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ABSTRACT

A STUDY OF GENERALIZATION TECHNIQUESIN EVOLUTIONARY
RULE LEARNING

Jefrey K. BassettM.S.
Geoge MasonUniversity, 2002
ThesisDirector: Dr. KennethA. De Jong

Generalizationis animportantaspectof all machinelearningalgorithms. Without it,
learningcanonly occurin the simplestof problemdomains.The mostinterestingdomains
tendto be more complex though. As we scale-upour algorithmsto work in thesecom-
plex domainsanunderstandingf thedifferentgeneralizatiotechniqueswvailableandthe
trade-ofs betweerthembecomesncreasinglyimportant.

This thesisis primarily concernedwith rule learningusing evolutionary algorithms.
We examinetwo commonlyusedgeneralizatiortechniquescalled wildcardsand partial
matching,as well as a third which is a hybrid of thesetwo. We demonstrateéhat the
wildcardsaremoreeffective atgeneralizingn somedomainsandpartialmatchingis more
effective in others.lIt is our hypothesighatthe hybrid will bethe morerobustof thethree
techniques.In otherwords, the hybrid will generalizeaswell, or almostaswell, asthe
betterof theothertwo in avarietyof domains.

Two very differentdomainswere chosenastestbedgor our experiments.The rst is
a conceptlearningdomain,which tendsto favor wildcards. The seconds a multi-agent
roboticstask, where partial matchingis more effective. Whenthe hybrid wastestedin

theseervironments the resultsshow thatit waseitherequivalentor superiorto the other



two techniquesthusverifying our hypothesis.

Finally weattempto nd anexplanationfor theseresultsthatwill helppredictbehaior
in otherdomains We examinehow thesegeneralizatioriechniquesltertheinductive bias
of the learningalgorithm. The analysisdemonstratesveaknesses both wildcardsand
partial matching. It alsosuggestghatthe weaknessesf eachtechniqueis offset by the
strengthof the other thusallowing the hybrid to be moreeffective.

An attemptwasmadeto verify theinductive biasexplanation.We usethis knowledgeto
devisea conceptiearningproblemwhich will favor partial matchinginsteadof wildcards.
But the resultsof this experimentshow that the mostaccurateclassi ers were produced
using the wildcard generalizatiormechanism. The inductive bias hypothesisis clearly
helpful for understandingomeof the behaiors obseredin thelearningalgorithm.None

theless furtherstudywill berequiredto understané problemascomplex 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,including Reinforcement.earn-
ing (Mitchell, 1997),andEvolutionaryComputationEC) (Goldbeg, 1989;Michalawicz,
1996).Early succes®n simpleproblemsgave researcherson dencethattheseechniques
would alsowork on moreandmorecomple problems.Unfortunatelythis hasnot always
beenthe case.Theinability to scaleup hasbeenoneof the mostnotoriousroadblocksto
thesuccessf Arti cial Intelligence.

Letsconsiderthe simplestform of learning,namelymemorizationalsoknown asrote
learning.An agentcaneasilylearnthat“When| seeA, | shoulddoB”. Thiswill beenough
if ouragentis workingin avery simpleervironment.But aswe scaleour systemupto deal
with environmentswhich are closerto thoseencounteredh the realworld, we discover a
problem. It cannotpossiblylearnwhatto do in every possiblesituation,therearejust too
mary. Yet peoplecanstill managdan thesecomplex environments.We drawv on previous
experiencesvhichweresimilarto theonewe arein now, andinfer thatasimilaractionmay
beappropriateln otherwords,we usespeci c informationmoregenerally We generalize.

A numberof representationsanbe usedto incorporategeneralizatiorinto an agent,
including arti cial neuralnetworks, decisiontrees,andrules. This thesisis concerned
primarily with usingevolutionary computationto evolve rule systems.More speci cally,
we comparethreecommonlyusedgeneralizatiormechanismsn a classof rule learning

systemgalledPitt approacltsystems.



1.1 An Intr oduction to Evolutionary Computation

The eld of EvolutionaryComputatiorencompassesveralsimilar, but originally separate
branchesof research. The mostwell known is the GeneticAlgorithm (GA) (Goldben,
1989),but alsoincludedareEvolutionaryProgrammindEP) (Fogeletal., 1966),Evolution
Stratgies(ES) (Back,1996)andGeneticProgrammind GP) (Koza,1992). While mostof
theseoriginatedindependendf oneanotheythey all sharesimilar conceptsandgoals.

Thebasicideaof anEvolutionaryAlgorithm (EA) is to useDarwin'sideasof reproduction-
with-variationandsurvival-of-the- ttestin orderto simulateevolution within a computer
Most of the time EC is usedto evolve solutionsto problems. Therehave beena number
of successtorieswhereEC hasfound surprisinglygoodsolutionsto somevery dif cult
problems.Oftenthough,anEA canbeoutperformedn ary givendomainby analgorithm
designedspeci cally for that domain. Hence,EAs are usually bestappliedin domains
whereno goodalgorithmexists.

Theterminologysurroundingthe eld of EC is full of analogiegdo naturalevolution.
Eachpotentialsolutionto the problemis calledanindividual. Eachindividual is madeup
of geneqoftenjust a setof numbers)andis assignedh tness which is a measureof its
quality. A special tness function mustbe written to evaluatean individual. A group of
individuals,calledapopulation s storedandmodi ed with eachiterationof thealgorithm.
Iterationsarereferredto asgenerations.

The algorithmsthemselesvary slightly, but thereis always one commontheme: a
limited resourceThereis eitheralimitation onthe numberof individualswhich canrepro-
duce,or on the numberthatwill survive. In eithercase the selectionof theseindividuals
is basedon their tness. Individualsin eachnew generationcarry forward genesfrom
the previous generationsandthe individualswhich aremore t will tendto survive and
reproduce.

It is importantto note that reproductioninvolvesmorethanjust makingan exactdu-



plicateof anindividual. Somevariationis necessaraswell. Someforms of EC simulate
sexual reproductiorby taking genedrom two or moreindividualsandrecombiningthem.

Thisis calledcrosseer. Most EAs simulategeneticmutationeitherby occasionallymak-

ing randomcopy errors,or by slightly perturbingsomeor all of the genes.Somesystems
usecustommadegeneticoperatoravhich work well in speci ¢ problemdomains.

Up to this point | have left the issueof how individualsare representedairly vague.

Thatis becausenary differentrepresentationarepossible While muchof theearlywork
focusedon x edlengthstringsof numbers,someof the moreinterestingresearchn the
eld involvesalternatve representationsA variety of differentrepresentationsave been
usedsuccessfullyincluding nite statemachinegFogeletal.,1966),neuralnetworks(Har-
vey etal., 1993),LISP s-expressiongdKoza, 1992),andrule sets(Holland and Reitman,
1978;Smith,1980).

All of therepresentationésted above wereusedwith the samegoalin mind: to evolve
somethingcapableof performingcomputation.The restof this thesisfocuseson onespe-
ci ¢ representatiomamelysetsof rules. In the next sectionl will describehow rule sets

canbeevolved.

1.2 Rule Learning using Evolutionary Computation

Thereare two main approacheso doing rule learningusing EC, the Michigan approach
(Holland and Reitman,1978) andthe Pittsturgh approach{Smith, 1983), both namedaf-
ter the universitieswherethey were rst introduced. The biggestdistinguishingfeature
betweenthetwo is thatin the Michigan approachalsoreferredto asLearningClassi er
Systemspnindividualis a singlerule andthe entirepopulationcooperates orderto per
form a giventask,whereasdn the Pittskurgh (or Pitt) approacheachindividual represents
anentirerule-setandis evaluatedseparatelyrom the otherindividuals.
TheMichiganapproachasthe advantagehatit requiredessmemoryandfewer eval-

uations,but the downsideis that a credit assignmenalgorithm mustbe implementedn



orderto apportion tness to eachof therules. The Pitt approachpn the otherhand,avoids
the credit assignmentssueentirely, since evaluationonly needsto occur at the rule-set
level. ThePitt approactdoeshave theaddedcompleity of avariablelengthrepresentation
though.Thiscanbelookedatasbothanadvantageandadisadwantage Thevariablelength
representatiors e xible in thatthe sizeof theindividualscangrow or shrinkuntil anap-
propriatenumberof rulesareavailableto solve the problemat hand. The downsideis that
rule setstendto grow uncontrollablyunlesssomemechanisms putin placeto discourage
this growth. Thework in this thesiswasdoneentirely usinga Pitt approachsystem.
Rulelearningsystemsanbeappliedto avariety of problemdomains.Someexamples
of successfuapplicationanclude gameplaying (Smith, 1980),autonomousobot control
(Grefenstette1988) and conceptlearning (Janilow, 1993). Although thesedomainsare
often very differentfrom eachother the internalworkings of a systemoftenremainrel-
atively unchangedrom onedomainto the next. In the next sectionl will brie y discuss
whatgeneralizatioomeansn arulelearningsystemandafew approachethatcanbeused

to implementit.

1.2.1 Generalization

The Merriam-Websterdictionary de nes generalizationas “the act or processwhereby
a responsas madeto a stimulussimilar to but not identicalwith a referencestimulus’
It is basedon the assumptiorthat whenoneis in a situationthat is similar to one that
was encounteregreviously, the sameaction that was successfuthenwill probablybe
successfuhow. Of coursetheway thatwe de ne similarity canbeveryimportant.

But how doesoneimplementgeneralizatiorin arule? A rule which coversonly one
situationis saidto beveryspeci ¢, whereaonewhich coversmary situationds general A
generalizationmechanisnis anything which allows arule to cover morethanoneinstance.

| will be studyingthreecommonlyusedgeneralizatiormechanismsall of which has

beenusedin both Michigan and Pitt approachclassi ers. The rst, and mostcommon,



is wildcards. Givena binary representationyildcardsareimplementeddy addinga third
symbolto thegenealphabetthe“#” symbol. This actsasa“don't care”symbolandwhen

it isin theconditionsectionof aruleit will matchbothzerosandones.Wildcardscanhave

two effects.First, they canallow atermto bedroppedrom the conditionwheneverybit is
awildcard. Secondthey canspecifyrangedor sometermswhenonly someof thebitsare

wildcards.

Thesecondyeneralizationmechanismis calledpartial matching.Givena sensoinput,
a matchscoreis calculatedfor eachrule by countingthe numberof bits which matchthe
bits in the condition sectionof that rule. The rule with the highestmatchscoreis the
winner. Thisis essentiallythe sameaschoosingtherule whoseconditionis closestto the
sensolinputin hammingspace.Becauseof this, it is similar to nearesneighborlearning
algorithms.

The nal generalizatioomechanism will exploreis ahybrid of thetwo approachepist
described.Therearesomeimportantissuego considemwhencombiningtheseapproaches
which will needto be exploredin the process.First though,thereis anotherssuerelated

to generalizatiorwhich shouldbediscussed.

1.3 Reseach Goals

Thegoalof thisresearclis to understangeneralizatiomndgeneralizatioomechanismata
deepetevel. Thereareanumberof issuego considemwhenevaluatingthesegeneralization

mechanisms.

Oneissuel will exploreis the effect thatthesemechanismsave on the quality of the
answer Are wildcardsableto represena solutionbetterthanpartialmatchingcan,or vice
versa?0f coursel will notbe ableto geta de niti ve answerto this question.In fact, the
answelis almostcertainlydependenbn the problemdomainbeingexplored.

Learningtime is anotherimportantaspecto consider If oneapproachakes10 times

aslongto evolve a solutionthantheother thatcangreatlyaffect onesdecisionaboutwhich



to usein their system.l would lik e to know whatimpactthesegeneralizatioomechanisms

have here.
Anotherissuewhich is tangentiallyrelatedto generalizations the compactnessf the

solution. Everythingelsebeingequal,a solutionwhich containsfewer ruleswill be more
desirable.A limiting factorin our ability to compacta rule setwill be the generalization
mechanisrmused.Soour ability, or inability to generate&eompactule setswill atleastgive
ussomeinsightinto the differencesetweergeneralizatioomechanism.

The rst setof experimentswill demonstratéhatwildcardsandpartial matchingeach
work well in somedomains.andnot others.My hypothesiss thata combinationof these
approacheghe hybrid, will still berobustin thesedomains.In addition,| will attemptto
createa modelwhich will explain, and perhapspredictthe resultswe seein the various

domains.
In chapter2 | will presentabackgroundf similar researchfollowedby a description

of thesystemarchitecturan chapter3. Chaptersgt and5 describeheresultsfrom two sep-
arateproblemdomains.The conceptearningdomainfavorswildcardsasa generalization
mechanismwhereagheroboticsmicro air vehicledomainfavors partialmatching.Chap-
ter 6 containsa searchfor an explanationof the results,concludingwith chapter7 which

summarizeshe ndings of thethesis.



2. Background

This chaptemreviews relatedresearchnto evolutionaryrule learning. As discussedn
theintroduction,therearetwo major catgyoriesof systemsnamelythe Michiganandthe
Pitt approachesBoth approachebave mary of the samassuedo dealwith whenit comes

to generalizationthereforel will bediscussinghemboth.

2.1 Michigan Approach

2.1.1 Holland

Holland was probablythe rst to suggestrulesasa representatiothat could be evolved
effectively. In hispaperHolland(1971) rst describectlassi er systemgaruleis referred
to asaclassi er) andproposedprogressiomf systemgo bedevelopedn four phasesThe
rst phase(prototypel) wasa simple stimulus-responssystem.Eachphaseaddedmore
complity to the model, working up to the last phase(prototypelV) which contained
internalmemoryand adaptablesensorsand effectors. He even went on to devise a rule
languagethat would be computationallycomplete(Holland, 1975), althoughno one has
ever implementedt. The rst implementationof any evolutionaryrule learningsystem
wasHolland's classi er system(HollandandReitman,1978).

Classi er systemdiffer signi cantly from the typical geneticalgorithmin the sense
thatanindividual doesnot containthe entire solution. Instead,eachindividual is part of
the solutionandthe entirepopulationtogethemmakesup the total solution. This hassome
interestingconsequences$t meanghatduringselectiontheindividualsarein competition

with eachother but during evaluationthey mustcooperate Also, sincethe populationis



evaluatedasa whole,somemechanismmustbe putin placewhich dividesup the evalua-
tion result,anddolesit out to eachof the rules(as tness) dependingon how muchthey
contributedto the nal result. Thisis generallyreferredto ascreditassignment.

Someof the detailsof atypical classi er systemwill be describedpresently Eachin-
dividual is a singlerule, and consistsof a x ed numberof genes. The genealphabetis
f0, 1, #9, wherethe“#” symbolis a “don’'t care” symbol. Rulesconsistof two parts,the
conditionandthe action. During evaluation,the conditionsectionof eachrule is matched
with input comingfrom the ervironment. This is wherethe “#” symbolcomesinto play,
becausat will matchbotha 0 oral. All therulesthatmatchthe input areplacedinto a
matchsetS. At this point, somesortof con ict resolutionmechanismmeedsto be used
to decideeitherwhich rule to re, or which actionto take. Holland useda bidding sys-
tem which was closelyrelatedto his con ict resolutionmechanismthe bucket brigade.
Eachrule hada strengthassociatedvith it, which wasequivalentto therule's tness. The
strengthdeterminechow mucha rule wasallowedto bid in determiningwhich actionto
take. Overtime, the bucket brigadewould adjustthe strengthof therulesdependingnthe

relative succes®f theoutcome.
This new view of the populationasa solutionrequiredsomemaodi cationsto the evo-

lutionary algorithmalso. Early on, GA's weretypically implementedisinga generational
model.In otherwords,ateachgeneratioranew setof childrenis createdvhichcompletely
replaceghe parentgeneration.In aclassi er systemthis approactwould be too destruc-
tive. Insteadmary of the parentsarepresered, creatinga signi cant amountof overlap
betweengenerations.This insuresthat successie populationsare at leastsimilar to the

previousones.

2.1.2 Partial Matching

Booker (1982)did someearly work with classi er systemdor his dissertation.He noted

thatHolland'soriginal systemwasbrittle undercertaincircumstancesgndwould sometime



have troublelearning.In particularhe notedthatwhennoneof the rulesin the population
matchedhe input, therewasno informationavailableto the GA to help guideits search
towardsrulesthatdid match.Whenin this situation,the algorithmwasessentiallyeduced
to doingrandomsearch.

In orderto remedythis problem,he suggesteédn improvement: partial matching. He
implementeda match score,which indicatedhow close eachof the rules had cometo
matchingthe input. Ruleswhich had comecloserto matchingreceved a higher tness,

andsothesearchwould befocusedn their direction.

Holland's original solutionto this problemhadbeento seedtheinitial populationwith
mary morewildcards,theideabeingthatthesevery generakuleswould cover mostof the
input andtheneventually settledown to the appropriatdevel of generalization.Booker
useda classi cation problemto demonstrateéhat with partial matching,his systemcould

nd bettersolutionsin mostcases.It did particularlywell whenthe populationwasnot

seededvith alarge numberof wildcards.

2.1.3 Generalization

Wilson wasinvolvedwith classi er systemdrom anearly point. Much of his early work
focusedon agentsn 2-D animatworlds, but in (Wilson, 1994) he decidedto re-examine
thewholeclassi er approachoy creatingthe ZerothOrderClassi er (ZCS).Theideawas
to createthe simplestpossibleclassi er systemwhich still functioned. This would allow
him to determinewvhich componentsvereessentiabndwhich werenot. Fromthis simple
startingpoint, hewould be ableto graduallyaddcomponentso the systemandwatchtheir
effects,providing the opportunityto examinehow all the componentinteract.

Wilson's next stepwasto createXCS (Wilson, 1995). This systemwas built on the
informationgainedfrom ZCS, but is amorefull featuredclassi er system.Oneof its most
interestingnnovationsis theway rule strengthsaaredeterminedinsteadbasingstrengthon

contributionto the nal tness of the population strengthis insteacbasecn theaccurag.



10

In (Wilson, 1998),Wilson examinedgeneralizationn XCS. He shavedthat XCS will
createa minimal set of maximally generalrules which allow an animatto reacha food
sourcein a simulationenvironment. The mechanisnfor generalizatiorworks asfollows.
Sinceclassi er tness is basedon accurag, ruleswhich aremoreaccuratge.g. have the
appropriatdevel of generalizationyvill reproducenorequickly. Thiswill eventuallypush
lessaccurateulesout of the population,andthereforeonly ruleswith theappropriatdevel
of generalizatiowill remain.

Lanzi (1999)followedup on Wilson's generalizatiomesearchHe shavedthatin situ-
ationswherethe animatdid not evenly sampleall locationsin the ervironments the gen-
eralizationmechanismWilson describedoroke down and createdover generalizedules.
Lanzidevisedthe“Specify” operatorto counteracthis problem.This operatoressentially
breaksgenerakulesdown into morespeci c rulesin orderto givethema chanceo gaina

footholdin the populationagain.

2.2 Pitt approach

StepherSmith developedthe Pitt approachaspartof his dissertation(Smith, 1980)at the
University of Pittskurgh. The Pitt approachs similar to the Michigan approachin mary
ways,includingthe basicform of therulesandtheternarygenealphabetThe maindiffer-
encebetweenheseapproachess in theform of theindividual. In the Michiganapproach,
anindividual is a singlerule andthe populationmustcooperateo solve a problem. The
Pitt approachs muchmorelik e a standardEA. Eachindividualis de ned asa setof con-
catenatedules,andrepresentshetotal solutionto the problem.Individualsnever attempt
to cooperateThey only competeor resourcestheway they doin astandarceA.

The languageSmith de ned for his systemwasvery rich, andsomavhatcomple. It
includedmechanism$or internalmemory a“not” operatorandawayto carryinformation
throughfrom the conditionto the action. For his experimentsthough, he simpli ed the

languagdo somethinga little moretractable similar to the way Holland de ned different
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levelsof classi er systems And aswith classi er systemsno onehasmanagedo build a
systemwhich takesadvantageof all the compleity of theoriginal description.

Smith's researchwas aimed at evolving gameplaying agents. The rst domainhe
experimentedvith wasa mazetraversalproblem. This wasbasicallyusedasa simpletest
casefor tuning parameters.The nal goalwasto evolve a poker playing agent. He had
to facesomeof the hurdlesthatany gameplaying learnerhasto face. Most importantly
sinceit wasalwayspitted againstthe sameexpertprogram,it soonlearnedto exploit the
weaknessesf thatprogram. This causedt to play in waysthata humanobsenrer would
considerto beinappropriate Smithsolvedthis problemby addinga critic which evaluated
gameplay by amorehumanstandardinsteadof justbasing thess onthenumberof games
won. All in all, hisresearclsenedto validatethe usefulnessf hisapproach.

Oneof the additionalcompleities thatthe Pitt approachaddsto the mix is a variable
lengthrepresentationSmith de ned specialcross@er operatorsvhich could createchil-
drenwhich werepotentiallysmalleror largerthanthe original parents.The hopewasthat
thiswould give the algorithmthe ability adaptthe sizeof theindividualsto theappropriate
sizeneededo solve the problem. Unfortunatelythis is not usuallywhat happensn prac-
tice. Insteadtheindividualstendto grow uncontrollablywell beyondwhatis necessarfor
a solution. This phenomenois very commonamongall variablelengthrepresentations,
andis oftenreferredto asbloat. This phenomenohasrecevedagreatdealof studywithin
the GeneticProgrammingcommunity (Nordin and Banzhaf,1995; Souleet al., 1996; ?;
Luke, 2000).

In orderto dealwith bloat, Smith(1980)introduceda mechanisnthatapplieda penalty
to the tness of longerindividuals. In otherwords,the tness wasa weightedsumof the
raw tness andthelengthof theindividual. This approacthasbecomevery common,and
is now typically referredto asparsimory pressure.Smith foundin his experimentsthat
a penaltywhich is on the orderof 10% of theraw tness wasappropriateor controlling

bloatin his system.
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2.2.1 ConceptLearning

The domainof conceptlearninghasreceveda lot of attentionfrom the EA rule learning
community particularlyfrom researcherasingthe Pitt approach.

Oneof thesesystemscalledGABIL, wasdevelopedby De Jongetal. (1993). GABIL
wasverysimilarto Smith'ssystemgexceptfor therepresentationGABIL usedabinaryrep-
resentationbut it didn't usewildcardsor partialmatching.Insteadyuleswererepresented
in disjunctive normalform (DNF) This representatioprovidesan alternatve generaliza-
tion mechanismand one which is perhapsnore appropriatefor conceptlearningtasks.
GABIL alsointroduceda 2-pointcrosseer operatorvery similar to the 1-pointcrossaer
usedby Smith.

For his dissertation,Janilow (1993) implementedanotherconceptlearning system
called GIL. GIL alsouseda DNF representationbut differentiateditself from GABIL
in two interestingways. First, Janilow implementeda numberof specializedoperators
speci cally designedor doing conceptlearning. Someof the operatorsveredesignedo
do generalizatiorand othersweredesignedo do specialization.For example,oneof the
generalizingoperatorsvould take two rulesandconstructa third rule which wasthe max-
imally speci c generalizatiorof the rst two rules. The original two ruleswould thenbe
replacedoy this new rule.

The secondnterestingaspecf GIL wastheway thatit controlledbloat. The system
wassetup sothatit would begin by favoring thegeneralizatioroperatorsThis wouldtend
to createoverly generalsolutions,so graduallymore and more of the positve examples
would be classi ed correctly but the negative exampleswould be classi ed incorrectly
Thenthe systemwould graduallyswitch over to preferringthe specializationoperators.
Thiswould bringthesolutionsbackto thepointwherethey classi edthenegative examples
correctlyalso. Theinterestingside effect wasthatthis alsocontrolledthe bloat. With the
generalizingoperatorgheindividualstendedo grow, thenthespecializingoperatorsvould

causethe individualsto shrink. In the end, the individualswerevery reasonablén size,
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while still very accuraten their classi cations.

TheREGAL system(GiordanaandSaitta,1994;GiordanaandNeri, 1996)is described
by the authorsas beinga hybrid of the Michigan and Pitt approachesalthoughin mary
waysit is really morelik e theMichigan. Eachindividualis asinglerule,andsome(though
notnecessarilgll) of themcooperateo form asolution. A speciallydesignedelectiorop-
eratorencouragebreedingbetweersimilar individuals,causingspeciatiorto occur This
allows the systemto more accuratelycover multi-modal concepts.The representatios
similar to the onesusedby GABIL andGIL, but with the additionof the “not” operatoy
althoughit couldonly beusedin alimited way.

SandipSenandhis studentslsodid someconceptearningresearchusingPitt approach
systemsHis work wasfocusedonusinga oating pointratherthanabinaryrepresentation
anddevelopingconceptearningsystemsvhich could classifyreal valueddata.

For example,Corcoranand Sen(1994)implementeca systemin which the rulesused
rangesasageneralizationrmechanismFor eachinputvariable the conditionsectionof the
rule containeda (low, high) pair. If all the input valuesfell within eachof the rangepairs
in agivenrule, thenthatrule would re. In addition,if thelow valuewasgreaterthanthe
highvalue,it wastreatedasa“don't care”,andthevalueof thatvariablewasignored.This
approachis essentiallythe phenotypicanalogyof wildcards. The spacedhat theserules
coverwill tendto beveryrectangulain shape.

If rangesare the phenotypicanalogyof wildcards, then the approachtaken in the
PLEASEsystem(Knight andSen,1995)is theanalogyof partialmatching.In this system,
aruleis really justanexemplar In otherwords,a rule de nes a pointin the input space,
alongwith anadditional eld indicatingwhat classit belongsto. The input canthenbe
classi ed by nding the closestexemplarusinga nearesheighborapproachandreturn-
ing its class. This hasthe effect of coveringthe spacein a very differentway. Insteadof
boundariebetweerclassegutting orthogonallyalongeachdimension(e.g. vertically and

horizontally),the boundariesancut at a variety of angles.Theresultingareadook much
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likethosein a Voronoidiagram.

CarseandFogarty(1994)developeda Pitt approactsystemwhich learnedfuzzy rules.
Their representatiomasbasedon a similar Michigan fuzzy classi er system(Parodiand
Bonelli, 1993). Eachconditionin therulesde ned atriangularmembershigunction,and
wasdescribedvy areal valuedcenteranda width. The systemwasappliedto a function

identi cation learningtask.

2.2.2 Agentsand Robotics

TheSAMUEL system(Grefenstette] 988,1989;SchultzandGrefenstette] 992),amguably
oneof themostsuccessfulule evolving systemsysesaninterestinghybrid of theMichigan
andPitt approachesindividualsareimplementedasrule-sets but SAMUEL alsousesa
rule biddingandcreditassignmentechanisnsimilarto thosefoundin aclassi er system.
Credit assignments not usedfor assigning tness, or affecting selectionthough. 1t is
insteadusedto guide the operatorgoward making betterindividuals. During crosseer,
the bestrulesfrom bothindividualsarecombined andthe worstrulesarediscarded.The
creditassignedo aruleis alsoanindicationof rule strengthandis usedto resohe con icts
duringthematchingphase.

The representatioms much more phenotypicthan the previously describedEA rule
systems. Insteadof using binary strings, rules are representedn a much more human
readablesyntax. Variablescanbe representedh a numberof formats,including oating
point numbersjntegersandsymbols. The conditionsectionof a rule cancontainseveral
clausesandthoseclausegnight testsomesensowaluesandnot others. Eachclausecan
testrelationshipetweersensovaluesandconstantaisingmorefamiliar operatorssuch
as“equalto” or “lessthan”.

This representatiomllows for generalizatiorin a numberof ways. First, the compar
ison operatorsthat | just mentionedoffer one mechanisnfor generalizingrules. Also,

SAMUEL hasaway of handling“don't care”situationsthatis perhapsnorenaturalthan
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usingwildcards. SAMUELS rules can be constructedso that they ignore the valuesof

certainsensorgust by leaving out ary clausethat would testfor them. This is what we

naturallydoin speectaswell. For example,we would notbelik ely to createthefollowing

rule in English: “IF you seean obstaclein front of you AND it doesnot matterwhether
thereis somethingnext to you or not THEN turnright.” Insteadyou would be morelikely

to createthisrule: “IF you seeandobstaclan front of you THEN turnright”

SAMUEL actuallydoespartialmatchingaswell. Whennoneof therulesmatchagiven
sensolinput, therule which hasthelargestnumberof matchingclausess red.

Bull etal. (1995a)did someresearchwith co-evolving cooperatingPitt approactsys-
tems. The ideawasto evolve separateeomponent®f one larger computationakystem,
somethinglike a subsumptiorarchitecture. The rule systemthey usedwasvery simple.
Individualscontaineda x ed numberof rules,andstandarduniform cross@er wasused.
Generalizatiowasimplementedisingwildcards.

In contrastto SAMUEL, one of the simplerimplementation®of a Pitt approachrule
learnerwascreatedoy Wu et al. (1999)for the purposef controllingmultiple micro air
vehiclesin a suneillancetask. All experimentsveredonein simulation,andtheresearch
never reachedhe point of beingtestedon real aircraft. The systemwas homogeneous,
meaningall the agentsin the simulationusedthe samerule-setastheir control program.
The agentswere evaluatedbasedon their performanceas a team, not on individual per
formance.Becausall the agentsusedthe samerule set,assigningtness wasa relatively
straightforwardtask.

Theirimplementatioruseda binaryrepresentatiowith partialmatchingonly, nowild-
cards.This demonstratethatpartial matchingcanbe usedasa viable alternatve to wild-
cards,andnot just an augmentation Othersystemghatinherit from this oneincludethe

onedescribedn (Collins etal.,2000)and(BassetandDe Jong,2000).
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2.3 Review of the Reseach Goals

Beforemoving on to a descriptionof the systemarchitecturejt may be usefulto review
the researclgoalsin the contet of previous research.The main goal of this thesisis to
geta deeperunderstandingf generalizationn thesetypesof learningsystems.In order
to accomplishthis, | will compareghreecommonlyusedgeneralizatioomechanismswild-
cards partialmatchinganda hybrid of thetwo. Threeaspectsn particularareimportantto
compare.The rst is thequality of the nal solutions.Anotheraspecis thetime required
to dothelearning.And nally , thesizeor compactnessf the nal solutionis importantas

well.

Ultimately though,we would like to get somesort of deeperinsight so that we can
understandheresults.For anexample,let usreferbackto someof Booker's work. When
he combinedpartial matchingwith wildcardshe sav animprovementin the quality of the
results.The explanationhe proposedor this wasthatthe partialmatchingofferedcluesto
thealgorithmwhich guidedit towardmoreoptimalsolutions.

Thereis anotherpossibilitiesto considerthough.l notedin theintroductionthatpartial
matchinghas characteristicsvhich are similar to nearestneighborlearningalgorithms.
Combiningwildcards and partial matchingallows rule setsto cover the input spacein
a fundamentallydifferentway. In machinelearningparlance the inductive bias of each
of the threegeneralizatiormechanismss different. This could help explain differences

betweerresultsalso.



3. Methods

This chapteroutlinesthe systemarchitecturaisedfor evolving andevaluatingrule sets.
It alsogivesa brief overview of the problemdomainswhich will be usedfor runningex-
periments.

The designof the systemhasbeenguidedby one overarchingstratgy. Namely to
keepthingssimple. The lesscomple the systemis, the lesslikely it is thatinteracting
componentsvill createunexpectedsideeffects.

With simplicity in mind, | have chosento implementa Pitt approachsystem. In Pitt
approactsystemgreditassignmentanbeimplicitly handledby the evolutionaryprocess,
andthereforedoesnotrequirethatspecialcreditassignmentodebewritten. Additionally,
thebiddingandcon ict resolutionprocessetendto besimpler in partbecauséhereis less

informationavailableto make thesedecisions.

3.1 Architecture

The architectureof this systemconsistsof two major componentsthe Evolutionary Al-
gorithm (EA) andthe evaluationervironment. SeeFigure 3.1 for anillustration. The
evolutionaryalgorithmis essentiallythe learningcomponent.The learningthat occursis
generallyreferredto asoff-line learning(Mitchell, 1997). This is becausehe individuals
do not learnanything while evaluationsare occurring. In otherwordsthey cannotlearn
arnything while they arein theernvironment.Learningonly occursafterthefact.

To understandheevaluationervironment,it is helpfulto usea speci c example.Imag-

ine thatthe problemdomainis somesortof physicalervironmentwith arobotin it. Infor-

17
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Evolutionary Environment
Algorithm <
Evaluation Agent
Rule
Pinterpreter
Rule-set P
Population

Figure3.1: Learningsystemarchitecture

mationcomesfrom the ervironmentinto therobotin the form of sensotinput. The robot
looksoverall therulesit has,and nds one(or more)in whichthe“if ” conditionmatches
thecurrentinput. It thenchoosesnd res oneof theserules,which meanghatit takesthe
“then” partof therule andsendst to therobotactuatorsthusperformingsomeaction. In
the caseof therobotdomain,we might do this repeatedlyuntil therobotattainssomesort
of goal,or until sometime limit is passed.

Therobotcanthenbe evaluatedbasedon how ef ciently it performedits task,or if it
failed,how closeit cameto actuallyachiesing its goal. This evaluationis thengivenback
totheEA, andbecomeshe tness of therule-set.lt is preferableo performthis evaluation
in simulationsincemary thousandsf individualsmay needto be evaluated.

Themodulewhich matchegherulesto theinputis calledtheruleinterpreter A rulein-
terpreteractsasthe controlsystemfor theagent.andtherule-setis essentiallythe program
thattherule interpretemses.

Therule interpretethasthe advantagethatit is someavhatindependenof the problem
domainbeingused.In otherwords,it is portable. The samerule-interpretecanbetaken
andplacedin a completelydifferenttype of agentin a completelydifferentproblemwith
relatively little effort. Of coursetherule setsthatwould be successfuin this new environ-

mentarelik ely to be completelydifferent.
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3.2 Evolutionary Algorithm

The Evolutionary Algorithm that | am usingis a fairly typical generationamodel. The
populationof parentgyive birth to anequalnumberof children.In subsequengenerations,
all the parentdie, andthe childrenbecomehe new parentpopulation.

In previouswork (BassetandDe Jong,2000)1 useda moreelitist approachallowing
parentsto survive from one generationnto the next. Although this seemedo work rea-
sonablewell, | amconcernedboutsomeundesirableside effectsthatmay occurin noisy
ervironments.For example,in a noisy ervironmentanindividual may receve an unchar
acteristicallyhigh tness score.This “lucky” individual might thenstayin the population
with little chanceof beingdeposedxceptby anotheducky individual.

My concernis that this situationcould slow the searchdown signi cantly while the
EA hoveredaroundthis arti cial local optimum. While thereare mary possibleways of

dealingwith this problem,the simplestfor now seemdo beto usea generationaiodel.

3.2.1 Selection

As for selectionoperatorsmostPitt approactsystemdendto useproportionalselection.l
have insteadchosertournamenselectiorfor two mainreasonsFirst, tournamenselection
is mucheasierto implementandsecondt still maintainsa high selectionpressureoward

theendof arunwithout having to use tness scalingtechniques.

3.2.2 Representation

Although a large variety of representationsave beenusedin thesetypesof systemsthe
majority of researcherbave tendedto usebinary representationwith wildcards. This is
probablybecauséoth the Michigan and Pitt approachegrew out of the GeneticAlgo-
rithmscommunitieswhich have alwaysfavoredabinaryrepresentation.

The agumentgenerallymadefor preferringa binary representatioover a more phe-
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notypic representatioiis thatit is more portable(?). Justaboutary type of problemcan
be corvertedinto binaryform. Oncethe corversionis done,therestof the algorithmis in
place.No extrawork is neededWith a phenotypiaepresentatiorgn the otherhand,other
change®ftenneedtio bemadeto thealgorithmandespeciallyto thegeneticoperatorsThe
extra effort canbeworthit though,typically resultingin a betterperformingalgorithm.

One classicexample of wherethe binary representatiortan have someproblemsis
with hammingcliffs (Goldbeg, 1989). A Gaussiarmutationor a creepmutationon an
integeror realvaluednumberis lik ely to resultin anew numberwhichis notvery different
from original one. In the majority of the problemswe tendto dealwith, this is the kind
of behaior we would like to see. But with a binary representationthe integer 7, for
example,is representedsthebit string'011'. In orderto getan8 ('100") we would need
threesimultaneoudbit- ip mutations.Researchersave beenableto mitigateagainsthis
problemusingGrey coding,but the resultsareoftennot aseffective asusinga phenotypic
representation.

Is a binary representatiobetteror worsethana phenotypicrepresentation® have no
intentionof addressinghisissue.But thefactis thatmary researcherstill usebinaryrep-
resentation$or legitimatereasonsThereforel have choseno useabinaryrepresentation
for my researctaswell, atleastasa startingpoint.

| will berunninganumberof experimentswith andwithoutwildcards,in orderto com-
parethedifferentgeneralizatioimechanismswWhenusingwildcards thegenealphabetor
the conditionsectionof ruleswill bethefollowing set:f 0, 1, #g. Otherwisethe geneswill
just be binarynumbers Aside from this difference the structureof the individualswill be

basicallyunchangedrom experimentto experiment.

| rulel | rule2 ] rule3]

Figure3.2: Exampleindividual
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An individual is composedf a setof concatenatedules. Thereforeit's length will
alwaysbe an even multiple of the rule length. In mostPitt approachsystemshe size of
individualsis allowedto vary, with the cross@er operatorbeingthe mechanisnby which
sizechangesSomeresearcher@ull andFogarty 1994)have optedfor asimplerapproach,
usinga x edlengthrepresentatioandstandarctross@er operatorsThis eliminatesmary
of the complicationghatcomewith the variablelengthrepresentatiorthe worstof which
is probablytheissueof bloat.

For the sale of simplicity | have decidedto do the same.In all my experimentd will

x thesizeof theindividualsandusestandar®-pointcrossoer.

O##110#0#11 00110100
condition action

Figure3.3: Examplerule

A rule consistsof two parts,a conditionsectionandan actionsection. For ary given
problem,aspeci c rule sizewill bechosenandall therulesin thesystemwill bethatsize.
Theconditionsectionwill be equalin lengthto all the sensolinput, andthe actionsection
will containwhatever componentsare necessaryn orderto give actioninformationback
to the ervironment. In the gure 3.3, the condition consistsof 11 genesand the action

consistf 8 genes.Thereforetherule lengthis 19.

3.2.3 Operators
Length-basedBit- ip Mutation

In somesituationsa purebinaryrepresentatiowithoutwildcardswill beused.Typically in
this situationonewould usebit- ip mutation. My expectationis to run experimentausing
a variety of differentgenomelength,in orderto testthe compactnessf the rule sets. It

washoticedin early experimentghatthatthe appropriatanutationratesalwaystendecdto
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be closeto 1/L, whereL is the lengththe the genome.This seemedo the true for mary

differentvaluesof L.

Insteadof constantlycalculatingthe appropriatenutationratefor eachgenomeength,
| have chosento createa mutationoperatorwhich will do the job for me. | createdthe
length-basedit- ip mutationoperatomwhich allows meto specifymutationratesin terms
of mutationsperindividual insteadof mutations.It takesa parametecalledE ,,; , which
de nestheexpectechumberof mutationgoerindividual. Theterm*“expected’is usedsince
thereis no guarante®f exactly how mary mutationswill occurperindividual.

This mutationoperatotis simply a wrapperaroundthe standardit- ip mutationoper

ator. First,the standardnutationrateis calculatedusingthefollowing formula:

E
Pmutate = TUt (3.1)

whereP,,; istheprobabilityof mutatingagene E . istheexpectechumberof mutations
perindividual, andl is the genomdength. Thenthe standardoit- ip mutationoperatoris

calledusingP,: asthe probabilityof mutation.

Wildcard Mutation

Thereis alsoa specialmutationoperatorfor usewith wildcards.In this systemwildcards
canonly exist in the conditionsectionof rules.Many classi er systemsallow wildcardsin
theactionpartof therule aswell asthecondition.In somesystemssuchasSmith's, these
wereusedto passdatabit-for-bit throughfrom the sensorgo the actuators Othersystems
userandomvaluesto specifyvaluesof wildcardsin the actionsectionof rules.

While eachof thesedifferentapproachesnayturn out to be usefulfor solving certain
typesof problemsnoneof themarelikely to help answerthe questiongposedhereabout
generalizationAnd becausé¢hey tendto make theinteractionsn thesesystemsnorecom-

plex, this systendoesnotallow them. Thereforeghewildcardmutationoperatodefaultsto
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bit- ip mutationwhenoperatingon a genein the actionpartof arule. The samemutation

rateis usedin bothcases.

Anotherissuethatmustbe dealtwith whenit comesto wildcard generalizations cov-
eragearea.lf aconceptcoversalarge areaof theinput spacethenthe correspondingule
will needalargenumberof wildcardsin orderto coverthatspaceproperly Givenourthree
charactegenealphabeft 0, 1, #g, if mutationis justaslikely to resultin a“#” asit isa0 or
a l, thenit maytake sometime to reachthe appropriatdevel of generality This of course
assumesghatsomepathexiststo reachthatmoregenerakule.

Theclassi ercommunityhasdevelopeda coupleof solutionsto this problem.The rst
is to seedtheinitial populationwith alarge numberof wildcards. The hopeis thatenough
evolutionwill occurbeforemutationdilutesthe genepool with too mary O'sand1l's. The
secondsolutionis an additionaloperatorwhich createsa new rule wheneer an input is
discoveredwhich doesnot matchary of the existing rules. The conditionsectionof the
new ruletypically consistsof the unmatchednput, with somewildcardsthrown in.

The solution| have chosenis to createa mutationoperatorwith a bias. This biascan
be usedto increaseor decreaséhe likelihoodthata genewill mutateto a wildcard. The
wildcardbiasis anumberbetweerD andl, andit representhe probabilitythata mutation
will resultin the genebeingsetto a wildcard. So, for example,if the wildcardbiasis set
to 0.9,then90% of all mutationswill resultin awildcard. This allows meto inject more
wildcardsinto the systemwhenappropriate Of coursethis parameteneeddo beadjusted
onaproblemby problembasis.

Whena genein a rule conditionis selectedo be mutated,the valuewill be setto a
wildcard usingthe wildcard biasasthe probability. Probabilitiesfor settingthe geneto a
Ooralareboth(l1 bias)=2. Unlike bit- ip mutation,thereis a chancethatthe gene
will remainunchangedfterthe operation.Both this featureandthe biasmake it dif cult
to comparemutationratesbetweenwildcard and bit- ip mutation. This is why another

versionof thewildcard mutationwasalsocreated.



24

Length-basedWildcard Mutation

As mentionedn the descriptionof length-basedbit- ip mutation,thereare someadvwan-
tagesto specifyingthe mutationrateasmutationsperindividual ratherthanmutationsper
gene.In particular a consistentneasureanbe usedbetweerexperimentausingdifferent
genomdengths.

Thelength-basedavildcardmutationsoperatoiis intendedo bethewildcardequialent
of length-basedtit- ip mutation. Themutationrateis indirectly speci edby indicatingthe
expectednumberof mutationsperindividual, on average.Unfortunately this is not quite
assimpleto calculategiven the wildcard mutationoperatordescribedabove. Becausea
mutationmay not actuallychangethe gene we have to factorthis into our calculationsas

follows:

Pout = ———— 3.2
mt | I:)change ( )

wherePcnhange IS the probability thatthe mutationwill actuallycauseathe geneto change

value.

Now we needto calculatePcnange. In truth we canonly estimateits value,and my
estimateis basedon oneassumptiorwhich is not completelyreliable. | assumehatthe
numberof wildcardsin ary given genomeis equalto the wildcard mutationbias. This
is a somavhatrisky assumption.Over time, the evolutionary processnay eitherfavor or
disfavor wildcardsin the population,andtheir numbemayincreaseor decreasevertime.
Nonetheless,if we allow thatthis is a reasonable@ssumptionthe calculationlooks like
this:

!
1 bias

Pchange = bias(l bias) + (1 bias) 1 5

(3.3)

The rst term calculateghe probability that a wildcard will changeto anothervalue,

while thesecondermdoesa similar calculationfor both zerosandones.
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3.3 RulelInterpreter

Theruleinterpretelis anessentiapartof the tness evaluationof arule set. Theinterpreter
executeghe rule setasif it werea programof sorts,andis the componentvhich makes
the decisionsfor the agentinteractingwith the simulatedervironment(see gure 3.1).
Therule interpreteris animportantpart of rule generalizationsincethis is whereall the
generalizatiormechanismsre ultimately implemented.Therearetwo main components

of therule interpreterrule matchingandcon ict resolution.

3.3.1 Rule Matching

If we take the view tness evaluationas an agentinteractingwith an ervironment,the
agentwill make a seriesof decisions,perhapsn discretetimestepsultimately trying to
attainsomesortof goal. Theagentwill receve anevaluationbasedon how closeit comes
to reachingthatgoal,or how ef cient it wasin reachingthegoal.

At eachtimestepa numberof sensorswill recordinformationfrom the ervironment
andsendit asinputinto therule interpreter The rst thing therule interpretemeedso do
is searchthe rule setfor arule, or perhapsa setof rules, which matchthe currentinput.
Thisis calledrule matching,alsoknowvn asthe matchingphase.The subsebf ruleswhich
matchtheinput arereferredto asthematchset,or S.

Thereis rarelya oneto onemappingof input stringsto rules.Usuallya singlerule will
mapto numberof input strings. This one-to-mag mappingis accomplishedisingvarious
generalizatioomechanismsaswe have alreadydiscussedAt therisk of beingrepetitious,

thegeneralizatioimechanismsisedin this systemwill now be describedn detail.

Partial Matching

Partial matchingis probablythe easiesgeneralizatiorto implement. Until recently(Wu

etal., 1999), partial matchingwasreally just viewed asa way to enhancegeneralization



26

usingwildcards.

Whenusingpartial matchingalone,the representatiots strictly binary Thereareno
'#' charactersThe conditionsectionof eachrule is comparedo theinput,andthenumber
of bitswhichmatcharecounted.This matchscoreis assignedo eachrule. Therule which
hasthe highestmatchscoreis placedin the matchsetS. In the caseof ties, all therules

whichtie for the highestscoreareplacedin S.

Wildcards

Whenwildcard matchingis used the conditionsectionof theruleswill containgeneswith
the'#' characterMatchingrulesarefoundby againcomparingthe conditionsof therules
with theinput string. In this case pnly ruleswhich have anexactmatchwith theinputwill
beaddedo S, butthe'#' charactewill matchbothzeroesandones.

This is consistenwith the way Smith (1980)implementednatchingin his LS-1 sys-
tem. Holland andReitman(1978),on the otherhand,implementedan additionalcon ict

resolutionmechanisnwhich countedthe numberof wildcardsthatwereusedin orderto

matchthe input. Ruleswhich usedfewer wildcardswere considerednore speci ¢, and
thereforerecevedprecedence.

As a baseline| have implementedwildcard matchingwithout the additionalcon ict
resolutionstep. The Hybrid mechanismdescribecdhext, cando somethingsimilar to this

con ict resolutionby usingpartialmatching.

Hybrid

Booker (1985)shonvedthatin a classi er system,a hybrid of thesetwo approachesould
outperforma systemthat usedjust wildcards. Booker implementedpartial matchingin
two similar, but separatesituations.The rst situationoccurswhenthereareseveralrules
which matchtheinputstring. In this caseamatchscoreis assignedo eachmatchingrule,

andit is calculatedby countingthe numberof 0'sand1's (i.e. non-wildcards)n therule's
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condition.I' Il referto thisnumberasn;. Therationalefor this approachs thatarule with
fewer wildcardsis more speci ¢, andshouldbe more applicableto the situationat hand.
This essentiallyprovidesa mechanisnfor allowing exceptionsto very generarules.

The secondsituationwherepartial matchingwasimplementeds the casewherenone
of the rulesmatchedhe input. In this case the calculationof the matchscoreis slightly
more complicated.Two initial calculationsareneeded.The numbern, is determinedoy
countingthe numberof exact(non-wildcard)matchesetweertheinput andthe condition,
andns; is the numberof wildcard matchesThe matchscoreis thencalculatedas

n,+ ! nz

M = B

(3.4)

where! isaconstanbetweerD andl, usedto diminishthevalueof wildcardmatchesand
| is thelengthof the conditionstring. Presumablyhe! constantvasincludedin orderto
discourageover-generalization.Booker reasonedhat! shouldhave a valuegreaterthan
1/2, since2 randombits will matchabout50% of thetime. He ranexperimentswith ! set
to 3/4and1, andfoundthata valueof 1 wasmoreeffective.

In Booker's system,the matchscorealso contributedto the tness of arule. Thisis
why hedividedthe matchscoreby I2. He didn't wanta disproportionat@mountof tness
beingassignedo rulesthatdidn't actuallymatchthe input. Insteadhe wantedthe match
scoreto assert subtlein uence which would guidethe EA in theright direction.

In a Pitt approactsystem,tness isn't assignedo therules,sowe don't needto worry
aboutsofteningthe effectsof the matchscore. Thereforel have removedthe 1=I> compo-
nentfrom the calculation.Also, | have choserto meigethetwo calculationgnto one,thus
eliminatingthedistinctionbetweeranempty anda non-emptymatchsetS. Consequently

thematchscorecalculationl will beusingin my hybrid systemis thefollowing.

M=n>+1!n;3 (35)
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3.3.2 Conict resolution

Con ict resolutionrepresentshe otherhalf of the rule interpreter Rule matchingdeter
minesthe matchsetS of ruleswhich matchedthe currentinput. The con ict resolution
componenteterminesvhich of thoseruleswill re.

In Smith's system(Smith, 1980), all the ruleswere allowedto re, andthe con ict
resolutioncomponenneededo determinewhich actionto take. This wasdoneby taking
avote. The actionwhich hadthe mostrulesadwocatingits usewaschosen.In the caseof
ties,the choicewasmaderandomly

Wu et al. (1999)implementeda simplerapproach.WhenS containedmultiple rules,
onewasjust choserrandomly This hasthe effect thatthe resultmaybe non-deterministic
though.For someproblemdomainghis maynotbeaproblem,andin factfor someit may
even offer a real advantage. For the sale of simplicity, | have chosenthis approachfor

doingcon ict resolutionaswell.

3.4 ProblemDomains

It is importantto nd someproblemdomainsto act astestbeddor this research. The
mainfactorusedn selectinghemwasto nd domainswvhichwerevery differentfrom one
anotherin the hopesthat this might highlight importantdifferencesn the generalization

mechanisms.

3.4.1 ConceptLearning

Generalizatiorhasbeena focusof researchn the machindearningcommunityfor along
time. Oneclassof problemwhich hasbeenusedoftenfor thisresearchs conceplearning.
The endresultof conceptlearningis a programwhich can classify items basedon a set
of featuresor parametersssociatedvith it. As example,supposave wantedto classify

mushroomsaspoisonousor not. We might usefeaturessuchasheight,shapeandcolorto
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do so.

An algorithmlearnsby beingfed a seriesof examples,alongwith the correctclassi -
cations.Whenlearningis nished, theclassi er shouldatleastbeableto correctlyclassify
the examplesit hasalreadyseen.Generalizatiorcanthenbetestedby attemptingto clas-
sify exampleswhich have never beenseenbefore. Chapter4 dealswith applyingthis EA

learnerto aconceptearningproblem.

3.4.2 Robotics

A very differenttype of domainis learninga control systemfor a robot. Becausea robot
will needto make mary decisionsover and over beforeit reachest's goal, the is often
referredto as a sequentialdecisionmaking task. Generalizatiorcan play an important
role becauséeherobotwill befacedwith situationsit hasnot seernbefore,both duringand
afterlearning.In chapterb, theresultsof this rule learneroperatingn a simulatedrobotic

domainwill bepresented.



4. ConceptLearning Domain

A conceptlearningdomainmakesa goodtestbedor researchingyeneralizatiorfor a
numberof reasonsA greatdealof machindearningresearchhasbeendoneontheseprob-
lems,giving ussomeideaof how to proceedandwhatto expect. Also, they aregenerally
lesscomplicatedandmuchlesstime consuminghana roboticsdomain. Hopefully some

of thelessongearnedherecanbe appliedwhenmoving onto evolving behaiors.

4.1 Cars Database

The Universityof Californiaat Irvine (UCI) maintainsa large repositoryof conceptiearn-
ing problemswhich arefreely availablefor researchTo preventaddingalot of complexity
to thesystem] avoideddatasetsvhich usedrealvaluesor incompleteelds. Pickingado-

mainwhich resultedin rulesthatweresimilar in structureandsizeto the roboticsdomain

wasalsoconsideredin thehopeghatthiswould aidin acomparisorbetweerthedomains.
For thesereasonsthe “Car” databasevaschosen.

This databasevasengineeredo to validateandexpert systemlearningprogram. The
premiseis a rating systemfor carsbasedon a numberof salientfeatures. This model
was developedas an examplecasefor teachingexpert systemdevelopmentandwas rst
introducedn (BohaneandRajkovic, 1988).

The goal is to cateyorize carsasto their desirability for purchasebasedon certain
characteristics Among the characteristicare cost (buying price and maintenance)and
safetyandcomfort(numberof doors trunk size,andnumberof peoplethatcanbecarried).

Eachof theseattributesis givena symbolvalue,sucha low, mediumor high. Theseare
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Table4.1: Cardatabasaittributes

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 unaccacc,good,vgood

Table4.2: Car databasestatistics. This table indicatesthe relatve numberof examples
which areassociateavith eachclass.

Class N N[%]

unacc | 1210| 70.023%
acc 384 | 22.222%
good 69| 3.993%
v-good 65| 3.762%

summarizedn Table4.1.
Thecardatabaseontainsl 728examples.Thissetcompletelycoversall possiblevalues

for thefeatures.The numberof examplesfor eachclassaresummarizedn Table4.2.

4.2 Encoding

The rst stepsnecessaryor implementingthis problemis to developarule structureand
an encoding.The conditionsectionof the ruleswill containeachof the featuresandthe
actionsectionwill bea class(classi cation). SeeTable4.3. Also, all the featuresandthe

classeseedabinaryencoding.Table4.4 shavs the encodingshatwerechosen.
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Table4.3: Cardatabaseule structure.This tableshavs how the attribute andclassinfor-
mationarelaid outin alinearstructureto represenarule.

| buying | maint| doors| persons lug_boot | safety | class]

Table 4.4: Car databasdeatureencoding. Eachattribute and classare corvertedinto a
binarystringsothatrulescanberepresentedsabinarynumber

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
aregivenasinput to the rule interpretey anda a classi cationis returned(if onecanbe
found). For every correctclassi cation, the tness is incrementedyy one. If no classi -
cationis found, or anincorrectclassi cationis returnedthe tness is notincrementedor
thatexample.All resultsarereportedasa percentagef correctclassi cations.

In orderto testthe quality of the generalizationthe setof exampless brokeninto two
parts,the training setandthetestingset. In this case 2/3 of the exampleswererandomly
choserandplacedn thetrainingset. Theremainingl/3comprisedhetestingset.Rulesets
wereevolved usingonly thetraining set. Onceevolution is complete, The bestindividual
is validatedby classifyingall theindividualsin thetestingset.If asigni cant differenceis

seerbetweerthetwo evaluationsthatis oftenanindicationthatthe generalizatiorns poor.

4.4 Results

4.4.1 Sensitvity Study

Beforeperformingthe experiments) performedsomesensitvity studiesto make surethat
reasonablealueswerebeingusedfor the parametersOneof the rst parameterstudied
waspopulationsize. Althoughmy resultsarenot presentedhere,l foundthat50 seemedo
be areasonablesize. Experimentswith 25 individuals producednferior results,whereas
resultsusing100individualswerecomparabldo thosewith 50.

The length-basednutationoperatorsdescribedearlier were developedso that a con-
sistentmeasurecould be usedfor mutationrate whendifferentgenomesizeswere used.
To validatetheseoperatorsa studywasdoneusingusingindividualscontainingl0 rules,
andindividualscontainingl00rules. Experimentsvere performedusingseveral different
valuesof E . Seetable4.5for the otherparametesettingsused. The resultsareshavn

in gure 4.1.
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An explanationof this graphis in order Eachpointonthegraphplotsthe tness of the
bestindividual found at the endof a run, averagedover 10 runs. Four experimentswvere
runwith individualscontainingl0 rules,eachexperimentusinga differentvaluefor E j; .
Theseresultsfor thelowerline onthegraph.Theupperline shavstheresultsfor thesame
setof experimentsput in this casejndividualscontainedLOOrules. All of theseresultsare
only from thetraining phase.

The import thing to noteis that the optimal value for E,; is likely the same,even
thoughthegenomesizesarequitedifferent. Thisdoesindeedprovide a consistentneasure
for differentgenomesizes. The resultsusingthe testingsetshowv similar curvesaswell.
Studieswere alsodoneusinglength-basedavildcard mutation,and againthe resultswere
similarto gure 4.1.

Anotherparametethatneedguningis the wildcard biasin the wildcard mutationop-
erator Initial experimentshave shavn thatif individualsdo not containenoughwildcards,
the resultsare sub-optimal. Of coursetoo mary wildcardscan have a similar effect be-
causeover-generaruleswill have adif cult time distinguishingoetweerdifferentinput. It
isimportantto nd theappropriateniddle ground.

The parametern table4.6 describethe experimentconductedo nd the appropriate
wildcard biasfor this problemdomain. Figure4.2 plots the resultsof theseexperiments.
Eachpointin the plot representshe averageof 10 runsandthe error barsshav the 95%
con denceintervals. The resultsshav thatthe bestvaluefor wildcard biasappeargo be

near0.6. | have choserthis numberfor usein all furtherexperiments.

4.4.2 Wildcards

This next setof experimentswere run usingwildcardsfor generalization.A numberof
genomesizeswereusedto getanideaof how compactherule setscanbe. Theparameters
for thewildcardexperimentsaregivenin table4.7. Theresultsin gure 4.3shaw thatthere

is probablyno adwantagan usingmorethan50 rules. The resultson thetestsetseemthe
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Table4.5: Parametergor mutationratesensitvity studyin the conceptearningdomain

Parameter Value
Populatiorsize 50

Generations 2000

Selection Tournament
Crossw@er operator 2-point
Crosswerrate 0.8
Mutationoperator length-basedbit- ip
Emnut (expectedhumberof mutationsperindividual) | 0.25,0.5,1.0,1.5

Mutation Rate Sensitivity using Partial Matching

90

88
|
N
/

Fitness (% Correct)

84

- 100 rules
—a— 10 rules

80
|

I I I I
0.0 0.5 1.0 1.5

Expected number of mutations

Figure4.1: Resultsof mutationratesensitvity studyin theconcepiearningdomain.Each
pointonthegraphrepresentthe tness of the bestindividual after2000generationsaver-
agedover 10 runs. The error barsindicatethe 95% con denceinterval. Only thetraining
dataresultsareplotted.
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Table4.6: Parameters$or wildcardbiassensitvity studyin the conceptearningdomain

Parameter Value
Populatiorsize 50

Generations 2000

Selection Tournament
Crossweeroperator| 2-point
Crosswerrate 0.8
Mutationoperator | length-basedvildcard
Wildcardbias 0.2,0.4,0.6,0.8,0.9
E mut 1.0

Sensitivity of Mutation Wildcard Bias

Fitness (% Correct)
80 85 90 95 100
] ]

75
|

—e— Training
-m - Testing i

70
|

I I I I I I
0.0 0.2 0.4 0.6 0.8 1.0

Wildcard Bias
Figure4.2: Resultsof a wildcard bias sensitvity studyin the conceptlearningdomain.

Eachpointonthegraphrepresentshe tness of thebestindividual after2000generations,
averagedover 10runs. Theerrorbarsindicatethe 95%con denceinterval.
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sameaswith 50rules,if notslightly worse.

4.4.3 Partial Matching

The parametergor the partial matchingexperimentsarein table 4.8, andthe resultsare
shavn in the gure 4.4. In this caseit appearghatno morethan20 rulesshouldbe used
sincethe resultsin the testset startdecreasingvhen morerules are used. This is most

likely causedy therule setsbhecomingover t to thetrainingdata.

4.4.4 Hybrid

The nal setof experimentgperformedin this domainweredoneusingthe hybrid match-
ing. Table4.9 shavs the parametersisedin the experimentsandthe resultsareshavn in
gure 4.5. Overall, seemsimilar in characteto thoseusingwildcards. Not muchperfor

mancecanbe gainedby usingmorethan50rules.Perhapsven20is enough.

4.5 Comparison

Of coursewhatwe aremostinterestedn is comparingthesethreeapproached-igure4.6
show the previous resultsplotted togetherfor easiercomparison.The plot on the top is
training, and on the bottom is testing. Sincewe are concernedvith generalizationthe
testingresultsarereally the mostinteresting.

We seethatexceptfor very smallrule set,the wildcardsoutperformthe partialmatch-
ing. Somavhatof a surprisethoughis thatthe hybrid actuallyoutperformshemboth. To
con rm this, a one-way ANOVA was performedon the resultsfrom the threetechniques.
Separat¢estswveredonefor eachgenomdength. A Tukey-meangosthocanalysisshoved
thattheresultfor the hybrid werealwayssigni cantly differentfrom the othertwo.

My expectationsvasthatthe hybrid would never do the betterthanthe bestof the other

two. Thisresultthatit did betterthanbothwassomevhatof a surpriseto me.
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Table4.7: Parameters$or wildcardexperimentin the concepiearningdomain

Parameter Value
Populatiorsize 50

Generations 2000

Selection Tournament
Crossweeroperator| 2-point
Crosswoerrate 0.8
Mutationoperator | length-basedvildcard
Wildcardbias 0.6

E mut 1.0

Genomesize 5,10,20,50,100

Cars Concept Domain (Wildcards)
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Figure4.3: Resultsof wildcard experimentin the conceptearningdomain.Eachpointon
thegraphrepresentthe tness of thebestindividual after2000generationsaveragedver
20runs.Theerrorbarsindicatethe 95% con denceinterval.
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Table4.8: Parametergor partialmatchingexperimentin the conceptiearningdomain

Parameter Value
Populatiorsize 50

Generations 2000

Selection Tournament
Crossweeroperator| 2-point
Crosswerrate 0.8
Mutationoperator | length-basedbit- ip
E mut 1.0

Genomesize 5,10,20,50,100

Cars Concept Domain (Partial Matching)
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Figure4.4: Resultsof partial matchingexperimentin the conceptiearningdomain. Each
pointonthegraphrepresentthe tness of the bestindividual after2000generationsaver
agedover 20runs. Theerrorbarsindicatethe 95%con denceinterval.
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Table4.9: Parametersor hybrid experimentin the conceptearningdomain

Parameter Value
Populatiorsize 50

Generations 2000

Selection Tournament
Cross@eroperator| 2-point
Crosswoerrate 0.8
Mutationoperator | length-basedvildcard
Wildcardbias 0.6

I (wildcardvalue) | 0.75

E mut 1.0

Genomesize 5,10,20,50,100

Cars Concept Domain (Hybrid)
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Figure4.5: Resultsof hybrid experimentin the conceptlearningdomain. Eachpoint on
thegraphrepresentthe tness of thebestindividual after2000generationsaveragedver
20runs.Theerrorbarsindicatethe 95%con denceinterval.
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Regardingthe ability of theseapproachesepresentompactsolutions,it appearghat
partialmatchinghasarelatively compactsolutionatabout20rulesor so. It justisn't avery
goodsolutioncomparedo the othertwo. With wildcards the bestsolutionappears$o need
on the orderof 50 rules. Interestingly and perhapsnot surprisingly the hybrid inherits
someof the ability partial matchingto compacta solution. The hybrid canlearnquite a

goodsolution(althoughperhapshot the best)usingonly 20 rulesaswell.
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Cars Concept Domain (Training)
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Figure 4.6: Comparisonplots of training and testingresultsfor all three generalization
techniquegpartial matching,wildcardsand hybrid). Eachpoint on the graphrepresents
the tness of the bestindividual after 2000generationsaveragedover 20 runs. The error
barsindicatethe 95%con denceinterval.



5. Micr o Air VehicleDomain

The secondproblemdomainwhich usedfor evaluatingthesegeneralizatiormecha-
nismsis a multi-agentrobotics probleminvolving micro air vehicles(MAVs). This re-
searchstemsfrom our involvementin a Navy sponsoredrojectwhich is attemptingto

createsmallautonomousircraftfor usein varioussuneillancetasks.The EA will evolve

controlsystemdor thesevehicleswhich take the form of stimulus-responseiles.
Researclinto multi-agentsystemsassteadilygrown overthepastfew decade¢Mataric,
1994;Bull etal., 1995b;Parker, 2000). Theseenvironmentsprovide someinterestingop-
portunitiesthat single agentsystemsdo not, including chancego explore cooperation,
competition,agentspecializatioranddistributedproblemsolvingall in a comple< chang-

ing ervironment.

5.1 Simulator

Currentlyall of our experimentsinvolve the useof a simple micro air vehicle simulator
(See gure 5.1). The simulationis an overheadview of a 2-D ervironmentin which the
aircraft canmove above the ground,but cannotchangealtitude. Six identical MAVs are
placedinto the simulator andareallowedto move andturn on eachtimestep.The MAVs
must y ataconstanspeedandcanonly maintainposition

over an objectby learningto y in circles. As the MAVs move, they canpotentially
collide with eachother If they do, they areimmediatelydestryed and removed from
the simulation. MAVs canalso y inde nitely in ary direction,leaving the areathey are

supposedo be coveringwith little hopeof gettingback.
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Figure5.1: Screenshoof the MAV simulator The ervironmentconsistof a large square
with low interestanda smallersquarewith higherinterestplacedrandomlywithin it. The
MAVs arestartedat the bottomof theleft edge.
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Theervironmentcontainsalarge squarenhichis assignedninterestievel, in thiscase
1. Thereis alsoa smallersquareof interestlevel 3 someavherewithin the large square.
It' s locationis randomlygeneratedvith eachrun of the simulator Everythingelsehasan
interestievel of 0. Theinterestlevel is meantto indicateto the MAVs theimportanceof an
object,andthe priority thatshouldbe attachedo observingt.

The MAVs arelined up at the bottomof the left edge. Their initial positionsare per

turbedslightly with eachrunin thehopeshatthey will learnmorerobustbehaiors.

5.1.1 Sensorsand Actions

EachMAV has8 sonarsensorglacedon the outsideof the vehicleandfacing outward.
Thesesensorsachobsene a differentpart of the spacearoundthe vehicle,and noneof
themoverlap.Eachsensohasa 45 degree eld of view. This hasthe effect of dividing the
areaaroundthe vehicleinto octants.Eachsonarobsenesa singleoctant.

Therangedatafrom eachsonarsensois encodedising?2 bits, with 00 beingtheclosest
andllthefarthestlIf nothingisin rangeallisreturned.Thesensorangecanbeadjusted
asaparametenof the simulation.

The robotsalsohave a downward facing camerafacingwith which they canobsene
objectson the ground. Like the sonardata,the cameradatais partitionedinto octants,
indicatingwhatliesin eachcompasdglirectionfrom the vehicle.Objectson thegroundare
assignedan interestlevel between0 and 3. This interestlevel canbe recognizedby the
cameraandis encodedn 2 bits peroctant. Thereforethe total numberof bits the camera

returnsis 16.
Theonly actionavehiclecantake is to turn. Threebits areusedto encodeaturnangle

between135and135degrees.A turn angleof +/-180is impossible,andso 0 degreesis
encodedwice in orderto provide a biasfor moving straightahead.The default behaior,
shouldnorule re, is alsoto turn 0 degrees.

With 16 bits from all the rangesensorsand 16 bits from the camerasensoy the total



46

numberof bits for sensolinputis 32 bits. This is alsothe numberof bits in the condition

sectionof therules. Sincerulescontain32 bits in the conditionsectionand 3 bits in the

actionsection,asinglerule is 35 bitslong.

5.1.2 Fitness

Oneachtimesteptheteamrecevescreditfor all of theinterestingareaghey obsere. The
total obsenedareafor eachinterestlevel is calculatedandthenmultiplied by thatinterest
level. Thismeanghatobservinganareaof interestievel 0 addsnothingthe tness, whereas
observingsomethingof interestlevel 3 contributes3 timesasmuchvalueassomethingof
interestlevel 1. Any areaobsened by multiple MAVs at the sametime is only counted
once.Fitnessds calculatedoy averagingall thecreditrecevedover all thetimesteps.

The objective is to encouragehe MAVSs to explore the larger square(interestlevel 1)
searchingor the mostinterestingarea(interestlevel 3). Oncefound, at leastone MAV
shouldmaintaincoverageof thatareafor aslong aspossible. Theanalogyhereis to thatof
a battle eld with somesortof enemyassebnit, suchasatank. We wantour surweillance
planeso nd thesetamgetsandkeepaneye onthemsothatthey do notsurpriseuslater.

It shouldbe notedthat all the MAVs use exactly the samerule set as their control
system.In otherwords,the teamis homogeneousT his makesit simpleto assigna tness
backto anindividualin the EA. An individualin the EA doesnotrepresena singleMAYV,
it representateam.

Since tnessesare essentiallyweightedareacalculations,the numbersproducedare
not easily understood.To make the resultsmore comprehensibleall thessesshovn as
a percentagef anideal score. The ideal scoreis the tness thatwould resultif one of
the MAVs wereto maintainconstantoveragethe areawith interestievel 3, andthe others
maintainedcoverageof theinterestlevel 1 area.An individual will never actuallybe able
to achieve this tness becaus®f how the MAVs areinitially placed.

Finally, this domaintendsto be much noisierthanthe conceptlearningdomain. In
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otherwords,therearemorestochastielementsandsotheresultof a simulationrun vary
greatlydependingn theinitial conditions. The mostcommonway of dealingwith thisis
to runthe simulationseveraltimeswith oneindividual, andthenaveragetheresultsfor the

nal tnessscore.

5.2 TestingGeneralization

In the conceptiearningdomainit wasrelatively easyto createa training setandatesting
set. This notion is not so easily transferredo a sequentiadecisionmaking domain. Is
it meaningfulto identify someinput thatthe robotshave never seenbeforeandtesttheir
response™Mow would you decideif the outputwascorrector not? This questioncannotbe
answeredvithout understandinghe contect, andthe contect includesthe otherrulesthat

arein therule set.

In orderto testgeneralitywe decidedesttherobustnes®of the solutions.Rulesetsare
subjectedo a suiteof approximately50 differentervironments,ary or all of which may
have alreadybeenusedduringtesting.The performanceverall of thesds averageto form

thetestresults.

5.3 Results

5.3.1 Sensitvity Study

As with arny EA experimentsthe rst stepis to performa few sensitvity studiesso that
we canfeel comfortablewith the parametesettings.As mentionedearlief this domainis
noisy sowe wantto run the simulationseveraltimesfor any givenevaluationof the tness
function. How mary timesdo we run it though?To nd outl allotteda x ed numberof
simulationrunsto the EA andthenran several experimentsgeachwith a differentnumber
of simulationsruns (or episodesper evaluation. What this meanss thatwhenthereare

fewer episodeperevaluation therearemoregenerations.
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Table5.1 showns the parameterg$or the experimentsandthe resultsare plottedin g-
ure5.2. Tenrunswereperformedfor eachexperiment,andeachpointin the graphshowvs
theaverage tness of the best(most t) individualsatthe endof theseruns. Althoughthe
variancesanbe ratherhigh in somecasesjt appearshat ve episodegerevaluationis
appropriateThis

In this domainwe againwantto nd anappropriatevaluefor thewildcardbiasparam-
eterwhich is givento the wildcard mutationoperators. The experimentsparametersare
showvn in table5.2 and gure 5.3 plots the results. Ten runswere performedper experi-
ment. Interestinglythe EA doesbetterwith even highervaluesfor the wildcard biasthen
whatwereusedin theconceptiearningdomain.A biasof 0.8is usedbothfor initialization

andmutationfor all remainingexperimentsvhich usewildcardsin thisdomain.

5.3.2 Wildcards

Table5.3 summarizeshe parametersor the experimentsusingwildcardsfor generaliza-
tion. Severalgenomesizeswereusedin orderto seehow muchthe rule setscanbe com-
pacted.It appearshatnotmorethanl0rulesarenecessarin orderto represenasolution.
Whenwe examinethe actualbehaiors of the bestindividualsof the run, we seethat
they do learnto explore, but they are not always very good at maintainingcoverageof
thetarget. Sometimeghey will seethetarget, but not changecoursein orderto maintain
positionover it. Most timesthey will keeppositionover the target for muchof the time,

but will suddenlymove away from it for no apparenteason.

5.3.3 Partial Matching

The parameter$or the partial matchingexperimentsaresummarizedn table5.4, andthe
resultsof thoseexperimentsare plottedin gure 5.5. Herewe seean unusualpeakin the
trainingandtestingresultswhen10rulesareused.Whenmorerulesareaddedthe quality

of theresultsgo down again.A similar patternwasseenin the conceptearningdomainas
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Table5.1: Sensitvity studyfor the numberof simulationrunsper evaluationin the MAV

domain.

Fitness (% of ideal)
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Parameter Value
Generalizatioomechanism Partial matching
Populatiorsize 50
Simulationrunsperevaluation| 1,5, 10,20
SimulationrunsperEA run 75000
Selection Tournament
Crossw@er operator 2-point
Crosseerrate 0.8
Mutationoperator length-basedit- ip
Emut 1.0
Genomesize 10
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Figure5.2: Resultsof sensitvity studyexploring the numberof simulationrunspereval-
uation. Eachpoint on the graphrepresentshe tness of the bestindividual after 75000
simulationruns,averagedover 10 runs. The error barsindicatethe 95% con denceinter-

val.
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Table5.2: Parametersor wildcardbiassensitvity studyin the MAV domain

Parameter Value
Populatiorsize 50
Simulationrunsperevaluation 5

Generations 100

Selection Tournament
Crosswer operator 2-point
Crosseerrate 0.8
Mutationoperator length-baseavildcard
Emut 1.0
Wildcardbias(initialization andmutation) | 0.2,0.4,0.6,0.8,0.9
Genomesize 20

Sensitivity of Mutation Wildcard Bias
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Figure5.3: Resultsof wildcardbiassensitvity studyin theconceptiearningdomain.Each
pointon the graphrepresentshe tness of the bestindividual after 100 generationsaver
agedover 10runs. Theerrorbarsindicatethe 95%con denceinterval.



Table5.3: Parameters$or wildcardexperimentin the MAV domain

Fitness (% of ideal)

Parameter Value
Populatiorsize 50
Simulationrunsperevaluation| 5

Generations 100

Selection Tournament
Crossw@er operator 2-point
Crossw@errate 0.8
Mutationoperator length-basedvildcard
Emut 1.0
Wildcardbias 0.8

Genomesize 5,10,20,50,100

MAYV using Wildcards
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Figure5.4: Resultsof wildcard experimentin the MAV domain. Eachpoint on the graph
representshe tness of the bestindividual after 100 generationsaveragedover 20 runs.
Theerrorbarsindicatethe 95%con denceinterval.
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well. In thatcase thedrop off wasattributedto over tting of therules. Perhapgshe same

is truehereaswell.

Thebehaiors of theresultsfrom the 10 rule experimentshav improvementoverthose
from the wildcardsexperiments.The MAVs shav goodexplorationabilities, andalmost

alwaysacquirethetarget. Therarelylosesightof thetargetonceit is found.

5.3.4 Hybrid

The nal setof experimentsn thisdomainwereperformedusingthehybrid generalization.
Seetable5.5and gure 5.6 for the parameteranda plot of theresults. The resultsseem
to befairly consistenho matterhow mary rulesareused.Thisimpliesthatasfew as ve
rulesareneededor arepresentationsingthis generalizatioomechanismThereis aslight

peakin thetestingresultwith 50 rules,but it is unlikely thatthis differences signi cant.

5.3.5 Comparison

Figure5.7 plots the previous resultsfrom the threedifferentmechanisntogetheron two
graphgo make comparisoreasier Thebottomgraphshavsthetestingresultswhichis our
maininterest. Herewe seethat the solutionsevolved using partial matchingand 10 rules
seemto give the bestresults. A oneway ANOVA with a Tukey-meangposthoc analysis
shavedthatthis differences signi cant.

| wassurprisedo seethatthepartialmatchingresultsweresuperiorto the hybrid when
10 ruleswereused. | had expectedthe hybrid to do at leastaswell. To make surethis
wasreally the casel decidedto re-runthe 10 rule experimentdor all threegeneralization
mechanismdput this time | ranthemfor 300 generationsnsteadof 100. In eachcase 20

runsweredone.

| have not plottedthe resultshere,but | will describethem. | saw little to no improve-
mentin theresultsfor wildcardsandfor partial matching. The hybrid, on the otherhand,

shoved a dramaticimprovement. The average nal tness wasnow comparablego that
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Table5.4: Parametergor partialmatchingexperimentin the MAV domain

Parameter Value
Populatiorsize 50
Simulationrunsperevaluation| 5

Generations 100

Selection Tournament
Crossw@er operator 2-point
Crosseerrate 0.8
Mutationoperator length-basedbit- ip
Emut 1.0

Genomesize 5,10,20,50,100
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Figure5.5: Resultsof partialmatchingexperimentin the MAV domain.Eachpointonthe
graphrepresentshe tness of the bestindividual after 100 generationsaveragedover 20
runs.Theerrorbarsindicatethe 95% con denceinterval.



Table5.5: Parametersor hybrid experimentin the MAV domain

Genomesize

5,10,20,50,100

Parameter Value
Populatiorsize 50
Simulationrunsperevaluation| 5
Generations 100
Selection Tournament
Crossw@er operator 2-point
Crossweerrate 0.8
Mutationoperator length-basedvildcard
Emut 1.0
Wildcardbias 0.8

I' (wildcardvalue) 0.75

MAYV Using Hybrid
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Figure5.6: Resultsof hybrid experimentin the MAV domain. Eachpoint on the graph
representshe tness of the bestindividual after 100 generationsaveragedover 20 runs.
Theerrorbarsindicatethe 95% con denceinterval.
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of partial matching. Anotherone-way ANOVA shaved no signi cant differencebetween
partialmatchingandthe hybrid. Wildcardsweresigni cantly differentfrom the othertwo

though.
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Figure5.7: Comparisornplots of training and testingresultsfor all three generalization
techniquegpartial matching,wildcardsand hybrid). Eachpoint on the graphrepresents
the tness of the bestindividual after 100 generationsaveragedover 20 runs. The error
barsindicatethe 95%con denceinterval.



6. Search for an Explanation

In thisthesisl have setoutto answeitwo questions:

1. Is a hybrid approachto generalizatiormore robust than eitherwildcardsor partial

matchingon their own?

2. Canwe getadeepemunderstanaf why onemechanisms betterthananother?

In theprevioustwo chapterd have demonstratethatthe hybrid methodis very robust,
atleastin two very differentdomains.In this chapten will focuson answeringhe second

guestion.

6.1 Wildcard Bias

In orderto getsomeinsightinto whatmightbehappeningl lookedfor differencebetween
theconceptiearningandMAV domainsotherthanwhich generalizatioomechanisnworks
better My thinking wasthatif | could nd somethingelse,it might provide someclues
which leadto somethingnorefundamental.
One thing which seemedodd to me was the differencebetweenthe pro les for the
wildcardbiassensitvity studies Figure6.1reprintstheresultshatwereoriginally shavniif
gure 4.2and gure 5.3. As aremindereachof theseplotsweregeneratedisingwildcards
asthe generalizatiormechanism.Eachpoint on the plot is the best tness found after a
x ednumberof generationsaveragecbver 10 runs.
As canbe seenfrom the graphs,the optimal settingfor wildcard biasin the concept

learningdomainis at approximately0.6, with smallervaluesstill yielding reasonablee-
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Figure6.1: Learningresultsusing differentwildcard biasesin the conceptlearningand
MAV domains.
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sults. But in the MAV domainthe optimal settingis at 0.8, and performancedrops off
rapidly atlower values.

A best-so-&r cunve of the MAV domainusinga wildcardsbiasof 0.2 shavs thatlittle
to no improvementoccurredat all duringtherun. In otherwords,no learningwastaking
place.Whenthe behaiors of theseindividualswasobsened, they werealwaysthe same.
They ew in astraightline until they e w off theedgeof theareaof interest.Consequently
they all recevedverylow tnessvalues.

My suspicionwas that ruleswere ring very infrequently and so the default action
(whichwassetto y straight)wasalmostalwaystaking place. To testthis hypothesis)

re-instrumentedhe MAV simulatorcollect statisticsaboutthe numberof default actions

thatweretakingplace.Whatl foundwasthatnoneof theruleswere ring, andonly default
actionswereoccurring.

Thisleadsto aninterestingobsenation. Thenumberof inputexampleghatarecovered
by asinglerule maybeveryimportant.For example,if arule only coversonesetof sensor
input valuesthenthe systemcannotinfer whatactiontake whena similar con gurationis

encountered.

Theinitial rule setsarerandomly If noneof therulesare ring whenthe simulationis
run,thentheevaluationis pointless.In retrospecit mayhave beenmoreusefulto make the

default actionrandominsteadof x ed. This would increasehe chanceghatruleswould

re. Nonetheless,rule coverages important.
Oneimportantdifferencebetweenthesetwo domainsis the size of the rules. In the
conceptearningdomain,the conditionsectionof aruleis x bitslong, whereasn the MAV
domainit is y bits. Couldthis beafactorin the differencesetweerthetwo graphs?After
all, if we considera domainwherethe conditionsectionof a rule containgust two bits, a
rule with justonewildcardwould cover 50%of theinput space Butin adomainwherethe
conditioncontainsl00bits, arule with a singlewildcardwould cover only 2% of theinput

space.For thatmatter arule with 99 wildcardswould alsocover 50% of the input space.
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Countingthe percentagef wildcardsin a stringis probablynot athe bestway to measure
arulesgenerality

Usingthe following formulawe canmeasureghe amountof input spacecoveredby a
givenrule.

ow
cowerage = o (6.1)

Thevariablen is thenumberof bitsin theconditionsectionof arule,andw is thenum-
ber of wildcardsin the conditionsectionof the samerule. We canapproximatehe value
of w by multiplying n by thewildcardbias. Figure6.2 shavs gures 4.2and5.3replotted
usingcoverageasthe independenvariableinsteadof wildcard bias. It is importantto re-
memberthatthe coveragesalculatedor gure 6.2areonly for asinglerule, nottheentire
rule-set.Also, they arejust estimatedasedon thewildcardbias,andwill vary depending
on how mary wildcardsareactuallyin therule.

Nonetheless,we seesomethingnterestinghere. The plots for the two domainsnow
look very similar. The curve for the conceptlearningdomainpeakssomeavhereneara
coverageof 0.04, whereashe peakof the MAV curwve is near0.02. It is dif cult to tell
exactly withoutmoredata.

This shows thatthesetwo domainsdo not actuallyqualitatively differ in regardsto the
wildcard bias. In additionto this, we now have a tool which may helpto give us a better
ideaabouthow to setthewildcardbiasparameterWhenworking with a nev domain,one
shouldchoosea wildcard biaswhich causesulesto have a coveragesomeavherebetween
0.01to 0.05(i.e. 1% to 5%) of the input space.Sincethe total coverageof the rule-setis
alsoimportant,furtherresearchmayshaw thatthe numberof rulesin arule-setalsoeffects

the choiceof wildcardbias.
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Figure 6.2: Wildcard bias plotted as coverage. Using the samedatafrom gure 6.1, the
dependenvariablehasbeentransformedrom wildcard biasto representhe ratio of rule
coverageto thetotal inputspace.
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6.2 Landscape

WhenBooker did his researctwith hybrid generalizationhis working theorywasthatthe
wildcardsdid nothave enoughof a“gradient”in the tnesslandscapdor the EA to follow.
In otherwords,therewereplateausn thelandscapevhich causedhe GA to stagnatesince
it providedno cluesasto wherethe optimumwas. Booker addedpartialmatchingin order
to provide agradientwherepreviously therewasnone.His resultsimprovedwhenheused
this hybrid, lendingstrengthto his theory

We have alreadyseensomeevidencethat plateausnay exist in thesedomains atleast
whenusingonly wildcardsfor generalizationln theMAV domain,whenthewildcardbias
wasreducedo averylow level (e.g.0.2) learningseemedo ceasealtogether

In orderto explore this hypothesidurther, the following approachwasused. A large
numberof individuals were generatedandomly and the tnessesare plotted as a his-
togram.Theideabeingthatif alarge plateauvexistsin thelandscapét will shov upin the
histogramasalargespike. If thereis no plateauthehistogramshouldlook muchsmoother
probablymorelike abell curve.

Figure 6.3 shonvs a numberof histogramdor the conceptiearningdomain. Eachplot
wascreatedyy generatingl00,000randomindividuals. Eachrow demonstratea different
generalizatiortechniqueln orderfrom top to bottomthey arewildcards,partialmatching,
andhybrid. Eachcolumnindicatesa differentsizedrule-setwheretheindividualsusedfor
theleft columncontain5 rules,andthe onesin theright columncontain100rules.

Of thehistogramsn gure 6.3,theonly onewhich shows signsof a plateauandscape
isthe5 rulewildcardexperimenin theuppereft handcorner As we cansee thelandscape
canbe transformeckitherby addingmorerules (upperright corner)or by addingpartial
matching(lower left corner). This seemgo shawv that the plateausare causedat leastin
partby rule setswhich don't cover the completeinput space.As we addmorerules,we

canexpectmoreof thespaceo becovered.Usingthehybrid alsoguaranteethattheentire
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input spaces coveredby arule set.

Thesameexperimentsvereperformedn theMAV environmentaswell. Becauseval-
uationsare much moretime consumingwhen usingthe simulation,only 10,000random
individualswere generated.Fitnesswas calculatedaveraging ve runsof the simulation
usingrandomlygeneratecgkrvironments. Figure 6.4 shows the results. Again the experi-
mentusingwildcardsandagenomdengthof 5 rulesshovsthe strongessignsof aplateau,
althoughthis time the tness of individualson the plateaus not zero,but 10% of theideal
tness. This correspondsery closelywith the tness thatis achievedif all six planesy
straightandneverturn. Interestinglythereareindicationsof a plateawsingtheothergen-
eralizationtechniqueswith 5 rulesaswell. In all casesaddingmorerulesto the system
seemgo eliminatethe plateaufrom thelandscape.

Theseresultsare useful,and sene to back up Booker's original hypothesisvhen he
introducedpartial matching. But they still don't answersomequestionsthat we might
ask.For example,"Why doespartialmatchingseembettersuitedto the MAV domainthan
wildcards?” and “Why doesthe hybrid outperformboth of the otherapproachedn the

conceptearningdomaininsteadof justdoingaswell asthe bestof thetwo?”

6.3 Inductive Bias

Theanalysisof the tness landscapegivessomeinsightinto thedifferencedetweerthese
generalizatiorapproachedyut doesnotanswerall the questionsOnepossibleexplanation

for thesedifferencess inductive bias. Mitchell (1997)de nesinductive biasasfollows:

Considera conceptlearningalgorithmL for the setof instancesX . Let c be
an arbitrary conceptde ned over X, andD. = fhx; ¢(x)ig be an arbitrary
setof trainingexamplesof c. Let L (X;; D) denotethe classi cationassigned
to theinstancex; by L aftertrainingon the dataD.. The inductive bias of

L is any minimal setof assertiond suchthat for any target conceptc and



Figure6.3: Fitnessggradientdor the conceptearningdomain
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Figure6.4: Fitnessgradientdor the MAV domain
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correspondingrainingexamplesD .

(8x; 2 X)[(B " Dc” xi) = L(xi; Do)l (6.2)

or lessformally

... theinductive bias[of a learningalgorithm]is the setof assumptionshat,
togethemwith thetraining data,deductvely justify the classi cationsassigned

by thelearnerto futureinstances.

Eachlearningalgorithmhasa differentinductive bias,anddependingon the learning
domainonebiasmay performbetterthananother In regardsto this algorithm,eachgener
alizationmechanisnalterstheinductive bias,andthis may beresponsibldor someof the

resultsseensofar.

6.3.1 Conceptualizingthe different methods

Wildcards

| will try to characterizéhe inductive biasof thesegeneralizatiormechanism$eginning
with wildcards. Wildcardsare “don't care” symbols,which meansthatwe canhold one
or morevariables x ed, while otherareallowedto vary. Sinceeachbit is usually part of
anencodingor alargervariablethough,wildcardshave the effect of allowing someof the
variablesto vary acrosssomesubsebf the entirerangeof values.

Theeffect of thisis thatruleswill tendto coverlinearor rectangulaiareasof theinput
space.Figure6.5illustrateshow a numberof wildcard rulesmight cover a 2-dimensional
inputspace.This view of wildcardgeneralizatioralsohighlightsoneof it' s greatestveak-
nesses.Thereareoften partsof the spacewhich arenot coveredby ary rule. Recallthat

thisis why Booker originally experimentedvith addingpartialmatchingto his system.
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Figure6.5: Theinductive biasfor wildcardscanbethoughtof asrectangles.

Partial Matching

Theinductive biasfor partialmatchingis ratherdifferentfrom thewildcardinductive bias
though.Insteadof carvingtheinput spacento orthogonakhunkstheboundariebetween
rulesfall atthe setof pointswhich areequidistanin hammingspacefrom eachrule con-
dition. Thisis very asimilarideato a Voronoidiagram(see gure 6.6). This type of plot
shows a Cartesiarspacealividedinto sectionsalongboundariesvhich areequidistanfrom
a setof points. While measuringlistancen hammingspaces not the sameasmeasuring
distancan Cartesiarspacethis type of plot givessomeinsightinto how partial matching

works.
It is importantto notethat the k-nearesneighborlearningalgorithmalso hasa very

similar inductive bias. Since nearesineighboralgorithmsactually measureslistancein
Cartesiarspacehough,theinductive biasis accuratehyllustratedby a Voronoidiagram.
Thisk-nearesheighboralgorithmhasbeendemonstratetb beavery effectivelearning
algorithmin a variety of domains. It doessuffer from one distinct disadwantagethough,
calledthe“curseof dimensionality”.Whencalculatingthe distancebetweerexamplesall
thevariablesmakingup the coordinatevectorareused.If only afew of thosevariablesare

importantfor characterizing given conceptthentwo pointswhich areconceptuallyery
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Figure6.6: Theinductive biasfor partialmatchingis like a Voronoidiagram.

similar to eachotherwill have a distancemeasuravhichis verylarge. It seemdikely that
partialmatchingsuffersfrom similarproblems.Otherlearningalgorithms suchasdecision
treeswill focusonjustafew critical variablestherebyavoiding this problem.
Onecommonsolutionto the “curseof dimensionality”is to apply weightsto the vari-
ablesduring the distancecalculation. In essencehis stretcheghe distanceslongcertain
axes, emphasizingsomevariablesover others. It is also possibleto to stretchdistances
in local areasby implementingtheseweightsas a function. This is donemuchlessof-
tenbecauset canincreasehe risk of over tting. It would not be dif cult to applythese

techniquego partialmatchingin rule systemsaswell.

Hybrid

Theinductive biasof the hybrid is againsimilar to a Voronoidiagramin hammingspace.
The maindifferenceis thatdistancewill be calculatedrom linearregionsinsteadof just
points. This hasthe effect of biasingtheregionstowardbeingmorerectangulain shape.
Anotherinterestingpoint to consideris the effect of the wildcard value. Recallthat
whencalculatingthe matchscore wildcardsmay contritute lessweightto thematchscore

thanazeroor one. Thewildcardvalueis setat0.75in all of my experiments.Therational
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for this decisionwasto allow more speci ¢ rulesto supersedeénore generalones. The
resultis somavhat unexpectedthough. The speci ¢ rulesactually extendtheir in uence
beyond their boundariesandinto the generalrules. Of course,this is not necessarilya
problem.

It is interestingo relatethis new biasbackto someof theissuesve discussedh regards
to k-nearesieighboralgorithms. The “curse of dimensionality”is causedby irrelevant
variables(with regardto a speci ¢ concept)contrituting to the distancefunction. Wild-
cards,ontheotherhand,seneto speci cally excludevariablesvhicharenotnecessarfor
the decisionmakingprocess.The marriageof wildcardsandpartialmatchingmayin fact

beideal,sincein bothcasegheweaknes®f oneis the strengthof the other

6.3.2 Validating the Inductive Bias Hypothesis

Wewouldliketo nd awayto validatethis hypothesisaboutinductive bias.Oneideais as
follows. If this hypothesiss true,we shouldbe ableto devise a conceptiearningproblem
which favors partialmatchinginsteadof wildcards.

Assumingthis hypothesiss true,wildcardsshouldpreferproblemsw~vherethevariables
areindependenbf oneanother Therefore jf we createa conceptiearningproblemwhich

containgelationshipdbetweerthevariablesjt shouldfavor partialmatching.

Domain

| createda domainwhich containedwo input variables:a andb. Both arerepresenteth
theinput spaceusinga 6 bit encoding. The outputis a singlebit. All the exampleswere

generatedisingthefollowing simplerule:

1 ifb<a

fab = 0 otherwise

Therewere4096examplesyeneratedandthey weredividedup with 2/3 goinginto the



70

Table6.1: Parameter$or experimentsn the generated¢onceptearningproblem

Parameter Value
Populatiorsize 50
Generations 2000
Selection Tournament
Crosseer operator| 2-point
Crossweerrate 0.8

E mut 1.0
Genomesize 10,50
Wildcardbias 0.6

I' (wildcardvalue) | 0.75

trainingsetand1/3into thetestset.

Results

Experimentsvererun usingall threegeneralizatiortechniquesisinggenomesizesof 10
and50. Therewere20 runsin each. Table6.1 detail the importantparametergor all the
experiments.

Theresults(plottedin gure 6.7 shaws resultsvery similarto the carsconceptearning
problem.In otherwords,wildcardsstill outperformedpartialmatching.

It was consideredhatthe natureof the binary encodingfor the variablescould have
beenthe sourceof someof the problems.In otherwords,hammingcliffs could be alter
ing the natureof the distancecalculations. After all, variableswhich have a non-linear
relationshipin realspacemay have a completelydifferentrelationshipin hammingspace,
dependingntheencoding.

In an attemptto mitigate theseeffects, the sameexperimentswere performedexcept
thata Grey codingwasusedfor thevariables.| have not plottedtheresultshere,but quali-
tatively they wereessentiallfthesameasthe previousexperiment.Wildcardsoutperformed
partialmatching.

It is notclearwhethertheinductive biashypothesisvasincorrect(or atleastnot useful
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Figure 6.7: Comparisonplots of training and testingresultsfor all three generalization
techniquegpartialmatchingwildcardsandhybrid)in thegenerate@onceptdomain.Each
pointonthegraphrepresentthe tness of the bestindividual after2000generationsaver
agedover 20runs. Theerrorbarsindicatethe 95%con denceinterval.
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for explaining the outcomesseen)or whethertheseexperimentswere just poorly formu-
lated. Perhapsunningsimilar experimentsusinga real valuedrepresentatiomight shed

somelight onthisissue.



7. Conclusions

The goalsof this thesisareto comparethreespeci ¢ generalizatiormechanismsn a
Pitt approachevolutionaryrule learningsystem. Of particularconcernarethe quality of
the results,the learningtime neededandthe compactnessf the rulessetscreated.The
hopesarethatthis informationcould help guide someoneémplementingsucha systemin
makingbetterdesigndecisions.

Thethreegeneralizatiormechanismgxploredwerewildcards,partial matchinganda
hybrid of thetwo. My hypothesisvasthatthe hybrid would be morerobustthanthe other
two whencomparedn avariety of problemdomains.But alsoof interestis understanding
why theseapproachebehaedbetteror worsein differentervironments.

Two problemdomainswerechoserto testthesemechanismsOnewasa conceplearn-
ing domain,andthe othera roboticsdomainwhich involvesa sequentiatiecisionmaking
processTheresultsshavedthatthewildcardstendedo performbetterthanpartialmatch-
ing in theconceptearningdomain,but the oppositewastruein theroboticsdomainwhere
the partial matchingwasclearly the betterperformer Somevhat surprisingly the hybrid
wassuperiorto the othertwo mechanism#n the conceptearningdomain.In therobotics
domainthe hybrid performedaswell aspartial matching,but requiredmorelearningtime

to achieve thislevel.
Theseresultsseemto con rm the hypothesighatthe hybrid generalizations the most

robust. Of course,runningthesetestson more domainswould increaseour con dence
thatthis conclusionis a generalone. But what theseresultsdo not tell usis what causes
someof thedifferencesve seein thetwo domains.With this in mind, furtherstudieswere

performedn thehopesof nding anexplanation.

73
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In the rst part of this study| discoveredwhat appeardo be a usefulrule of thumb
for determiningan appropriatebiasfor seedingndividualswith wildcards. Eachrule on
averageshouldcontainenoughwildcardsto cover somavherebetweenl % and5% of the
inputspace.This numbemayvary dependingon thetotal numberof rulesin therule set.

As a next steptoward nding anexplanation,| attemptedo verify Booker's ideathat
wildcardsinherentlyform plateausn the tness landscapethuscausingevolutionto stag-
nate. To testthis, | generatedhousandsf individuals, and plotting their tnessesin a
histogramhopingto geta senseof the natureof the problemlandscapeA peakin this his-
togramwould likely correspondo a plateau.l did in factseethesepeakswhenwildcards
were usedwith individuals containinga small numberof rules. And as Booker found,
addingpartial matchingseemedo eliminatetheseplateaus. But | alsonoticedthat the
plateauscould be easilyeliminatedby usinglargerrule-sets While Booker's ideaappears
to explain someof theresult,it doesnotexplain all of them.

Finally, | exploredthenotionthateachgeneralizatiormechanisnalteredthe inductive
biasof thelearningalgorithm.| formulateda somevhatintuitive view of theinductive bias
of eachmechanism.l alsoidenti ed similaritieswith otherlearningalgorithms,suchas
k-nearesheighbor Usingthis approacH wasableto identify possibleveaknesseis each
mechanismandshaow thatthe hybrid hasthe potentialto solve mary of them. This may
explain how the hybrid wasableto outperformbothwildcardsandpartial matchingin the
conceptearningdomain.

An experimentwas devised in orderto validatethis hypothesis. By comparingthe
inductive biasesf thesemechanismst wasobsenedthatwildcardsmight have moredif-

culty describinga conceptn which containedarelationshipbetweertheinputvariables.
A conceptiearningdomainwith this characteristiavasengineeredandexperimentsvere
runusingall threegeneralizatioomechanismsUnfortunatelywildcardsstill outperformed
partialmatchingagainsburexpectationsWhile theinductive biasanalysiss usefulfor un-

derstandinggomeof the behaiors we see,it cannotexplainthemall. Thereareadditional
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compleities will requirefurtherstudyto understandompletely

7.1 Contributions to the Field

The commonwisdomwas that partial matching(addedto a systemthat useswildcards)
transformghe tness landscapeturning plateausnto smoothemgradientsthusmakingit
easierfor anEA to performits search.

| have demonstratethatpartialmatchingappeardo have little in uence onthe tness
gradient,exceptin casesvherethe input spaceis highly underspeci edby the rule sets
beingevolved.

| have alsodemonstratethattherearedomainsin which usingpartial matchingalone
leadsto betterperformingrules-setshanusingwildcards.This seemgo imply thatanother
explanationis in order

By bringing a machinelearningperspectie to bearon this issue,|l have offeredan
alternatve explanation namelythatpartialmatchingandwildcardshave differentinductive
biases Dependingon thedomain,oneof thesemechanismsnaybe moreappropriatehan

theother

Finally I have shavn thata hybrid of thesegeneralizatioomechanismsanoftendo as
well or betterthaneitherseparately Sometimeghis comesat the costof longerlearning

time though.

7.2 Future Work

| am not completelysatis ed with my attemptso explain andmodelthesegeneralization

mechanismsDoesinductive biasaccounffor the differencesve sav betweerthedifferent

domains? would lik e to continuethis researchn orderto answetthis question.
Thereare a numberof other aspectdo rule learning systemswhich have not been

adequatelgxploredeither includingissueof representatiorgperatorandvariablelength
genomes.
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Phenotypicrepresentationbave often beenshown to be more effective. Therearea
numberof differentapproachesvhich canbe taken, and very few studiescan offer ad-
vice aboutthetradeofs involved. Differentrepresentationgequiredifferentgeneralization
mechanismaswell. Perhapsstudyingthosewill provide new insightto the work done

here.
Anotheraspectof Pitt approachsystemswhich is not well understoods the variable

lengthrepresentationSinceparsimoly is animportantaspecof generalizationthe ability
to adaptthe size of the solution becomescritical. The biggestissueto deal with here
is bloat. Therearemary variablelengthrepresentationamongevolutionaryalgorithms,
andmostof themsuffer from bloat. Yet thereis no widely acceptedxplanationfor this
phenomenonl. amsuspicioughatissuegelatedto generalizatioomay play arole.

Finally, geneticoperatorareworth spendingnoretime on. Almostall thesystemghat
exist have usedeitherfairly typical cross@er operatorspr in the caseof SAMUEL, rather
comple creditassignmentechniquedor determininghow to exchangegeneticmaterial.

Are therenovel, yetsimpleoperatorsvhich encourageearctor perhapsliscouragédloat?
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