usingpartialmatching.

Hybrid

Booker (1985)showedthat in a classi�er system,a hybrid of thesetwo approachescould

outperforma systemthat usedjust wildcards. Booker implementedpartial matchingin

two similar, but separatesituations.The�rst situationoccurswhenthereareseveralrules

whichmatchtheinputstring. In thiscase,amatchscoreis assignedto eachmatchingrule,

andit is calculatedby countingthenumberof 0's and1's (i.e. non-wildcards)in therule's
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condition.I' ll referto thisnumberasn1. Therationalefor thisapproachis thata rulewith

fewer wildcardsis morespeci�c, andshouldbe moreapplicableto the situationat hand.

Thisessentiallyprovidesamechanismfor allowing exceptionsto verygeneralrules.

Thesecondsituationwherepartialmatchingwasimplementedis thecasewherenone

of the rulesmatchedthe input. In this case,thecalculationof thematchscoreis slightly

morecomplicated.Two initial calculationsareneeded.Thenumbern2 is determinedby

countingthenumberof exact(non-wildcard)matchesbetweentheinputandthecondition,

andn3 is thenumberof wildcardmatches.Thematchscoreis thencalculatedas

M =
n2 + ! n3

l2
(3.4)

where! is aconstantbetween0 and1,usedto diminishthevalueof wildcardmatches,and

l is thelengthof theconditionstring. Presumablythe! constantwasincludedin orderto

discourageover-generalization.Booker reasonedthat ! shouldhave a valuegreaterthan

1/2,since2 randombits will matchabout50%of thetime. He ranexperimentswith ! set

to 3/4 and1, andfoundthata valueof 1 wasmoreeffective.

In Booker's system,the matchscorealsocontributedto the �tness of a rule. This is

why hedividedthematchscoreby l2. He didn't wanta disproportionateamountof �tness

beingassignedto rulesthatdidn't actuallymatchthe input. Insteadhewantedthematch

scoreto assertasubtlein�uence which wouldguidetheEA in theright direction.

In a Pitt approachsystem,�tness isn't assignedto therules,sowe don't needto worry

aboutsofteningtheeffectsof thematchscore.ThereforeI have removedthe1=l2 compo-

nentfrom thecalculation.Also, I havechosento mergethetwo calculationsinto one,thus

eliminatingthedistinctionbetweenanempty, andanon-emptymatchsetS. Consequently,

thematchscorecalculationI will beusingin my hybridsystemis thefollowing.

M = n2 + ! n3 (3.5)
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3.3.2 Con�ict resolution

Con�ict resolutionrepresentsthe otherhalf of the rule interpreter. Rule matchingdeter-

minesthe matchsetS of ruleswhich matchedthe currentinput. The con�ict resolution

componentdetermineswhichof thoseruleswill �re.

In Smith's system(Smith, 1980), all the rules were allowed to �re, and the con�ict

resolutioncomponentneededto determinewhich actionto take. This wasdoneby taking

a vote. Theactionwhich hadthemostrulesadvocatingits usewaschosen.In thecaseof

ties,thechoicewasmaderandomly.

Wu et al. (1999)implementeda simplerapproach.WhenS containedmultiple rules,

onewasjust chosenrandomly. This hastheeffect thattheresultmaybenon-deterministic

though.For someproblemdomainsthismaynotbeaproblem,andin factfor someit may

even offer a real advantage.For the sake of simplicity, I have chosenthis approachfor

doingcon�ict resolutionaswell.

3.4 ProblemDomains

It is important to �nd someproblemdomainsto act as testbedsfor this research.The

mainfactorusedin selectingthemwasto �nd domainswhichwereverydifferentfrom one

another, in the hopesthat this might highlight importantdifferencesin the generalization

mechanisms.

3.4.1 ConceptLearning

Generalizationhasbeena focusof researchin themachinelearningcommunityfor a long

time. Oneclassof problemwhichhasbeenusedoftenfor this researchis conceptlearning.

The endresultof conceptlearningis a programwhich canclassify itemsbasedon a set

of featuresor parametersassociatedwith it. As example,supposewe wantedto classify

mushroomsaspoisonousor not. We might usefeaturessuchasheight,shapeandcolor to
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do so.

An algorithmlearnsby beingfed a seriesof examples,alongwith thecorrectclassi�-

cations.Whenlearningis �nished, theclassi�er shouldat leastbeableto correctlyclassify

theexamplesit hasalreadyseen.Generalizationcanthenbetestedby attemptingto clas-

sify exampleswhich have never beenseenbefore.Chapter4 dealswith applyingthis EA

learnerto aconceptlearningproblem.

3.4.2 Robotics

A very differenttypeof domainis learninga controlsystemfor a robot. Becausea robot

will needto make many decisionsover andover beforeit reachesit' s goal, the is often

referredto as a sequentialdecisionmaking task. Generalizationcan play an important

role becausetherobotwill befacedwith situationsit hasnot seenbefore,bothduringand

after learning.In chapter5, theresultsof this rule learneroperatingin a simulatedrobotic

domainwill bepresented.



4. ConceptLearning Domain

A conceptlearningdomainmakesa goodtestbedfor researchinggeneralizationfor a

numberof reasons.A greatdealof machinelearningresearchhasbeendoneontheseprob-

lems,giving ussomeideaof how to proceedandwhatto expect.Also, they aregenerally

lesscomplicated,andmuchlesstime consumingthana roboticsdomain.Hopefully some

of thelessonslearnedherecanbeappliedwhenmoving on to evolving behaviors.

4.1 Cars Database

TheUniversityof Californiaat Irvine (UCI) maintainsa largerepositoryof conceptlearn-

ing problemswhicharefreelyavailablefor research.To preventaddinga lot of complexity

to thesystem,I avoideddatasetswhichusedrealvaluesor incomplete�elds. Pickingado-

mainwhich resultedin rulesthatweresimilar in structureandsizeto theroboticsdomain

wasalsoconsidered,in thehopesthatthiswouldaid in acomparisonbetweenthedomains.

For thesereasons,the“Car” databasewaschosen.

This databasewasengineeredto to validateandexpertsystemlearningprogram.The

premiseis a rating systemfor carsbasedon a numberof salientfeatures. This model

wasdevelopedasan examplecasefor teachingexpert systemdevelopmentandwas�rst

introducedin (BohanecandRajkovic, 1988).

The goal is to categorize carsas to their desirability for purchasebasedon certain

characteristics.Among the characteristicsarecost (buying price andmaintenance),and

safetyandcomfort(numberof doors,trunksize,andnumberof peoplethatcanbecarried).

Eachof theseattributesis givena symbolvalue,sucha low, mediumor high. Theseare

30
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Table4.1: Cardatabaseattributes

Feature Values
buying vhigh,high,med,low
maint vhigh,high,med,low
doors 2, 3, 4, 5-more
persons 2, 4, more
lug boot small,med,big
safety low, med,high
class unacc,acc,good,vgood

Table4.2: Car databasestatistics. This table indicatesthe relative numberof examples
whichareassociatedwith eachclass.

Class N N[%]
unacc 1210 70.023%
acc 384 22.222%
good 69 3.993%
v-good 65 3.762%

summarizedin Table4.1.

Thecardatabasecontains1728examples.Thissetcompletelycoversall possiblevalues

for thefeatures.Thenumberof examplesfor eachclassaresummarizedin Table4.2.

4.2 Encoding

The�rst stepsnecessaryfor implementingthis problemis to developa rule structureand

anencoding.Theconditionsectionof theruleswill containeachof the features,andthe

actionsectionwill bea class(classi�cation). SeeTable4.3. Also, all thefeaturesandthe

classesneedabinaryencoding.Table4.4shows theencodingsthatwerechosen.
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Table4.3: Cardatabaserule structure.This tableshows how theattributeandclassinfor-
mationarelaid out in a linearstructureto representa rule.

buying maint doors persons lug boot safety class

Table4.4: Car databasefeatureencoding. Eachattribute andclassareconvertedinto a
binarystringsothatrulescanberepresentedasabinarynumber.

Feature Value Encoding
buying vhigh 11

high 10
med 01
low 00

maint vhigh 11
high 10
med 01
low 00

doors 2 00
3 01
4 10
5more 11

persons 2 00
4 10
more 11

lug boot small 00
med 01
big 10

safety low 00
med 01
high 10

class unacc 00
acc 01
good 10
vgood 11
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4.3 Fitness

Calculating�tness of a rule setis fairly straightforward. For eachexample,the features

aregiven asinput to the rule interpreter, anda a classi�cation is returned(if onecanbe

found). For every correctclassi�cation, the �tness is incrementedby one. If no classi�-

cationis found,or anincorrectclassi�cationis returned,the�tness is not incrementedfor

thatexample.All resultsarereportedasapercentageof correctclassi�cations.

In orderto testthequality of thegeneralization,thesetof examplesis brokeninto two

parts,thetrainingsetandthetestingset. In this case,2/3 of theexampleswererandomly

chosenandplacedin thetrainingset.Theremaining1/3comprisedthetestingset.Rulesets

wereevolvedusingonly thetrainingset. Onceevolution is complete,Thebestindividual

is validatedby classifyingall theindividualsin thetestingset.If a signi�cant differenceis

seenbetweenthetwo evaluations,thatis oftenanindicationthatthegeneralizationis poor.

4.4 Results

4.4.1 Sensitivity Study

Beforeperformingtheexperiments,I performedsomesensitivity studiesto makesurethat

reasonablevalueswerebeingusedfor theparameters.Oneof the�rst parametersstudied

waspopulationsize.Althoughmy resultsarenotpresentedhere,I foundthat50seemedto

be a reasonablesize. Experimentswith 25 individualsproducedinferior results,whereas

resultsusing100individualswerecomparableto thosewith 50.

The length-basedmutationoperatorsdescribedearlierweredevelopedso that a con-

sistentmeasurecould be usedfor mutationratewhendifferentgenomesizeswereused.

To validatetheseoperators,a studywasdoneusingusingindividualscontaining10 rules,

andindividualscontaining100rules.Experimentswereperformedusingseveraldifferent

valuesof Emut . Seetable4.5 for theotherparametersettingsused.Theresultsareshown

in �gure 4.1.
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An explanationof thisgraphis in order. Eachpointon thegraphplotsthe�tness of the

bestindividual found at the endof a run, averagedover 10 runs. Four experimentswere

runwith individualscontaining10rules,eachexperimentusingadifferentvaluefor Emut .

Theseresultsfor thelower line onthegraph.Theupperline showstheresultsfor thesame

setof experiments,but in thiscase,individualscontained100rules.All of theseresultsare

only from thetrainingphase.

The import thing to note is that the optimal value for Emut is likely the same,even

thoughthegenomesizesarequitedifferent.Thisdoesindeedprovideaconsistentmeasure

for differentgenomesizes. The resultsusingthe testingsetshow similar curvesaswell.

Studieswerealsodoneusinglength-basedwildcard mutation,andagainthe resultswere

similar to �gure 4.1.

Anotherparameterthatneedstuning is thewildcardbiasin thewildcardmutationop-

erator. Initial experimentshaveshown thatif individualsdo notcontainenoughwildcards,

the resultsaresub-optimal. Of coursetoo many wildcardscanhave a similar effect be-

causeover-generalruleswill haveadif�cult timedistinguishingbetweendifferentinput. It

is importantto �nd theappropriatemiddleground.

Theparametersin table4.6 describetheexperimentconductedto �nd theappropriate

wildcardbiasfor this problemdomain. Figure4.2 plots the resultsof theseexperiments.

Eachpoint in theplot representstheaverageof 10 runsandtheerrorbarsshow the95%

con�denceintervals. The resultsshow that thebestvaluefor wildcardbiasappearsto be

near0.6. I havechosenthisnumberfor usein all furtherexperiments.

4.4.2 Wildcards

This next setof experimentswererun usingwildcardsfor generalization.A numberof

genomesizeswereusedto getanideaof how compacttherulesetscanbe.Theparameters

for thewildcardexperimentsaregivenin table4.7.Theresultsin �gure 4.3show thatthere

is probablyno advantagein usingmorethan50 rules. Theresultson thetestsetseemthe



35

Table4.5: Parametersfor mutationratesensitivity studyin theconceptlearningdomain

Parameter Value
Populationsize 50
Generations 2000
Selection Tournament
Crossoveroperator 2-point
Crossover rate 0.8
Mutationoperator length-basedbit-�ip
Emut (expectednumberof mutationsperindividual) 0.25,0.5,1.0,1.5

Figure4.1: Resultsof mutationratesensitivity studyin theconceptlearningdomain.Each
pointon thegraphrepresentsthe�tness of thebestindividualafter2000generations,aver-
agedover 10 runs. Theerrorbarsindicatethe95%con�denceinterval. Only thetraining
dataresultsareplotted.
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Table4.6: Parametersfor wildcardbiassensitivity studyin theconceptlearningdomain

Parameter Value
Populationsize 50
Generations 2000
Selection Tournament
Crossoveroperator 2-point
Crossoverrate 0.8
Mutationoperator length-basedwildcard
Wildcardbias 0.2,0.4,0.6,0.8,0.9
Emut 1.0

Figure4.2: Resultsof a wildcard biassensitivity study in the conceptlearningdomain.
Eachpointon thegraphrepresentsthe�tness of thebestindividualafter2000generations,
averagedover10 runs.Theerrorbarsindicatethe95%con�denceinterval.
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sameaswith 50 rules,if not slightly worse.

4.4.3 Partial Matching

The parametersfor the partial matchingexperimentsare in table4.8, andthe resultsare

shown in the �gure 4.4. In this caseit appearsthatno morethan20 rulesshouldbeused

sincethe resultsin the testsetstartdecreasingwhenmorerulesareused. This is most

likely causedby therulesetsbecomingover�t to thetrainingdata.

4.4.4 Hybrid

The�nal setof experimentsperformedin this domainweredoneusingthehybrid match-

ing. Table4.9shows theparametersusedin theexperiments,andtheresultsareshown in

�gure 4.5. Overall, seemsimilar in characterto thoseusingwildcards.Not muchperfor-

mancecanbegainedby usingmorethan50rules.Perhapseven20 is enough.

4.5 Comparison

Of course,whatwearemostinterestedin is comparingthesethreeapproaches.Figure4.6

show the previous resultsplottedtogetherfor easiercomparison.The plot on the top is

training, andon the bottom is testing. Sincewe are concernedwith generalization,the

testingresultsarereally themostinteresting.

We seethatexceptfor very small rule set,thewildcardsoutperformthepartialmatch-

ing. Somewhatof a surprisethoughis thatthehybrid actuallyoutperformsthemboth. To

con�rm this, a one-way ANOVA wasperformedon theresultsfrom the threetechniques.

Separatetestsweredonefor eachgenomelength.A Tukey-meansposthocanalysisshowed

thattheresultfor thehybridwerealwayssigni�cantly differentfrom theothertwo.

My expectationswasthatthehybridwouldneverdothebetterthanthebestof theother

two. This resultthatit did betterthanbothwassomewhatof asurpriseto me.
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Table4.7: Parametersfor wildcardexperimentin theconceptlearningdomain

Parameter Value
Populationsize 50
Generations 2000
Selection Tournament
Crossoveroperator 2-point
Crossoverrate 0.8
Mutationoperator length-basedwildcard
Wildcardbias 0.6
Emut 1.0
Genomesize 5, 10,20,50,100
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Figure4.3: Resultsof wildcardexperimentin theconceptlearningdomain.Eachpointon
thegraphrepresentsthe�tness of thebestindividualafter2000generations,averagedover
20 runs.Theerrorbarsindicatethe95%con�denceinterval.
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Table4.8: Parametersfor partialmatchingexperimentin theconceptlearningdomain

Parameter Value
Populationsize 50
Generations 2000
Selection Tournament
Crossoveroperator 2-point
Crossover rate 0.8
Mutationoperator length-basedbit-�ip
Emut 1.0
Genomesize 5, 10,20,50,100
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Figure4.4: Resultsof partialmatchingexperimentin theconceptlearningdomain. Each
pointon thegraphrepresentsthe�tness of thebestindividualafter2000generations,aver-
agedover20 runs.Theerrorbarsindicatethe95%con�denceinterval.
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Table4.9: Parametersfor hybridexperimentin theconceptlearningdomain

Parameter Value
Populationsize 50
Generations 2000
Selection Tournament
Crossoveroperator 2-point
Crossoverrate 0.8
Mutationoperator length-basedwildcard
Wildcardbias 0.6
! (wildcardvalue) 0.75
Emut 1.0
Genomesize 5, 10,20,50,100
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Figure4.5: Resultsof hybrid experimentin the conceptlearningdomain. Eachpoint on
thegraphrepresentsthe�tness of thebestindividualafter2000generations,averagedover
20 runs.Theerrorbarsindicatethe95%con�denceinterval.
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Regardingtheability of theseapproachesrepresentcompactsolutions,it appearsthat

partialmatchinghasarelatively compactsolutionatabout20rulesor so. It just isn't avery

goodsolutioncomparedto theothertwo. With wildcards,thebestsolutionappearsto need

on the orderof 50 rules. Interestingly, andperhapsnot surprisingly, the hybrid inherits

someof the ability partial matchingto compacta solution. The hybrid canlearnquite a

goodsolution(althoughperhapsnot thebest)usingonly 20 rulesaswell.
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Figure 4.6: Comparisonplots of training and testingresultsfor all threegeneralization
techniques(partial matching,wildcardsandhybrid). Eachpoint on the graphrepresents
the �tness of thebestindividual after2000generations,averagedover 20 runs. Theerror
barsindicatethe95%con�denceinterval.



5. Micr o Air VehicleDomain

The secondproblemdomainwhich usedfor evaluatingthesegeneralizationmecha-

nismsis a multi-agentroboticsprobleminvolving micro air vehicles(MAVs). This re-

searchstemsfrom our involvementin a Navy sponsoredprojectwhich is attemptingto

createsmallautonomousaircraft for usein varioussurveillancetasks.TheEA will evolve

controlsystemsfor thesevehicleswhich take theform of stimulus-responserules.

Researchintomulti-agentsystemshassteadilygrownoverthepastfew decades(Mataric,

1994;Bull et al., 1995b;Parker, 2000). Theseenvironmentsprovide someinterestingop-

portunitiesthat single agentsystemsdo not, including chancesto explore cooperation,

competition,agentspecializationanddistributedproblemsolvingall in a complex chang-

ing environment.

5.1 Simulator

Currentlyall of our experimentsinvolve the useof a simplemicro air vehiclesimulator

(See�gure 5.1). The simulationis an overheadview of a 2-D environmentin which the

aircraft canmove above the ground,but cannotchangealtitude. Six identicalMAVs are

placedinto thesimulator, andareallowedto move andturn on eachtimestep.TheMAVs

must�y ataconstantspeed,andcanonly maintainposition

over an objectby learningto �y in circles. As the MAVs move, they canpotentially

collide with eachother. If they do, they are immediatelydestroyed and removed from

thesimulation. MAVs canalso�y inde�nitely in any direction,leaving theareathey are

supposedto becoveringwith little hopeof gettingback.

43
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Figure5.1: Screenshotof theMAV simulator. Theenvironmentconsistsof a largesquare
with low interestanda smallersquarewith higherinterestplacedrandomlywithin it. The
MAVs arestartedat thebottomof theleft edge.
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Theenvironmentcontainsa largesquarewhich is assignedaninterestlevel, in thiscase

1. Thereis alsoa smallersquareof interestlevel 3 somewherewithin the large square.

It' s locationis randomlygeneratedwith eachrun of thesimulator. Everythingelsehasan

interestlevel of 0. Theinterestlevel is meantto indicateto theMAVs theimportanceof an

object,andthepriority thatshouldbeattachedto observingit.

The MAVs arelined up at thebottomof the left edge.Their initial positionsareper-

turbedslightly with eachrun in thehopesthatthey will learnmorerobustbehaviors.

5.1.1 Sensorsand Actions

EachMAV has8 sonarsensorsplacedon the outsideof the vehicleandfacingoutward.

Thesesensorseachobserve a differentpart of the spacearoundthe vehicle,andnoneof

themoverlap.Eachsensorhasa45degree�eld of view. Thishastheeffectof dividing the

areaaroundthevehicleinto octants.Eachsonarobservesasingleoctant.

Therangedatafrom eachsonarsensoris encodedusing2 bits,with 00beingtheclosest

and11thefarthest.If nothingis in range,a11is returned.Thesensorrangecanbeadjusted

asaparameterof thesimulation.

The robotsalsohave a downward facingcamerafacingwith which they canobserve

objectson the ground. Like the sonardata,the cameradatais partitionedinto octants,

indicatingwhatlies in eachcompassdirectionfrom thevehicle.Objectson thegroundare

assignedan interestlevel between0 and3. This interestlevel canbe recognizedby the

camera,andis encodedin 2 bits peroctant.Thereforethetotal numberof bits thecamera

returnsis 16.

Theonly actionavehiclecantake is to turn. Threebitsareusedto encodea turnangle

between-135and135degrees.A turn angleof +/-180is impossible,andso0 degreesis

encodedtwice in orderto provide a biasfor moving straightahead.Thedefault behavior,

shouldno rule �re, is alsoto turn0 degrees.

With 16 bits from all the rangesensorsand16 bits from the camerasensor, the total
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numberof bits for sensorinput is 32 bits. This is alsothenumberof bits in thecondition

sectionof the rules. Sincerulescontain32 bits in the conditionsectionand3 bits in the

actionsection,a singlerule is 35bits long.

5.1.2 Fitness

Oneachtimestep,theteamreceivescreditfor all of theinterestingareasthey observe. The

total observedareafor eachinterestlevel is calculatedandthenmultiplied by that interest

level. Thismeansthatobservinganareaof interestlevel 0 addsnothingthe�tness,whereas

observingsomethingof interestlevel 3 contributes3 timesasmuchvalueassomethingof

interestlevel 1. Any areaobserved by multiple MAVs at the sametime is only counted

once.Fitnessis calculatedby averagingall thecreditreceivedoverall thetimesteps.

Theobjective is to encouragetheMAVs to explore the largersquare(interestlevel 1)

searchingfor the most interestingarea(interestlevel 3). Oncefound, at leastoneMAV

shouldmaintaincoverageof thatareafor aslongaspossible.Theanalogyhereis to thatof

a battle�eld with somesortof enemyasseton it, suchasa tank. We wantour surveillance

planesto �nd thesetargetsandkeepaneyeon themsothatthey do notsurpriseuslater.

It shouldbe notedthat all the MAVs useexactly the samerule set as their control

system.In otherwords,theteamis homogeneous.This makesit simpleto assigna �tness

backto anindividual in theEA. An individual in theEA doesnot representa singleMAV,

it representsa team.

Since�tnessesare essentiallyweightedareacalculations,the numbersproducedare

not easilyunderstood.To make the resultsmorecomprehensible,all �tnessesshown as

a percentageof an ideal score. The ideal scoreis the �tness that would result if oneof

theMAVs wereto maintainconstantcoveragetheareawith interestlevel 3, andtheothers

maintainedcoverageof theinterestlevel 1 area.An individual will never actuallybeable

to achieve this �tness becauseof how theMAVs areinitially placed.

Finally, this domaintendsto be muchnoisier than the conceptlearningdomain. In
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otherwords,therearemorestochasticelementsandsotheresultof a simulationrun vary

greatlydependingon theinitial conditions.Themostcommonway of dealingwith this is

to run thesimulationseveraltimeswith oneindividual,andthenaveragetheresultsfor the

�nal �tness score.

5.2 TestingGeneralization

In theconceptlearningdomainit wasrelatively easyto createa trainingsetanda testing

set. This notion is not so easily transferredto a sequentialdecisionmakingdomain. Is

it meaningfulto identify someinput that the robotshave never seenbeforeandtesttheir

response?How wouldyoudecideif theoutputwascorrector not?Thisquestioncannotbe

answeredwithout understandingthecontext, andthecontext includestheotherrulesthat

arein theruleset.

In orderto testgenerality, wedecidedtesttherobustnessof thesolutions.Rulesetsare

subjectedto a suiteof approximately50 differentenvironments,any or all of which may

havealreadybeenusedduringtesting.Theperformanceoverall of theseis averageto form

thetestresults.

5.3 Results

5.3.1 Sensitivity Study

As with any EA experiments,the �rst stepis to performa few sensitivity studiesso that

we canfeel comfortablewith theparametersettings.As mentionedearlier, this domainis

noisysowewantto run thesimulationseveraltimesfor any givenevaluationof the�tness

function. How many timesdo we run it though?To �nd out I allotteda �x ednumberof

simulationrunsto theEA andthenranseveralexperiments,eachwith a differentnumber

of simulationsruns(or episodes)per evaluation. What this meansis that whenthereare

fewerepisodesperevaluation,therearemoregenerations.
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Table5.1 shows theparametersfor theexperiments,andthe resultsareplottedin �g-

ure5.2. Tenrunswereperformedfor eachexperiment,andeachpoint in thegraphshows

theaverage�tness of thebest(most�t) individualsat theendof theseruns.Althoughthe

variancescanbe ratherhigh in somecases,it appearsthat � ve episodesper evaluationis

appropriate.This

In thisdomainwe againwantto �nd anappropriatevaluefor thewildcardbiasparam-

eterwhich is given to the wildcard mutationoperators.The experimentsparametersare

shown in table5.2 and�gure 5.3 plots the results. Ten runswereperformedper experi-

ment. InterestinglytheEA doesbetterwith evenhighervaluesfor thewildcardbiasthen

whatwereusedin theconceptlearningdomain.A biasof 0.8is usedbothfor initialization

andmutationfor all remainingexperimentswhichusewildcardsin thisdomain.

5.3.2 Wildcards

Table5.3 summarizestheparametersfor theexperimentsusingwildcardsfor generaliza-

tion. Severalgenomesizeswereusedin orderto seehow muchtherule setscanbecom-

pacted.It appearsthatnotmorethan10rulesarenecessaryin orderto representasolution.

Whenwe examinetheactualbehaviors of the bestindividualsof the run, we seethat

they do learn to explore, but they are not alwaysvery good at maintainingcoverageof

the target. Sometimesthey will seethe target,but not changecoursein orderto maintain

positionover it. Most timesthey will keeppositionover the target for muchof the time,

but will suddenlymoveaway from it for noapparentreason.

5.3.3 Partial Matching

Theparametersfor thepartialmatchingexperimentsaresummarizedin table5.4,andthe

resultsof thoseexperimentsareplottedin �gure 5.5. Herewe seeanunusualpeakin the

trainingandtestingresultswhen10rulesareused.Whenmorerulesareadded,thequality

of theresultsgo down again.A similar patternwasseenin theconceptlearningdomainas



49

Table5.1: Sensitivity studyfor thenumberof simulationrunsperevaluationin theMAV
domain.

Parameter Value
Generalizationmechanism Partial matching
Populationsize 50
Simulationrunsperevaluation 1, 5, 10,20
SimulationrunsperEA run 75000
Selection Tournament
Crossoveroperator 2-point
Crossover rate 0.8
Mutationoperator length-basedbit-�ip
Emut 1.0
Genomesize 10

Figure5.2: Resultsof sensitivity studyexploring thenumberof simulationrunspereval-
uation. Eachpoint on the graphrepresentsthe �tness of the bestindividual after 75000
simulationruns,averagedover 10 runs. Theerrorbarsindicatethe95%con�denceinter-
val.
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Table5.2: Parametersfor wildcardbiassensitivity studyin theMAV domain

Parameter Value
Populationsize 50
Simulationrunsperevaluation 5
Generations 100
Selection Tournament
Crossoveroperator 2-point
Crossover rate 0.8
Mutationoperator length-basedwildcard
Emut 1.0
Wildcardbias(initializationandmutation) 0.2,0.4,0.6,0.8,0.9
Genomesize 20

Figure5.3: Resultsof wildcardbiassensitivity studyin theconceptlearningdomain.Each
point on thegraphrepresentsthe�tness of thebestindividual after100generations,aver-
agedover10 runs.Theerrorbarsindicatethe95%con�denceinterval.
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Table5.3: Parametersfor wildcardexperimentin theMAV domain

Parameter Value
Populationsize 50
Simulationrunsperevaluation 5
Generations 100
Selection Tournament
Crossoveroperator 2-point
Crossover rate 0.8
Mutationoperator length-basedwildcard
Emut 1.0
Wildcardbias 0.8
Genomesize 5, 10,20,50,100

Figure5.4: Resultsof wildcardexperimentin theMAV domain.Eachpoint on thegraph
representsthe �tness of the bestindividual after 100 generations,averagedover 20 runs.
Theerrorbarsindicatethe95%con�denceinterval.
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well. In thatcase,thedropoff wasattributedto over�tting of therules. Perhapsthesame

is truehereaswell.

Thebehaviorsof theresultsfrom the10ruleexperimentshow improvementover those

from the wildcardsexperiments.The MAVs show goodexplorationabilities,andalmost

alwaysacquirethetarget.Therarelylosesightof thetargetonceit is found.

5.3.4 Hybrid

The�nal setof experimentsin thisdomainwereperformedusingthehybridgeneralization.

Seetable5.5 and�gure 5.6 for theparametersanda plot of theresults.Theresultsseem

to befairly consistentno matterhow many rulesareused.This impliesthatasfew as� ve

rulesareneededfor a representationusingthisgeneralizationmechanism.Thereis aslight

peakin thetestingresultwith 50 rules,but it is unlikely thatthisdifferenceis signi�cant.

5.3.5 Comparison

Figure5.7 plots the previous resultsfrom the threedifferentmechanismtogetheron two

graphsto makecomparisoneasier. Thebottomgraphshowsthetestingresults,whichis our

main interest.Herewe seethat thesolutionsevolvedusingpartialmatchingand10 rules

seemto give thebestresults.A oneway ANOVA with a Tukey-meansposthocanalysis

showedthatthisdifferenceis signi�cant.

I wassurprisedto seethatthepartialmatchingresultsweresuperiorto thehybridwhen

10 ruleswereused. I hadexpectedthe hybrid to do at leastaswell. To make surethis

wasreally thecaseI decidedto re-runthe10 rule experimentsfor all threegeneralization

mechanisms,but this time I ranthemfor 300generationsinsteadof 100. In eachcase,20

runsweredone.

I have not plottedtheresultshere,but I will describethem. I saw little to no improve-

mentin theresultsfor wildcardsandfor partialmatching.Thehybrid, on theotherhand,

showed a dramaticimprovement. The average�nal �tness wasnow comparableto that
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Table5.4: Parametersfor partialmatchingexperimentin theMAV domain

Parameter Value
Populationsize 50
Simulationrunsperevaluation 5
Generations 100
Selection Tournament
Crossoveroperator 2-point
Crossover rate 0.8
Mutationoperator length-basedbit-�ip
Emut 1.0
Genomesize 5, 10,20,50,100

Figure5.5: Resultsof partialmatchingexperimentin theMAV domain.Eachpointon the
graphrepresentsthe �tness of thebestindividual after100generations,averagedover 20
runs.Theerrorbarsindicatethe95%con�denceinterval.
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Table5.5: Parametersfor hybridexperimentin theMAV domain

Parameter Value
Populationsize 50
Simulationrunsperevaluation 5
Generations 100
Selection Tournament
Crossoveroperator 2-point
Crossover rate 0.8
Mutationoperator length-basedwildcard
Emut 1.0
Wildcardbias 0.8
! (wildcardvalue) 0.75
Genomesize 5, 10,20,50,100

Figure5.6: Resultsof hybrid experimentin the MAV domain. Eachpoint on the graph
representsthe �tness of the bestindividual after 100 generations,averagedover 20 runs.
Theerrorbarsindicatethe95%con�denceinterval.
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of partialmatching.Anotherone-way ANOVA showedno signi�cant differencebetween

partialmatchingandthehybrid. Wildcardsweresigni�cantly differentfrom theothertwo

though.
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Figure 5.7: Comparisonplots of training and testingresultsfor all threegeneralization
techniques(partial matching,wildcardsandhybrid). Eachpoint on the graphrepresents
the �tness of the bestindividual after 100 generations,averagedover 20 runs. The error
barsindicatethe95%con�denceinterval.



6. Search for an Explanation

In this thesisI havesetout to answertwo questions:

1. Is a hybrid approachto generalizationmorerobust thaneitherwildcardsor partial

matchingon their own?

2. Canwegetadeeperunderstandof why onemechanismis betterthananother?

In theprevioustwo chaptersI havedemonstratedthatthehybridmethodis veryrobust,

at leastin two verydifferentdomains.In this chapterI will focuson answeringthesecond

question.

6.1 Wildcard Bias

In orderto getsomeinsightinto whatmightbehappening,I lookedfor differencesbetween

theconceptlearningandMAV domainsotherthanwhichgeneralizationmechanismworks

better. My thinking wasthat if I could �nd somethingelse,it might provide someclues

which leadto somethingmorefundamental.

One thing which seemedodd to me was the differencebetweenthe pro�les for the

wildcardbiassensitivity studies.Figure6.1reprintstheresultsthatwereoriginally shown if

�gure 4.2and�gure 5.3.As areminder, eachof theseplotsweregeneratedusingwildcards

asthe generalizationmechanism.Eachpoint on the plot is the best�tness found after a

�x ednumberof generations,averagedover10 runs.

As canbe seenfrom the graphs,the optimal settingfor wildcard biasin the concept

learningdomainis at approximately0.6, with smallervaluesstill yielding reasonablere-

57
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Figure6.1: Learningresultsusingdifferentwildcard biasesin the conceptlearningand
MAV domains.
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sults. But in the MAV domainthe optimal settingis at 0.8, andperformancedropsoff

rapidlyat lowervalues.

A best-so-far curve of theMAV domainusinga wildcardsbiasof 0.2shows that little

to no improvementoccurredat all during therun. In otherwords,no learningwastaking

place.Whenthebehaviors of theseindividualswasobserved,they werealwaysthesame.

They �e w in astraightline until they �e w off theedgeof theareaof interest.Consequently

they all receivedvery low �tness values.

My suspicionwas that rules were �ring very infrequently, and so the default action

(which wassetto �y straight)wasalmostalwaystaking place. To testthis hypothesis,I

re-instrumentedthe MAV simulatorcollect statisticsaboutthe numberof default actions

thatweretakingplace.WhatI foundwasthatnoneof theruleswere�ring, andonly default

actionswereoccurring.

This leadsto aninterestingobservation.Thenumberof inputexamplesthatarecovered

by asinglerulemaybevery important.For example,if a ruleonly coversonesetof sensor

input valuesthenthesystemcannotinfer whatactiontake whena similar con�guration is

encountered.

Theinitial rule setsarerandomly. If noneof therulesare�ring whenthesimulationis

run,thentheevaluationis pointless.In retrospectit mayhavebeenmoreusefulto makethe

default actionrandominsteadof �x ed. This would increasethechancesthat ruleswould

�re. Nonetheless,rulecoverageis important.

One importantdifferencebetweenthesetwo domainsis the sizeof the rules. In the

conceptlearningdomain,theconditionsectionof arule is x bits long,whereasin theMAV

domainit is y bits. Couldthisbea factorin thedifferencesbetweenthetwo graphs?After

all, if we considera domainwheretheconditionsectionof a rule containsjust two bits, a

rulewith justonewildcardwouldcover50%of theinputspace.But in adomainwherethe

conditioncontains100bits,a rulewith asinglewildcardwouldcoveronly 2%of theinput

space.For thatmatter, a rule with 99 wildcardswould alsocover 50%of the input space.
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Countingthepercentageof wildcardsin a stringis probablynot a thebestway to measure

a rulesgenerality.

Using the following formulawe canmeasuretheamountof input spacecoveredby a

givenrule.

coverage =
2w

2n
(6.1)

Thevariablen is thenumberof bits in theconditionsectionof arule,andw is thenum-

berof wildcardsin theconditionsectionof thesamerule. We canapproximatethevalue

of w by multiplying n by thewildcardbias.Figure6.2shows �gures 4.2and5.3replotted

usingcoverageasthe independentvariableinsteadof wildcardbias. It is importantto re-

memberthatthecoveragescalculatedfor �gure 6.2areonly for asinglerule,not theentire

rule-set.Also, they arejust estimatesbasedon thewildcardbias,andwill vary depending

on how many wildcardsareactuallyin therule.

Nonethe less,we seesomethinginterestinghere.Theplots for the two domainsnow

look very similar. The curve for the conceptlearningdomainpeakssomewhereneara

coverageof 0.04,whereasthe peakof the MAV curve is near0.02. It is dif�cult to tell

exactlywithoutmoredata.

This shows thatthesetwo domainsdo not actuallyqualitatively differ in regardsto the

wildcardbias. In additionto this, we now have a tool which mayhelp to give usa better

ideaabouthow to setthewildcardbiasparameter. Whenworkingwith anew domain,one

shouldchoosea wildcardbiaswhich causesrulesto have a coveragesomewherebetween

0.01to 0.05(i.e. 1% to 5%) of the input space.Sincethe total coverageof therule-setis

alsoimportant,furtherresearchmayshow thatthenumberof rulesin arule-setalsoeffects

thechoiceof wildcardbias.
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Figure6.2: Wildcard biasplottedascoverage.Using the samedatafrom �gure 6.1, the
dependentvariablehasbeentransformedfrom wildcardbiasto representtheratio of rule
coverageto thetotal inputspace.
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6.2 Landscape

WhenBooker did his researchwith hybrid generalization,his working theorywasthatthe

wildcardsdid nothaveenoughof a “gradient” in the�tness landscapefor theEA to follow.

In otherwords,therewereplateausin thelandscapewhichcausedtheGA to stagnatesince

it providednocluesasto wheretheoptimumwas.Bookeraddedpartialmatchingin order

to provideagradientwherepreviously therewasnone.His resultsimprovedwhenheused

thishybrid, lendingstrengthto his theory.

We have alreadyseensomeevidencethatplateausmayexist in thesedomains,at least

whenusingonly wildcardsfor generalization.In theMAV domain,whenthewildcardbias

wasreducedto a very low level (e.g.0.2) learningseemedto ceasealtogether.

In orderto explore this hypothesisfurther, the following approachwasused.A large

numberof individuals were generatedrandomly, and the �tnessesare plotted as a his-

togram.Theideabeingthatif a largeplateauexistsin thelandscapeit will show up in the

histogramasalargespike. If thereis noplateau,thehistogramshouldlook muchsmoother,

probablymorelikeabell curve.

Figure6.3 shows a numberof histogramsfor theconceptlearningdomain. Eachplot

wascreatedby generating100,000randomindividuals.Eachrow demonstratesadifferent

generalizationtechnique.In orderfrom top to bottomthey arewildcards,partialmatching,

andhybrid. Eachcolumnindicatesadifferentsizedrule-set,wheretheindividualsusedfor

theleft columncontain5 rules,andtheonesin theright columncontain100rules.

Of thehistogramsin �gure 6.3,theonly onewhich showssignsof a plateaulandscape

is the5 rulewildcardexperimentin theupperleft handcorner. As wecansee,thelandscape

canbe transformedeitherby addingmorerules(upperright corner)or by addingpartial

matching(lower left corner). This seemsto show that the plateausarecausedat leastin

part by rule setswhich don't cover the completeinput space.As we addmorerules,we

canexpectmoreof thespaceto becovered.Usingthehybridalsoguaranteesthattheentire
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input spaceis coveredby a ruleset.

Thesameexperimentswereperformedin theMAV environmentaswell. Becauseeval-

uationsaremuchmoretime consumingwhenusingthe simulation,only 10,000random

individualsweregenerated.Fitnesswascalculatedaveraging� ve runsof the simulation

usingrandomlygeneratedenvironments.Figure6.4 shows the results.Again theexperi-

mentusingwildcardsandagenomelengthof 5 rulesshowsthestrongestsignsof aplateau,

althoughthis time the�tness of individualson theplateauis notzero,but 10%of theideal

�tness. This correspondsvery closelywith the �tness that is achievedif all six planes�y

straightandnever turn. Interestingly, thereareindicationsof aplateauusingtheothergen-

eralizationtechniqueswith 5 rulesaswell. In all cases,addingmorerulesto the system

seemsto eliminatetheplateaufrom thelandscape.

Theseresultsareuseful,andserve to backup Booker's original hypothesiswhenhe

introducedpartial matching. But they still don't answersomequestionsthat we might

ask.For example,“Why doespartialmatchingseembettersuitedto theMAV domainthan

wildcards?” and “Why doesthe hybrid outperformboth of the otherapproachesin the

conceptlearningdomaininsteadof justdoingaswell asthebestof thetwo?”

6.3 Inducti veBias

Theanalysisof the�tness landscapesgivessomeinsightinto thedifferencesbetweenthese

generalizationapproaches,but doesnotanswerall thequestions.Onepossibleexplanation

for thesedifferencesis inductivebias.Mitchell (1997)de�nesinductivebiasasfollows:

Considera conceptlearningalgorithmL for thesetof instancesX . Let c be

an arbitraryconceptde�ned over X , andD c = fhx; c(x)ig be an arbitrary

setof trainingexamplesof c. Let L(X i ; Dc) denotetheclassi�cationassigned

to the instancex i by L after training on the dataD c. The inductive bias of

L is any minimal setof assertionsB suchthat for any target conceptc and
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Figure6.3: Fitnessgradientsfor theconceptlearningdomain
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Figure6.4: Fitnessgradientsfor theMAV domain
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correspondingtrainingexamplesD c

(8x i 2 X )[(B ^ Dc ^ x i ) ` L(x i ; Dc)] (6.2)

or lessformally

... the inductive bias[of a learningalgorithm] is the setof assumptionsthat,

togetherwith thetrainingdata,deductively justify theclassi�cationsassigned

by thelearnerto futureinstances.

Eachlearningalgorithmhasa differentinductive bias,anddependingon the learning

domainonebiasmayperformbetterthananother. In regardsto thisalgorithm,eachgener-

alizationmechanismalterstheinductivebias,andthis mayberesponsiblefor someof the

resultsseensofar.

6.3.1 Conceptualizingthe different methods

Wildcards

I will try to characterizethe inductive biasof thesegeneralizationmechanismsbeginning

with wildcards. Wildcardsare“don't care” symbols,which meansthat we canhold one

or morevariables�x ed,while otherareallowedto vary. Sinceeachbit is usuallypartof

anencodingfor a largervariablethough,wildcardshave theeffectof allowing someof the

variablesto varyacrosssomesubsetof theentirerangeof values.

Theeffect of this is thatruleswill tendto cover linearor rectangularareasof theinput

space.Figure6.5 illustrateshow a numberof wildcardrulesmight cover a 2-dimensional

inputspace.Thisview of wildcardgeneralizationalsohighlightsoneof it' sgreatestweak-

nesses.Thereareoftenpartsof thespacewhich arenot coveredby any rule. Recallthat

this is why Bookeroriginally experimentedwith addingpartialmatchingto hissystem.
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Figure6.5: Theinductivebiasfor wildcardscanbethoughtof asrectangles.

Partial Matching

Theinductivebiasfor partialmatchingis ratherdifferentfrom thewildcardinductivebias

though.Insteadof carvingtheinputspaceinto orthogonalchunks,theboundariesbetween

rulesfall at thesetof pointswhich areequidistantin hammingspacefrom eachrule con-

dition. This is very a similar ideato a Voronoidiagram(see�gure 6.6). This typeof plot

showsaCartesianspacedividedinto sectionsalongboundarieswhichareequidistantfrom

a setof points.While measuringdistancein hammingspaceis not thesameasmeasuring

distancein Cartesianspace,this typeof plot givessomeinsight into how partialmatching

works.

It is importantto notethat the k-nearestneighborlearningalgorithmalsohasa very

similar inductive bias. Sincenearestneighboralgorithmsactually measuresdistancein

Cartesianspacethough,theinductivebiasis accuratelyillustratedby aVoronoidiagram.

Thisk-nearestneighboralgorithmhasbeendemonstratedto beaveryeffectivelearning

algorithmin a variety of domains. It doessuffer from onedistinct disadvantagethough,

calledthe“curseof dimensionality”.Whencalculatingthedistancebetweenexamples,all

thevariablesmakingup thecoordinatevectorareused.If only a few of thosevariablesare

importantfor characterizinga givenconcept,thentwo pointswhich areconceptuallyvery
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Figure6.6: Theinductivebiasfor partialmatchingis likeaVoronoidiagram.

similar to eachotherwill have a distancemeasurewhich is very large. It seemslikely that

partialmatchingsuffersfrom similarproblems.Otherlearningalgorithms,suchasdecision

trees,will focuson justa few critical variables,therebyavoiding thisproblem.

Onecommonsolutionto the“curseof dimensionality”is to applyweightsto thevari-

ablesduring thedistancecalculation.In essencethis stretchesthedistancesalongcertain

axes,emphasizingsomevariablesover others. It is alsopossibleto to stretchdistances

in local areasby implementingtheseweightsasa function. This is donemuch lessof-

tenbecauseit canincreasethe risk of over�tting. It would not be dif�cult to apply these

techniquesto partialmatchingin rulesystemsaswell.

Hybrid

Theinductive biasof thehybrid is againsimilar to a Voronoidiagramin hammingspace.

Themaindifferenceis thatdistanceswill becalculatedfrom linearregionsinsteadof just

points.Thishastheeffectof biasingtheregionstowardbeingmorerectangularin shape.

Another interestingpoint to consideris the effect of the wildcard value. Recall that

whencalculatingthematchscore,wildcardsmaycontributelessweightto thematchscore

thanazeroor one.Thewildcardvalueis setat0.75in all of my experiments.Therational
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for this decisionwas to allow morespeci�c rules to supersedemoregeneralones. The

result is somewhat unexpectedthough. The speci�c rulesactuallyextendtheir in�uence

beyond their boundariesand into the generalrules. Of course,this is not necessarilya

problem.

It is interestingto relatethisnew biasbackto someof theissueswediscussedin regards

to k-nearestneighboralgorithms. The “curseof dimensionality”is causedby irrelevant

variables(with regardto a speci�c concept)contributing to the distancefunction. Wild-

cards,on theotherhand,serveto speci�cally excludevariableswhicharenotnecessaryfor

thedecisionmakingprocess.Themarriageof wildcardsandpartialmatchingmayin fact

beideal,sincein bothcasestheweaknessof oneis thestrengthof theother.

6.3.2 Validating the Inducti ve BiasHypothesis

Wewould like to �nd away to validatethishypothesisaboutinductivebias.Oneideais as

follows. If this hypothesisis true,we shouldbeableto devisea conceptlearningproblem

which favorspartialmatchinginsteadof wildcards.

Assumingthishypothesisis true,wildcardsshouldpreferproblemswherethevariables

areindependentof oneanother. Therefore,if we createa conceptlearningproblemwhich

containsrelationshipsbetweenthevariables,it shouldfavor partialmatching.

Domain

I createda domainwhich containedtwo input variables:a andb. Both arerepresentedin

the input spaceusinga 6 bit encoding.Theoutputis a singlebit. All theexampleswere

generatedusingthefollowing simplerule:

f (a;b) =

(
1 if b< a
0 otherwise

Therewere4096examplesgenerated,andthey weredividedupwith 2/3goinginto the
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Table6.1: Parametersfor experimentsin thegeneratedconceptlearningproblem

Parameter Value
Populationsize 50
Generations 2000
Selection Tournament
Crossoveroperator 2-point
Crossover rate 0.8
Emut 1.0
Genomesize 10,50
Wildcardbias 0.6
! (wildcardvalue) 0.75

trainingsetand1/3 into thetestset.

Results

Experimentswererun usingall threegeneralizationtechniquesusinggenomesizesof 10

and50. Therewere20 runsin each.Table6.1 detail the importantparametersfor all the

experiments.

Theresults(plottedin �gure 6.7showsresultsverysimilar to thecarsconceptlearning

problem.In otherwords,wildcardsstill outperformedpartialmatching.

It wasconsideredthat the natureof the binary encodingfor the variablescould have

beenthesourceof someof the problems.In otherwords,hammingclif fs couldbe alter-

ing the natureof the distancecalculations. After all, variableswhich have a non-linear

relationshipin realspacemayhave a completelydifferentrelationshipin hammingspace,

dependingon theencoding.

In an attemptto mitigatetheseeffects, the sameexperimentswereperformedexcept

thataGrey codingwasusedfor thevariables.I havenotplottedtheresultshere,but quali-

tatively they wereessentiallythesameasthepreviousexperiment.Wildcardsoutperformed

partialmatching.

It is notclearwhethertheinductivebiashypothesiswasincorrect(or at leastnotuseful
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Figure 6.7: Comparisonplots of training and testingresultsfor all threegeneralization
techniques(partialmatching,wildcardsandhybrid) in thegeneratedconceptdomain.Each
pointon thegraphrepresentsthe�tness of thebestindividualafter2000generations,aver-
agedover20 runs.Theerrorbarsindicatethe95%con�denceinterval.
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for explaining the outcomesseen)or whethertheseexperimentswerejust poorly formu-

lated. Perhapsrunningsimilar experimentsusinga realvaluedrepresentationmight shed

somelight on this issue.



7. Conclusions

The goalsof this thesisareto comparethreespeci�c generalizationmechanismsin a

Pitt approachevolutionaryrule learningsystem.Of particularconcernarethe quality of

the results,the learningtime needed,andthe compactnessof the rulessetscreated.The

hopesarethat this informationcouldhelpguidesomeoneimplementingsucha systemin

makingbetterdesigndecisions.

Thethreegeneralizationmechanismsexploredwerewildcards,partialmatchinganda

hybridof thetwo. My hypothesiswasthatthehybrid would bemorerobustthantheother

two whencomparedin avarietyof problemdomains.But alsoof interestis understanding

why theseapproachesbehavedbetteror worsein differentenvironments.

Two problemdomainswerechosento testthesemechanisms.Onewasaconceptlearn-

ing domain,andtheothera roboticsdomainwhich involvesa sequentialdecisionmaking

process.Theresultsshowedthatthewildcardstendedto performbetterthanpartialmatch-

ing in theconceptlearningdomain,but theoppositewastruein theroboticsdomainwhere

the partial matchingwasclearly the betterperformer. Somewhatsurprisingly, the hybrid

wassuperiorto theothertwo mechanismsin theconceptlearningdomain.In therobotics

domainthehybrid performedaswell aspartialmatching,but requiredmorelearningtime

to achieve this level.

Theseresultsseemto con�rm thehypothesisthatthehybridgeneralizationis themost

robust. Of course,running thesetestson moredomainswould increaseour con�dence

that this conclusionis a generalone. But what theseresultsdo not tell us is whatcauses

someof thedifferencesweseein thetwo domains.With this in mind, furtherstudieswere

performedin thehopesof �nding anexplanation.

73
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In the �rst part of this study I discoveredwhat appearsto be a useful rule of thumb

for determiningan appropriatebiasfor seedingindividualswith wildcards. Eachrule on

averageshouldcontainenoughwildcardsto cover somewherebetween1% and5% of the

input space.Thisnumbermayvarydependingon thetotal numberof rulesin theruleset.

As a next steptoward �nding anexplanation,I attemptedto verify Booker's ideathat

wildcardsinherentlyform plateausin the�tness landscape,thuscausingevolution to stag-

nate. To test this, I generatedthousandsof individuals,andplotting their �tnessesin a

histogram,hopingto getasenseof thenatureof theproblemlandscape.A peakin thishis-

togramwould likely correspondto a plateau.I did in factseethesepeakswhenwildcards

were usedwith individualscontaininga small numberof rules. And as Booker found,

addingpartial matchingseemedto eliminatetheseplateaus.But I alsonoticedthat the

plateauscouldbeeasilyeliminatedby usinglargerrule-sets.While Booker's ideaappears

to explainsomeof theresult,it doesnotexplainall of them.

Finally, I exploredthenotionthateachgeneralizationmechanismalteredtheinductive

biasof thelearningalgorithm.I formulatedasomewhatintuitiveview of theinductivebias

of eachmechanism.I alsoidenti�ed similaritieswith other learningalgorithms,suchas

k-nearestneighbor. UsingthisapproachI wasableto identify possibleweaknessesin each

mechanism,andshow that thehybrid hasthepotentialto solve many of them. This may

explain how thehybrid wasableto outperformbothwildcardsandpartialmatchingin the

conceptlearningdomain.

An experimentwas devised in order to validatethis hypothesis. By comparingthe

inductivebiasesof thesemechanisms,it wasobservedthatwildcardsmighthavemoredif-

�culty describinga conceptin which containeda relationshipbetweentheinput variables.

A conceptlearningdomainwith this characteristicwasengineered,andexperimentswere

runusingall threegeneralizationmechanisms.Unfortunately, wildcardsstill outperformed

partialmatchingagainstourexpectations.While theinductivebiasanalysisis usefulfor un-

derstandingsomeof thebehaviors we see,it cannotexplain themall. Thereareadditional
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complexitieswill requirefurtherstudyto understandcompletely.

7.1 Contributions to the Field

The commonwisdomwasthat partial matching(addedto a systemthat useswildcards)

transformsthe �tness landscape,turningplateausinto smoothergradients,thusmakingit

easierfor anEA to performits search.

I havedemonstratedthatpartialmatchingappearsto have little in�uence on the�tness

gradient,except in caseswherethe input spaceis highly underspeci�edby the rule sets

beingevolved.

I have alsodemonstratedthattherearedomainsin which usingpartialmatchingalone

leadsto betterperformingrules-setsthanusingwildcards.Thisseemsto imply thatanother

explanationis in order.

By bringing a machinelearningperspective to bearon this issue,I have offered an

alternativeexplanation,namelythatpartialmatchingandwildcardshavedifferentinductive

biases.Dependingon thedomain,oneof thesemechanismsmaybemoreappropriatethan

theother.

Finally I have shown thata hybrid of thesegeneralizationmechanismscanoftendo as

well or betterthaneitherseparately. Sometimesthis comesat thecostof longerlearning

time though.

7.2 Futur e Work

I amnot completelysatis�ed with my attemptsto explain andmodelthesegeneralization

mechanisms.Doesinductivebiasaccountfor thedifferenceswesaw betweenthedifferent

domains?I would like to continuethis researchin orderto answerthisquestion.

Thereare a numberof other aspectsto rule learningsystemswhich have not been

adequatelyexploredeither, includingissuesof representation,operatorsandvariablelength

genomes.
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Phenotypicrepresentationshave often beenshown to be moreeffective. Therearea

numberof differentapproacheswhich can be taken, andvery few studiescan offer ad-

viceaboutthetradeoffs involved.Differentrepresentationsrequiredifferentgeneralization

mechanismsaswell. Perhapsstudyingthosewill provide new insight to the work done

here.

Anotheraspectof Pitt approachsystemswhich is not well understoodis the variable

lengthrepresentation.Sinceparsimony is animportantaspectof generalization,theability

to adaptthe size of the solution becomescritical. The biggestissueto deal with here

is bloat. Therearemany variablelengthrepresentationsamongevolutionaryalgorithms,

andmostof themsuffer from bloat. Yet thereis no widely acceptedexplanationfor this

phenomenon.I amsuspiciousthatissuesrelatedto generalizationmayplaya role.

Finally, geneticoperatorsareworthspendingmoretimeon. Almostall thesystemsthat

exist haveusedeitherfairly typical crossoveroperators,or in thecaseof SAMUEL, rather

complex creditassignmenttechniquesfor determininghow to exchangegeneticmaterial.

Are therenovel, yetsimpleoperatorswhichencouragesearchor perhapsdiscouragebloat?
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