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Abstract

To successfullyapply evolutionaryalgorithmsto the solutionof increasinglycomplex prob-
lems,we mustdevelop effective techniquesfor evolving solutionsin the form of interacting
coadaptedsubcomponents.Oneof themajordifficultiescomesin findingcomputationalexten-
sionsto our currentevolutionaryparadigmsthatwill enablesuchsubcomponentsto “emerge”
ratherthanbeinghanddesigned.In this paperwe describean architecturefor evolving such
subcomponentsasacollectionof cooperatingspecies.Givenasimplestring-matchingtask,we
show thatevolutionarypressureto increasetheoverall fitnessof theecosystemcanprovide the
neededstimulusfor theemergenceof anappropriatenumberof interdependentsubcomponents
thatcover multiple niches,evolve to anappropriatelevel of generality, andadaptasthenum-
ber androlesof their fellow subcomponentschangeover time. We thenexplore theseissues
within thecontext of amorecomplicateddomainthroughacasestudyinvolving theevolution
of artificial neuralnetworks.
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1 Introduction

Thebasichypothesisunderlyingthework describedin this paperis that to applyevolutionary
algorithms(EAs) effectively to increasinglycomplex problems,explicit notionsof modularity
mustbe introducedto provide reasonableopportunitiesfor solutionsto evolve in the form of
interactingcoadaptedsubcomponents.A goodexampleof suchproblemsis behavior learning
taskssuchasthoseonewouldencounterin thedomainof robotics,wherecomplex behavior can
be decomposedinto simplersubbehaviors. Whatmakesfinding solutionsto problemsof this
sortespeciallydifficult is thatanaturaldecompositionoftenleadsto interactingsubcomponents
that arehighly dependenton oneanother. This makescoadaptationa critical requirementfor
theirevolution.

Therearetwo primaryreasonstraditionalEAs arenot entirelyadequatefor solvingthese
typesof problems.First, thepopulationof individualsevolvedby thesealgorithmshasastrong
tendency to convergein responseto anincreasingnumberof trials beingallocatedto observed
regions of the solution spacewith above averagefitness. This strongconvergenceproperty
precludesthe long-termpreservationof diversesubcomponentsbecauseany but thestrongest
individual will ultimatelybe eliminated.Second,individualsevolvedby traditionalEAs typ-
ically representcompletesolutionsandareevaluatedin isolation. Sinceinteractionsbetween
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populationmembersarenot modeled,thereis no evolutionarypressurefor coadaptationto oc-
cur. To complicatemattersfurther, we mayneitherknow a priori how many subcomponents
thereshouldbe nor what rolesthe subcomponentsshouldassume.The difficulty thencomes
in findingcomputationalextensionsto ourcurrentevolutionaryparadigmsin which reasonable
subcomponents“emerge” ratherthanbeingdesignedby hand.At issueis how to identify and
representsuchsubcomponents,provideanenvironmentin whichthey caninteractandcoadapt,
andapportioncredit to themfor their contributionsto the problem-solvingactivity suchthat
theirevolutionproceedswithouthumaninvolvement.

This paperis organizedasfollows. Section2 beginswith a discussionof someimportant
issuesrelatedto evolving coadaptedsubcomponentsanddescribessomepreviousapproaches
to extendingthebasicevolutionarymodelfor this purpose.This is followedin Section3 by a
descriptionof ourarchitecturefor evolving coadaptedsubcomponentsasacollectionof cooper-
atingspecies.Section4 investigateswhetherreasonablesubcomponentswill automaticallyarise
throughthe useof suchsystemsby attemptingto show that evolutionarypressureto increase
the overall fitnessof the ecosystemcanprovide the neededstimulusfor the emergenceof an
appropriatenumberof interdependentsubcomponentsthatcovermultipleniches,areevolvedto
anappropriatelevel of generality, andadaptasthenumberandrolesof their fellow subcompo-
nentschangeovertime. Section5 furtherexplorestheemergenceof coadaptedsubcomponents
througha casestudyin neuralnetwork evolution. Lastly, Section6 summarizesthemaincon-
tributionsof thispaperanddiscussesdirectionsfor futureresearch.

2 Evolving Coadapted Subcomponents

If we areto extendthebasiccomputationalmodelof evolution to provide reasonableopportu-
nities for theemergenceof coadaptedsubcomponents,we mustaddressthe issuesof problem
decomposition,interdependenciesbetweensubcomponents,creditassignment,andthemainte-
nanceof diversity.

Problemdecompositionconsistsof determininganappropriatenumberof subcomponents
andthe role eachwill play. For someproblemsanappropriatedecompositionmaybeknown
a priori . Considerthe problemof optimizing a functionof

�
independentvariables.It may

bereasonableto decomposetheprobleminto
�

subtasks,with eachassignedto theoptimiza-
tion of a singlevariable. However, therearemany problemsfor which we have little or no
informationpertainingto the numberor rolesof subcomponentsthat ideally shouldbe in the
decomposition.For example,if thetaskis to learnclassificationrulesfor amultimodalconcept
from preclassifiedexamples,we probablywill not know beforehandhow many ruleswill be
requiredto cover theexamplesor which modalityof theconcepteachrule shouldrespondto.
Given thatanappropriatedecompositionis not alwaysobvious, it is extremelyimportantthat
theEA addressesthedecompositiontaskeitherasanexplicit componentof thealgorithmor as
anemergentproperty.

Thesecondissueconcernstheevolution of interdependentsubcomponents.If a problem
canbedecomposedinto subcomponentswithout interdependencies,clearlyeachcanbeevolved
without regard to the others. Graphically, one can imagineeachsubcomponentevolving to
achieveahigherpositiononits own fitnesslandscape,disjointfrom thefitnesslandscapesof the
othersubcomponents.Unfortunately, many problemscanonly bedecomposedinto subcompo-
nentsexhibitingcomplex interdependencies.Theeffectof changingoneof theseinterdependent
subcomponentsis sometimesdescribedasa deformingor warpingof thefitnesslandscapesas-
sociatedwith eachof theotherinterdependentsubcomponents(KauffmanandJohnsen1991).
GiventhatEAs areadaptive, it would seemthat they would bewell suitedto thedynamicsof
thesecoupledlandscapes.However, naturalselectionwill only result in coadaptationin such
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anenvironmentif theinteractionbetweensubcomponentsis modeled.
The third issueis thedeterminationof thecontribution eachsubcomponentis makingto

thesolutionasa whole.This is calledthecreditassignmentproblem,andit canbetracedback
to earlyattemptsto applymachinelearningto thegameof checkersby Arthur Samuel(1959).
For example,if we aregiven a setof rulesfor playing a two-playergamesuchascheckers,
we canevaluatethe fitnessof the rule setasa whole by letting it play actualgamesagainst
alternative rule setsor humanopponentswhile keepingtrackof how oftenit wins. However, it
is far from obvioushow muchcreditasinglerulewithin therulesetshouldreceivegivenawin,
or how muchblametheruleshouldacceptgivena loss.

Thefourth issueis themaintenanceof diversityin theecosystem.If oneis usinganEA to
find a singleindividual representinga completesolutionto a problem,diversityonly needsto
bepreservedin thepopulationlong enoughto performa reasonableexplorationof thesearch
space.Typically, onceagoodsolutionis found,theEA terminatesandall but thebestindividual
is discarded.Contrastthis to evolving a solutionconsistingof coadaptedsubcomponents.In
thecoevolutionaryparadigm,althoughsomesubcomponentsmaybestrongerthanotherswith
respectto their contribution to the solutionasa whole,all subcomponentsarerequiredto be
presentin thefinal solution.

2.1 Previous Approaches

Oneof theearliestextensionsto thebasicevolutionarymodelfor thesupportof coadaptedsub-
componentsis the classifiersystem(Holland andReitman1978;Holland 1986). A classifier
systemis arule-basedsystemin whichapopulationof stimulus-responserulesis evolvedusing
a geneticalgorithm(GA). Theindividual rulesin thepopulationwork togetherto form a com-
pletesolutionto a targetproblem. A micro-economymodelin which rulesplacebids for the
privilegeof activationis usedto handletheinteractionsbetweenpopulationmembers,enabling
themto behighly interdependent.Creditassignmentis accomplishedusinganalgorithmcalled
the bucket brigade, which passesvaluebackto the rulesalongthe activationchainwhenthe
systemis doingwell. Thecomplex dynamicsof thismicro-economymodelresultsin emergent
problemdecompositionandthepreservationof diversity.

A moretaskspecificapproachto evolving a populationof coadaptedruleswastakenby
Giordanaet al. (1994)in their REGAL system.REGAL learnsclassificationrulesconsisting
of conjunctive descriptionsin first orderlogic from preclassifiedtraining examples.Problem
decompositionis handledby a selectionoperatorcalleduniversal suffrage, which clustersin-
dividuals basedon their coverageof a randomlychosensubset� of the positive examples.
A completesolution is formed by selectingthe bestrule from eachcluster, which provides
the necessaryinteractionamongsubcomponents.A seedingoperatormaintainsdiversity in
theecosystemby creatingappropriateindividualswhennonewith thenecessarypropertiesto
cover a particularelementof � exist in the currentpopulation. The fitnessof the individuals
within eachclusteris afunctionof theirconsistency with respectto thesetof negativeexamples
andtheir simplicity. This fitnessevaluationprocedureeffectively solvesthecreditassignment
problem,but is highly specificto thetaskof conceptlearningfrom preclassifiedexamples.

Morerecently, theperformanceof REGAL wasimprovedthroughtheuseof semi-isolated
populationislands(GiordanaandNeri 1996). EachREGAL islandconsistsof a population
of conjunctive descriptionsthat evolve to classifya subsetof the preclassifiedtraining exam-
ples.Theuniversalsuffrageoperatoris appliedwithin eachislandpopulationandtheREGAL
seedingoperatorensuresthatall examplesassignedto anislandarecovered.Migrationof indi-
vidualsbetweenislandsoccursat theendof eachgeneration.A supervisorprocessdetermines
whichexamplesareassignedto theislands,andoccasionallyreassignsthemsothateachisland
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will ultimatelyproduceasingleconjunctivedescriptionthatwill correctlyclassifyall thetrain-
ing exampleswhendisjunctively combinedwith a descriptionfrom eachof the otherislands.
As hypothesizedby populationgeneticistSewall Wright (1932),populationislandsenablethe
systemto maintainmorediversity andreachhigherfitnesspeaksthanpossiblewith a single
freely interbreedingpopulation.

Multiple-speciesmodels,thatis, thoseincorporatinggeneticallyisolatedpopulations,have
alsobeenusedto evolve coadaptedsubcomponents.Early work includesthe applicationof a
modelof hostsandparasitesto theevolutionof sortingnetworksusingaGA (Hillis 1991).One
species(thehosts)representssortingnetworks,andtheotherspecies(theparasites)represents
testcasesin the form of sequencesof numbersto besorted.The interactionbetweenthe two
speciestakesthe form of complementaryfitnessfunctions. Specifically, a sortingnetwork is
evaluatedon how well it sorts test cases,while the test casesare evaluatedon how poorly
they aresorted.Becausethehostandparasitespeciesaregeneticallyisolatedandonly interact
throughtheirfitnessfunctions,they arefull-fledgedspeciesin abiologicalsense.A two-species
modelhasalsobeenusedto solve a numberof gamelearningproblems,includingtic-tac-toe,
nim,andgo,by having thespeciesrepresentcompetingplayers(RosinandBelew 1995).These
competitive-speciesmodelshave demonstratedthat this form of interactionhelpsto preserve
geneticdiversityandresultsin betterfinal solutionswhencomparedwith non-coevolutionary
approaches.In addition,the credit-assignmentproblemis trivially solved throughthe useof
complementaryfitnessfunctions. A limitation of theseapproaches,however, is their narrow
rangeof applicability dueto the requirementthat the problembe hand-decomposedinto two
antagonisticsubcomponents.

Otherresearchershave exploredthe useof cooperative-speciesmodels. Besidesour ap-
proach,which will be discussedin detail throughoutthe rest of this paper, the coevolution
of multiple cooperative specieshasbeenappliedto job-shopscheduling(HusbandsandMill
1991),andatwo-speciescooperativemodelwasappliedto Goldberg’sthree-bitdeceptivefunc-
tion (Paredis1995). Thedecompositionusedby the job-shopschedulingsystemwasto have
eachspeciesbut oneevolveplansfor manufacturingadifferentcomponent.Thesingleremain-
ing speciesevolvedan arbitratorfor resolvingconflictswhentwo or moreplansrequiredthe
samepieceof shopequipmentat thesametime. Thetwo-speciessystemfor solvingGoldberg’s
three-bitdeceptive problemassignedonespeciesto thetaskof evolving aneffective represen-
tation in the form of a mappingbetweengenesandsubproblems,andtheotherspeciesto the
taskof evolving subproblemsolutions.Thesetwo specieshada symbioticrelationshipin that
thesecondspeciesusedtherepresentationscoevolvedby thefirst species.While bothof these
cooperative-speciesmodelsinvolveda hand-decompositionof the problem,our approachhas
emphasizedemergentproblemdecomposition.

Theapplicationof EAs to theconstructionof artificial neuralnetworkshasalsomotivated
extensionsto thebasicevolutionarymodelfor thesupportof coadaptedsubcomponents.For ex-
ample,in theSANE system(Moriarty 1997;Moriarty andMiikkulainen1997)eachindividual
in thepopulationrepresentsa singleneuronby specifyingwhich input andoutputunits it con-
nectsto andtheweightson eachof its connections.A collectionof neuronsselectedfrom the
populationconstitutesaspecificationfor constructingacompleteneuralnetwork. A genetically
isolatedpopulationof network blueprintsevolvesrecordsof neuronsthat work well together.
Theneural-evaluationphaseof SANEperformsmany cyclesof selectingneuronsfrom thepop-
ulationbasedon a blueprint,connectingtheneuronsinto a functionalnetwork, evaluatingthe
network, andpassingtheresultingfitnessbackto theblueprint.Thefitnessof a neuronis com-
putedasthe averagefitnessof the five bestnetworks it participatesin, which is effectively a
measureof how well theneuroncollaborateswith otherneuronsin thepopulationto solve the
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targetproblem. The relationshipbetweenthe blueprintpopulationandthe neuronpopulation
is alsocollaborative. Rewardingindividualsbasedon how well they collaborateresultsin the
long termmaintenanceof populationdiversityanda form of emergentdecomposition.

A moremacroscopicapproachhasbeentakenby deGaris(1990)to evolveartificial neural
networks for controlling simulatedcreatures.Ratherthanevolving a singlelarge neuralnet-
work to controlacreature,deGarisfirst hand-decomposestheprobleminto asetof component
behaviors andcontrol inputs. A GA is thenusedto evolve small specializedneuralnetworks
thatexhibit theappropriatesubbehaviors.This is similarto thechainingtechniquepioneeredby
Skinner(1938)andusedby thereinforcementlearningcommunityto train robots(Singh1992;
Lin 1993).Clearly, thehumanis verymuchin theloopwhentakingthisapproach.

Anotherbiologicalmodelthathasinspiredtheevolution of coadaptedsubcomponentsis
thevertebrateimmunesystem(ForrestandPerelson1990;Smith,Forrest,andPerelson1993;
Forrest,Javornik, Smith, and Perelson1993). Forrestet al. introduceda techniquecalled
emergentfitnesssharingthatpreservesdiversityin a singlepopulationandresultsin emergent
problemdecompositionby modelingsomeof the interactionsthat occurbetweenantibodies
andantigens.Emergentfitnesssharingcomputesthefitnessof eachgenerationof antibodiesby
performingmany iterationsof a three-stepprocess.First, a singleantigenis randomlychosen
from afixedcollection;second,asetof antibodiesis randomlychosenfrom theevolving popu-
lation;andthird, atournamentis heldto determinewhichof theselectedantibodiesmatchesthe
antigenmostclosely. Thewinnerof eachtournamentreceivesa fitnessincrementbasedon the
qualityof thematch.Thismodelis similar in somewaysto SANE(Moriarty andMiikkulainen
1997),but therelationshipbetweenindividualsis competitiveratherthancooperative.

Finally, therehasbeenwork on extendingthebasicsingle-populationevolutionarymodel
to allow coadaptedsubcomponentsspecificto the constructionof computerprograms.Koza
(1993),for example,hasreportedonthebeneficialhand-decompositionof problemsinto amain
programanda numberof subroutines.Othershave takena moreemergentapproachthrough
theexplorationof techniquesfor automaticallyidentifying blocksof usefulcode,generalizing
them,andadaptingthemfor useassubroutinesin futuregenerations(RoscaandBallard1994;
RoscaandBallard1996).

3 Cooperative Coevolution Architecture

We now describeageneralizedarchitecturefor evolving interactingcoadaptedsubcomponents.
Thearchitecture,whichwecallcooperativecoevolution, modelsanecosystemconsistingof two
or morespecies.As in nature,the speciesaregeneticallyisolated—meaningthat individuals
only matewith other membersof their species.Mating restrictionsare enforcedsimply by
evolving the speciesin separatepopulations.The speciesinteractwith oneanotherwithin a
shareddomainmodelandhaveacooperativerelationship.

Thebasiccoevolutionarymodelis shown in Figure1. Althoughthisparticularillustration
shows threespecies,theactualnumberin theecosystemmaybemoreor less.Eachspeciesis
evolvedin its own populationandadaptsto theenvironmentthroughtherepeatedapplicationof
anEA. Althoughin principleany EA appropriateto thetaskathandcanbeused,weonly have
firsthandexperienceconstructingcoevolutionaryversionsof geneticalgorithmsandevolution
strategies. The figure shows the fitnessevaluationphaseof the EA from the perspective of
eachof thethreespecies.Althoughmostof our implementationsof this modelhave utilized a
sequentialpatternof evaluation,wherethecompletepopulationof eachspeciesis evaluatedin
turn, thespeciescouldalsobeevaluatedin parallel. To evaluateindividualsfrom onespecies,
collaborationsareformedwith representativesfrom eachof theotherspecies.

Therearemany possiblemethodsfor choosingrepresentativeswith which to collaborate.
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Figure1: Coevolutionarymodelof threespeciesshown from theperspectiveof eachin turn.

In somecasesit is appropriateto simply let the currentbestindividual from eachspeciesbe
the representative. In othercasesthis is too greedyandalternative strategiesarepreferable.
For example,a sampleof individualsfrom eachspeciescouldbechosenrandomly, or a more
ecologicalapproachin which representativesarechosennon-deterministicallybasedon their
fitnesscouldbeused.Alternatively, a topologycouldbeintroducedandindividualswho share
a neighborhoodallowedto collaborate.

3.1 Examples

Somesimpleexamplesmayhelpillustratethearchitecture.Oneof ourfirst usesof cooperative
coevolution wasto maximizea function �����	�
 of � independentvariables(PotterandDeJong
1994).Theproblemwashand-decomposedinto � speciesandeachassignedto oneof theinde-
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pendentvariables.Eachspeciesconsistedof a populationof alternative valuesfor its assigned
variable. To evaluatean individual from oneof the species,we first selectedthe currentbest
individual from every oneof theotherspeciesandcombinedthem,alongwith the individual
beingevaluated,into a vectorof variablevalues. This vectorwas thenappliedto the target
function. An individualwasrewardedbasedon how well it maximizedthefunctionwithin the
context of thevariablevaluesselectedfrom theotherspecies.

As a secondexample,cooperative coevolution wasusedto developa rule-basedcontrol
systemfor a simulatedautonomousrobot(Potter, DeJong,andGrefenstette1995).Therewere
two species,eachconsistingof apopulationof rulesetsfor aclassof behaviors. Wewantedone
speciesto evolvebehaviorsappropriatefor beatingahand-codedrobotto foodpelletsrandomly
placedin theenvironment,andtheotherto evolvebehaviorsappropriatefor thetimespentwait-
ing for food to appear. Thespecieswereseededwith someinitial knowledgein their assigned
areaof expertiseto encourageevolution to proceedalongthedesiredtrajectory. To evaluatean
individual from oneof thespecies,we selectedthecurrentbestrule setfrom theotherspecies,
mergedthis rulesetwith theonebeingevaluated,andusedtheresultingsupersetto controlthe
robot. An individual wasrewardedbasedon how well its rule setcomplementedthe rule set
selectedfrom theotherspecies.

3.2 Problem Decomposition

In the previous two examples,it wasknown how many specieswererequiredfor the taskat
handandwhatroleeachshouldplay. We tookadvantageof thisknowledgeto producehuman-
engineereddecompositionsof theproblems.In othersituationsit is quitepossiblethatwemay
have little or no prior knowledgeto help us make this determination.Ideally, we would like
boththenumberof speciesin theecosystemandtherolesthespeciesassumeto beanemergent
propertyof cooperativecoevolution.

Onepossiblealgorithmfor achieving this is basedon the premisethat if evolution stag-
nates,it maybethattherearetoo few speciesin theecosystemfrom which to constructa good
solution. Therefore,whenstagnationis detecteda new speciesis addedto theecosystem.We
initialize thespeciesrandomlyandevaluateits individualsbasedonly on theoverall fitnessof
theecosystem.Sincewedonotbiasthesenew individuals,theinitial evolutionarycyclesof the
specieswill bespentsearchingfor anappropriatenichein which it canmakeausefulcontribu-
tion, thatis, theroleof eachnew specieswill beemergent.Onceaspeciesfindsanichewhereit
canmakea contribution,it will tendto exploit thisarea.Thebetteradapteda speciesbecomes,
the lesslikely it will be thatsomeotherspecieswill evolve individualsthatperformthesame
functionbecausethey will receivenorewardfor doingso.Conversely, if aspeciesis unproduc-
tive, determinedby thecontribution its individualsmake to thecollaborationsthey participate
in, thespecieswill bedestroyed. Stagnationcanbedetectedby monitoringthequality of the
collaborationsthroughtheapplicationof theinequality

���� 
�� ���� ����
������ (1)

where���� 
 is thefitnessof thebestcollaborationat time  , � is aconstantspecifyingthefitness
gainconsideredto beasignificantimprovement,and � is aconstantspecifyingthelengthof an
evolutionarywindow in whichsignificantimprovementmustbemade.

3.3 Other Characteristics of the Architecture

Evolving geneticallyisolatedspeciesin separatepopulationsis a simplesolutionto theprob-
lem of maintainingsufficient diversity to supportcoadaptedsubcomponents.While thereis
evolutionarypressurefor a speciespopulationto convergeonceit findsa usefulniche,no such
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pressureexists for the variousspeciesto convergeto thesameniche. Rather, rewardingindi-
vidualsbasedonhow well they collaboratewith representativesfrom theotherspeciesprovides
evolutionarypressurefor themto make a uniquecontribution to the problem-solvingeffort.
Thisensuresthattheecosystemwill consistof a diversecollectionof species.

Evolving speciesin separatepopulationsalso eliminatesdestructive cross-speciesmat-
ing. Whenindividualsbecomehighly specialized,mixing theirgeneticmaterialthroughcross-
speciesmatingwill usuallyproducenon-viableoffspring. As is demonstratedin nature,the
geneticdistancebetweentwo speciesis highly correlatedwith matingdiscriminationandthe
likelihoodthatif interspeciesmatingdoesoccurtheoffspringwill eithernotsurviveor besterile
(Smith1989).

Of course,theexistenceof separatebreedingpopulationsdoesnotprecludeinteractionbe-
tweenspecies.Thearchitecturehandlesinterdependenciesbetweensubcomponentsbyevolving
thespeciesin parallelandevaluatingthemwithin thecontext of eachother. This requiresthat
individualsfromdifferentspeciesbemergedwithin ashareddomainmodelto form acomposite
solutionto thetargetproblem.

Credit assignmentoccursat two levels of abstraction.Whenevaluatingthe individuals
within a species,therepresentativesfrom theotherspeciesremainfixed. Therefore,thefitness
differentialthatis usedin makingreproductiondecisionsis strictly afunctionof theindividual’s
relative contribution to theproblem-solvingeffort within thecontext of theotherspecies.The
fitnessis assignedonly to the individual beingevaluated,not sharedwith the representatives
from the otherspecies.This greatlysimplifies the credit assignmentproblembecausethere
is no needto determinewhich speciescontributedwhat. On the otherhand,we do needto
occasionallyestimatethelevel of contribution a speciesmakesto determinewhetherit should
beallowedto survive. This canoftenbeaccomplishedby computingthefitnessdifferentialof
a solutionwith andwithout theparticipationof thespeciesin question.

Eachspeciesis evolvedby its own EA. Communicationbetweenspeciesis limited to an
occasionalbroadcastof representatives,andthe only global control is that requiredto create
new speciesandeliminateunproductive ones. This makesparallel implementationsin which
speciesareassignedto separateprocessorstrivial.

Finally, heterogeneousrepresentationsaresupported.This will becomeincreasinglyim-
portantasweapplyevolutionarycomputationto largerproblems.For example,in developinga
controlsystemfor anautonomousrobotsomecomponentsmaybestbeimplementedasartificial
neuralnetworks,othersascollectionsof symbolicrules,andstill othersasparametervectors.
Thecooperative coevolution architectureenableseachof thesecomponentsto be represented
appropriatelyandevolvedwith a suitableclassof EA.

4 Analysis of Decomposition Capability

In thefollowing empiricalanalysisweexplorewhetherthealgorithmoutlinedin Section3.2 is
capableof producinggoodproblemdecompositionspurelyasa resultof evolutionarypressure
to increasetheoverall fitnessof theecosystem.We will describefour studies—eachdesigned
to answeroneof thefollowing questionsconcerningtheability of thisalgorithmto decompose
problems:� Will specieslocateandcovermultipleenvironmentalniches?� Will speciesevolveto anappropriatelevel of generality?� Will adaptationoccurasthenumberandroleof specieschange?� Will anappropriatenumberof speciesemerge?
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This is of courseaninductiveargument.Althoughpositiveanswersto thesequestionsmaynot
guaranteethatgoodproblemdecompositionswill emerge,we would certainlyexpectpositive
answersif thiscapabilitydoesin factexist.

4.1 Coevolving String Covers

In thesestudieswe usebinary string covering as a target problem,in part becausethe task
providesa relatively simpleenvironmentin which the emergentdecompositionpropertiesof
cooperative coevolution can be explored, and becauseit hasbeenusedby othersin related
studies(Forrest,Javornik, Smith,andPerelson1993).Theproblemconsistsof finding a setof�

binaryvectorsthatmatchasstronglyaspossibleanothersetof
�

binaryvectors,where
�

is
typically muchlargerthan

�
. Wecall thesesetsthematch setandtargetsetrespectively. Given

that
�

is larger than
�

, thematchsetmustcontainpatternssharedby multiple targetstrings
to cover the targetsetoptimally, that is, thematchsetmustgeneralize. Thematchstrength�
betweentwo binaryvectors �	 and �� of length � is determinedsimply by summingthenumber
of bits in thesamepositionwith thesamevalueasfollows:

�����	�� �� 
"! #$ % &�'
(*)

if 	 % !�� %+
otherwise.

(2)

To computethestrengthof amatchset , weapplyit to thetargetsetandaveragethemaximum
computedmatchstrengthswith respectto eachtargetsetelementasfollows:

����, 
"! )� -$ % &.'�/1032 �4�5�6�7 ' � � % 
8�:9:9�9;� ���6�7=<>� � % 
?
@� (3)

where �7 and � areelementsof thematchsetandtargetsetrespectively.
Thestringcoveringproblemcanbeeasilymappedto themodelof cooperativecoevolution.

Recall from Figure1 that to evaluatean individual from onespeciesit mustcollaboratewith
representativesfrom eachof the otherspeciesin the ecosystem.Here, individualsrepresent
matchstringsand eachspecieswill contribute one string to the matchset. Representatives
arechosenasthe currentbeststring from eachof the otherspecies.In otherwords,a match
set of size

�
will consistof a string beingevaluatedfrom one speciesand the currentbest

stringfrom eachof theother
� � )

species.During theinitial few generationsa speciesmay
participatein collaborationsbeforeits populationhaseverbeenevaluated.In thiscasearandom
representative is chosen.Thefitnessof the matchsetwill be computedfrom Equation3 and
assignedto thestringbeingevaluated.

Problemdecompositionin this context consistsof determiningthe sizeof the matchset
andthecoverageof eachmatchsetelementwith respectto thetargetstrings.In thefirst three
studiesthesizeof thematchsetis predetermined.However, giventhatthespeciesareinitialized
randomly, thecoverageof eachwill beanemergentpropertyof thesystemin all four studies.

TheparticularEA usedin thesestudiesis aGA. In all caseswe initialize thepopulationof
eachof thespeciesrandomly, usea populationsizeof 50, two-pointcrossover at a rateof 0.6,
bit-flipping mutationataratesetto thereciprocalof thechromosomelength,andproportionate
selectionbasedonscaledfitness.

4.2 Experimental Results

4.2.1 Locating and Covering Multiple Environmental Niches
Oneof themostfundamentalquestionsconcerningemergentproblemdecompositionis whether
themethodcanlocateandcover multiple environmentalniches.In stringcovering,theniches
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we areinterestedin areschematacommonamongthe targetstrings. By schematawe arere-
ferring to string templatesconsistingof a fixed binary part anda variablepart designatedby
the symbol ‘#’. In a previous studyby Forrestet al. (1993),an experimentwasperformed
demonstratingtheability of a traditionalsingle-populationGA to detectcommonschematain a
largecollectionof targetstrings.To computethematchstrengthbetweentwo strings,they used
a linearfunctionsimilar to Equation2. Their schemadetectionexperimentis duplicatedhere,
with cooperativecoevolutionsubstitutedfor their traditionalsingle-populationGA.

Theexperimentconsistsof evolving matchsetsfor threeseparatetargetsets,eachconsist-
ing of 20064-bit strings.Thestringsin thefirst targetsetwill begeneratedin equalproportion
from thefollowing two half-lengthschemata:

11111111111111111111111111111111################################
################################11111111111111111111111111111111

The variablehalf of eachof the stringswill consistof randompatternsof onesand zeros.
Similarly, the stringsin the secondtarget setwill be generatedin equalproportionfrom the
following quarter-lengthschemata:

1111111111111111################################################
################1111111111111111################################
################################1111111111111111################
################################################1111111111111111,

andthestringsin the third targetsetwill begeneratedin equalproportionfrom the following
eighth-lengthschemata:

11111111########################################################
########11111111################################################
################11111111########################################
########################11111111################################
################################11111111########################
########################################11111111################
################################################11111111########
########################################################11111111.

Thenichesin thetargetsetgeneratedfrom theeighth-lengthschematashouldbesignificantly
harderto find thanthosegeneratedfrom thehalf-lengthor quarter-lengthschematabecausethe
fixedregionsthatdefinetheeighth-lengthnichesaresmallerwith respectto thevariableregion
of thestrings.

We know a priori how many nichesexist andareonly interestedin whetherwecanlocate
andcover them,sowesimplyevolveanequalnumberof speciesasniches.For example,since
we know that the first targetsetwasgeneratedfrom two schemataandthereforewill contain
two niches,we evolve two speciesto cover theseniches.Similarly, four speciesareevolvedto
cover thesecondtargetset,andeightspeciesareevolvedto cover thethird targetset.

Theaveragenumberof bits matchedper targetstringusinga matchsetconsistingof the
bestindividual from eachspeciesis shown in Figure2. Eachcurve in thefigurewascomputed
from the averageof five runsof 200 generationsusingthe indicatedtarget set. Overlaid on
thecurvesat incrementsof 40 generationsare95-percentconfidenceintervals. Thehorizontal
linesin thegraphrepresenttheexpectedmatchvaluesproducedfrom thebestpossiblesingle-
stringgeneralist.Giventhehalf-length,quarter-length,andeight-lengthschematashown, this
generalistwill consistentirely of ones,and its averagematchscoresfor the threetarget sets
will be 48, 40, and36 respectively. The Forreststudydemonstratedthat a traditionalsingle-
populationGA consistentlyevolvesthisbestpossiblesingle-stringgeneralist.Ourstudyshows
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Figure2: Findinghalf-length,quarter-length,andeighth-lengthschemata.

thatwhenmultiplespeciescollaborate,they areableto coverthetargetsetbetterthanany single
individual evolved with a traditionalGA. Furthermore,whenmorespeciesareemployed, as
in the eighth-lengthschemaexperiment,the amountof improvementover the traditionalGA
increases.

Thereasonfor this improvementcanbeseenin Figure3. Thisfigureshows thebestindi-
vidual from eachof thespeciesat theendof thefinal generationof thefirst of five runsfrom
the half-length,quarter-length,andeighth-lengthschemataexperiments.Substringsperfectly
matchingthe fixed regionsof the schemataarehighlighted. A coupleof observationscanbe
madefrom this figure. First, clearly, eachspeciesfocuseson oneor two nichesandrelieson
theotherspeciesto cover theremainingones.Thisenablesthespeciesto cover their respective
targetstringsbetterthanif they hadto generalizeover theentiretargetset.Statedanotherway,
eachspecieslocatesoneor two nicheswhereit canmake a usefulcontribution to thecollabo-
rationsthatareformed.This is strongevidencethatthespecieshavea cooperativerelationship
with oneanother. Second,two or morespeciesmayoccasionallyoccupy acommonniche.See,
for example,thefourthandfifth speciesfrom theeighth-lengthschemataexperiment.Although
ourmodelof cooperativecoevolutiondoesnotexcludethispossibility, eachspeciesmustmake
someuniquecontribution to beconsideredviable.Third, someof thespecies,for example,the
third speciesfrom the eighth-lengthschemataexperiment,make no obvious contribution. It
maybethatthisspecieshasfoundapatternthatrepeatedlyoccursin therandomregionof some
of thetargetstringsandits contributionis simplynotreadilyvisibleto us.Anotherpossibilityis
thatthisparticularspeciesis genuinelymakingnousefulcontributionandshouldbeeliminated.

4.2.2 Evolving to an Appropriate Level of Generality

To determinewhetherspecieswill evolve to an appropriatelevel of generality, we generate
a target set from three32-bit testpatternsandvary the numberof speciesfrom one to four.
Giventhreepatternsandthreeor morespecies,eachspeciesshouldbeableto specializeonone
pattern. But given fewer speciesthanpatterns,eachmustgeneralizeto cover the patternsas
bestaspossible.As with thepreviousstudy, this studywasinspiredby experimentsdoneon
emergentfitnesssharingby Forrestetal. (1993).

Our testpatternsareshortenedcomplementsof theonesusedby Forrestasfollows:

11111111111111111111111111111111
11111111110000000000000000000000
00000000000000000000001111111111.
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Theoptimalsingle-stringcoverof thesepatternsis thefollowing string:

11111111110000000000001111111111,

whichproducesanaveragematchscoreof ��D +FE DGD E DHD 
JILK>! D ) 9 KGK . Theoptimaltwo-string
cover of the threepatternsis a string consistingof all onesanda string whose12-bit middle
segmentis all zeros. A cover composedof thesetwo stringswill producean averagematch
scoreof 25.33.For example,thefollowing two strings:

11111111111111111111111111111111
10010110110000000000001111110101

arescoredasfollows: � K D E D +ME D3N 
JI3KO! DGP 9 KGK . Themakeupof theextremeleft andright 10-
bit segmentsof thesecondstringis unimportant.Theoptimalthree-stringcoverof thepatterns
is obviously thepatternsthemselves.

To build on Section4.2.1,we hid thethree32-bit testpatternsby embeddingthemin the
following threeschemataof length64:

1##1###1###11111##1##1111#1##1###1#1111##111111##1#11#1#11######
1##1###1###11111##1##1000#0##0###0#0000##000000##0#00#0#00######
0##0###0###00000##0##0000#0##0###0#0000##001111##1#11#1#11######.

A targetsetcomposedof 30stringswasthengeneratedin equalproportionfrom theschemata.
Four setsof five runswereperformed. In the first setwe evolveda cover for the target

setusinga singlespecies,which is equivalentto usinga traditionalsingle-populationGA. The
remainingthreesetsof runsincludeevolving two, three,andfourspeciesrespectively. Theplots
in Figure4 show thenumberof targetbits matchedby thebestindividual from eachspecies.
They weregeneratedfrom thefirst runof eachsetratherthantheaverageof thefiverunssothat
theinstability thatoccursduringtheearlygenerationsis notmasked.However, weverifiedthat
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Figure4: Coveringthreehiddennicheswith one,two, three,andfour species.

all five runsof eachsetproducedsimilar results.Althoughthefigureshows just thenumberof
bits matchingthe32-bit targetpatterns,thefitnessof individualswasbasedon how well all 64
bitsof eachtargetstringwerematched.

In thesinglespeciesplot, weseethatafteraninitial periodof instability thespeciesstabi-
lizesat theappropriatelevel of generality. Specifically, 20 bits of thefirst patternarematched,
and22 bits of thesecondandthird patternsarematched.This resultis consistentwith theop-
timal single-stringgeneralistdescribedpreviously. Whenwe increasethenumberof speciesto
two, thefirst patternis matchedperfectlyandtheothertwo patternsarematchedat thelevel of
26and18bits respectively—consistentwith theoptimaltwo-stringgeneralization.Whenthree
speciesareevolved all threepatternsarematchedperfectly, indicating that eachspecieshas
specializedon a differenttestpattern.In thefour speciesplot we seethatwhenthenumberof
speciesis increasedbeyondthenumberof niches,perfectmatchesarealsoachieved;however,
morefitnessevaluationsarerequiredto achievethis level of performance.

Figure5 shows thebestindividual from eachof thespeciesat theendof thefinal genera-
tion. After removing all thebits correspondingto thevariableregionsof thetargetstrings,the
patternsthatremainaretheoptimalone,two, andthreeelementcoversdescribedearlier, which
is conclusiveevidencethatthespecieshaveevolvedto appropriatelevelsof generality. Onecan
alsoseefrom thisfigurethatthethird andfourthspecieshavefocusedonthesame32-bit target
pattern.However, thebits from thesetwo individualscorrespondingto thevariableregionsof
the targetstringsarequitedifferent. What is occurringis that the two speciesareadaptingto
differentrepeatingpatternsin thevariableregionsof thetargetstrings.Thisenabledtheecosys-
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Figure5: Final representativesfrom onethroughfour speciesexperimentsbeforeandafterthe
removal bitscorrespondingto variabletargetregions.

temwith four speciesto achieve a slightly highermatchscoreon the full 64-bit targetstrings
thantheecosystemwith threespecies.To determinewhetherthis differenceis significant,an
additional95runswereperformedusingthethree-andfour-speciesecosystemsto bringtheto-
tal to 100runsapiece.Thearithmeticmeansfrom thetwo setsof runswere51.037and51.258
respectively, anda t-testverifiedthatthisdifferenceis unlikely to haveoccurredby chance.

4.2.3 Adaptation as the Number and Role of Species Change

If we do not know a priori how many speciesarerequiredandmustdynamicallycreatethem
asevolution progresses,existing speciesmustbe ableto adaptto thesenew species.Oneof
theforcesdriving thisadaptationis thefreedomof olderspeciesto becomemorespecializedas
new speciesbegin makingusefulcontributions.

Specializingin this manneris similar to the notion of character displacementthat oc-
cursin naturalecosystems(Brown andWilson 1956). For example,a studyof finchesin the

14



0

4

8

12

16

20

24

28

32

0 50 100 150 200 250 300

T
ar

ge
t B

its
 M

at
ch

edQ

Generations

target 1
target 2
target 3

Figure6: Shifting from generaliststo specialistsasnew speciesareaddedto theecosystemon
a fixedschedule.

Gaĺapagosby Lack(1947)determinedthaton theeightislandsoccupiedby bothGeospizafor-
tis andGeospizafuliginosa, theaveragedepthof theG. fortis beakwasapproximately12 mm
while theaveragedepthof theG. fuliginosabeakwasapproximately8 mm. However on the
islandsDaphne,occupiedonly by G. fortis, andCrossman,occupiedonly by G. fuliginosa, the
averagebeakdepthof bothspecieswasapproximately10mm. Theinterpretationof thisobser-
vationis thatwhenbothfinchspeciescompetefor foodwithin thesameecosystem,theirbeaks
evolveto becomespecializedto eithera largeror smallervarietyof seeds.Howeverwhenonly
oneof thesetwo speciesoccupiesan ecosystem,the speciesevolvesa moregeneralpurpose
beaksuitablefor consuminga widervarietyof seeds.

To determinewhetherthespeciesin ourmodelof cooperativecoevolutionwill mimic this
processandbecomemorespecializedasnew speciesareintroducedinto their ecosystem,we
begin this experimentwith a singlespecies,adda secondspeciesat generation100, andadd
a third speciesat generation200. A 30-elementtargetsetwasgeneratedfrom thesamethree
schematausedin Section4.2.2.

Thenumberof targetbits from thefixedregionof theschematamatchedby thebestindi-
vidual from eachspeciesis shown in Figure6. As before,althoughonly theperformanceonthe
32-bit fixedregion is shown, thefitnessof individualswasbasedonhow well theentire64bits
of eachstringwascovered.Eachdashedvertical line marksthecreationof a new species.A
periodof instability justaftereachspeciesis introducedis evidenceof a few quickrolechanges
asthespecies“decide”whichnichethey will occupy. However, therolesof thespeciesstabilize
afterthey evolvefor afew generations.It is clearfrom thefigurethatwhenthesecondspeciesis
introduced,oneof thespeciesspecializeson thestringscontainingthefirst targetpattern,while
theotherspeciesgeneralizesto thestringscontainingtheothertwo targetpatterns.Similarly,
whenthe third speciesis introducedall threespeciesareableto becomespecialists.Further-
more,by comparingFigure6 with theplotsin Figure4,weseethatthisadaptationresultsin the
samelevelsof generalizationandspecializationthatareachievedwhenthespeciesareevolved
togetherfrom thebeginning.

4.2.4 Evolving an Appropriate Number of Species
It is importantnot to evolvetoomany speciesbecauseeachrequirescomputationalresourcesto
support1) theincreasingnumberof fitnessevaluationsthatneedtobeperformed,2) theneedfor
applyingoperatorssuchascrossover andmutationto moreindividuals,and3) theconversion
betweengenotypicandhigher-level representationsthatmayberequired.On theotherhand,if

15



weevolvetoo few speciesthey will beforcedto beverygeneral—resultingin mediocrecovers
aswesaw in thepreviousfew studies.

An algorithmfor evolvinganappropriatenumberof specieswasintroducedin Section3.2.
To testtheeffectivenessof thisalgorithm,weusethesametargetsetasin theprevioustwo stud-
iesandbegin by evolving a singlespecies.At eachecosystemgeneration

'
we checkfor evo-

lutionarystagnation,andif we arenot makingsufficient improvementwe adda new randomly
initialized speciesanddestroy thosethat arenot makinga significantcontribution. Precisely
what constitutesstagnationis applicationdependent,but herewe determinedthroughexperi-
mentationthat if thecurrent-bestfitnessascomputedfrom Equation3 doesnot improve by at
least0.5 over five generations,furthersignificantimprovementwithout the additionof a new
speciesis unlikely. Regardingspeciesdestruction,weconsiderthata speciescontributesto the
fitnessof acollaborationwhenits representativematchesat leastoneof thetargetstringsbetter
thanany othermemberof thecollaboration,with tiesbeingwonby theolderspecies.We refer
to theamountof contributionthata speciesmustmake to beconsideredviableasits extinction
threshold. We settheextinction thresholdhereto 5.0 to eliminatespeciesthatgainanadvan-
tageby matchingspurioussharedpatternsin the randomregionsof the target strings. If we
hadbeeninterestedin theselesssignificantpatternswe couldhave settheextinction threshold
to a smallervalue—perhapsjust slightly above zero—andthespeciesmatchingthesepatterns
wouldbepreserved.

Thefitnessof thebestcollaborationandtheamountof fitnesscontributedby eachspecies
in theecosystemover300generationsis plottedin Figure7. Theverticaldashedlinesrepresent
stagnationeventsin which unproductive speciesareeliminatedanda new speciesis created.
For the first 21 generationsthe ecosystemconsistsof only onespecies;therefore,its contri-
bution during this periodis equalto the collaborationfitness. At generation22 stagnationis
detectedanda secondspeciesis addedto theecosystem.Althoughthecontributionof thefirst
speciesnow dropsfrom 37.9to 29.1,thecontributionof thenew speciescausesthecollabora-
tion fitnessto increasefrom 37.9to 39.2. At generation63 theevolution of thesetwo species
hasstagnatedandwe adda third speciesthat focuseson someof the stringsbeingmatched
by thefirst species—causingthecontributionof thefirst speciesto dropto 16.8. However, the
third speciescontributes11.1andthefitnessof thecollaborationjumpsfrom 42.3to 43.5. At
generation138evolution hasstagnatedwith threespeciesin theecosystem,the collaboration
fitnessis 49.7,andthespeciesarecontributing17.1,16.8,and15.8respectively. Weknow from
thepreviousfew studiesthat this is theoptimalnumberof speciesfor this particularproblem;
however, thesystemdoesnot possessthis knowledgeandcreatesa new species.This species
is only ableto contribute1.6 to the fitnessof thecollaboration,which is lessthanthe extinc-
tion threshold,andthereforeit is eliminatedat generation176. At this point anotherspeciesis
createdbut it doesnot begin makinga contribution until generation192. Sincethe mostthis
new speciescontributesis 1.5, it is eliminatedat generation197 andanothernew speciesis
created.Fromthispointuntil theendof therun,noneof thenew speciesevermakesanon-zero
contributionandeachis eliminatedin turnwhenstagnationis detected.

Thefirst observationthatcanbemadefrom thisexperimentis thatanappropriatenumber
of speciesemerges. Specifically, the ecosystemstabilizesin a statein which therearethree
speciesmakingsignificantcontributionsanda fourth exploratoryspeciesproviding insurance
againstthecontingency of a significantchangein theenvironment.Our simplestringcovering
applicationhasastationaryobjectivefunction,sothis insuranceis not reallynecessary, but this
would oftennot bethecasein “real-world problems”.Thesecondobservationis thatalthough

R
By ecosystemgeneration wemeanthatall speciesareevolvedfor ageneration.
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Figure7: Changingcontributionsasspeciesaredynamicallycreatedandeliminatedfrom the
ecosystem.

thefourth andfifth specieswereeventuallyeliminated,they wereableto make smallcontribu-
tionsby matchingpatternsin therandomregionsof a few targetsratherthangeneralizingover
a largenumberof them.If wewereinterestedin maintainingthesespecialistsin theecosystem
wecouldlower theextinctionthresholdandthey wouldsurvive.

5 Case Study in Emergent Problem Decomposition

Moving beyond the simplestudiesof the previoussection,we now describea morecomplex
casestudyin whichcooperativecoevolutionis appliedto theconstructionof anartificial neural
network. Ourtaskwill beto constructamultilayeredfeed-forwardartificial neuralnetwork that,
whenpresentedwith an input pattern,will producesomedesiredoutputsignal. We aregiven
thebasictopologyof thenetwork, but we know neitherthenumberof neuralunitsrequiredto
adequatelyproducethe desiredoutputnor the role eachunit shouldplay—thedetermination
of which constitutesour decompositiontask. The primary focusof this casestudy is to di-
rectly compareandcontrastthedecompositionsproducedby cooperative coevolution to those
producedby a non-evolutionaryapproachthatis specificto theconstructionof artificial neural
networks.

5.1 Evolving Cascade Networks

The topologyevolved in this casestudyis a cascadenetwork. In cascadenetworks,all input
units have direct connectionsto all hiddenunits andto all outputunits, the hiddenunits are
ordered,andeachhiddenunit sendsits outputto all downstreamhiddenunits andto all out-
put units. Cascadenetworkswereoriginally usedin conjunctionwith thecascade-correlation
learningarchitecture(FahlmanandLebiere1990).

Cascadenetwork evolutioncanbeeasilymappedto thecooperativecoevolutionarchitec-
tureby assigningonespeciesto evolve theweightson theconnectionsleadinginto theoutput
units,andassigningeachof theotherspeciesto evolve theconnectionweightsfor oneof the
hiddenunitsS . For example,thespeciesto network mappingfor a cascadenetwork having two
inputs,a biassignalof 1.0,two hiddenunits,andoneoutputis shown in Figure8. Eachof the
smallblack,gray, andwhite boxesin thefigurerepresentsa connectionweightbeingevolved.
To adda new hiddenunit to thenetwork wesimplycreatea new speciesfor thatunit andaddaT

Althoughwehavenotdoneso,othernetwork topologiescouldalsobeeasilymappedto thecooperativecoevolution
architecture.
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new randomlyinitializedweightto eachof theindividualsof thespeciesassignedto theoutput
unit. Thefitnessof an individual is determinedby combiningit with thecurrentbestindivid-
ual from eachof theotherspeciesto producea connectionweightspecificationfor theentire
network. Thesum-squarederroris thencomputedaspreclassifiedtrainingpatternsarefed for-
wardthroughthenetwork. Individualsproducingnetworkswith lower sum-squarederrorsare
consideredmorehighly fit.

The network shown in Figure8 is constructedincrementallyasfollows. Whenthe evo-
lution of the network begins, thereis only one speciesin the ecosystemand its individuals
representalternativesfor theoutputconnectionweightsdenotedby thethreeblackboxes.Later
in thenetwork’sevolution, thefirst hiddenunit is addedanda secondspeciesis createdto rep-
resentthenew unit’s input connectionweights.In addition,a new connectionweight is added
to eachindividual of thefirst species.All of thesenew weightsaredenotedby grayboxesin
thefigure. Thespeciescreationevent is triggeredby evolutionarystagnationasdescribedear-
lier. Laterstill, evolution againstagnatesandthesecondhiddenunit is added,a third species
is createdto representtheunit’s connectionweights,andtheindividualsof thefirst speciesare
furtherlengthened.Theseconnectionweightsaredenotedby whiteboxes.Thiscyclecontinues
until anetwork is createdthatproducesasufficiently low sum-squarederror. Usingthisscheme,
a cascadenetwork with U hiddenunitswill beconstructedfrom U E )

species.Alternatively,
we couldhave startedwith a liberal estimationof thenumberof hiddenunits requiredandlet
thedestructionof speciesparethenetwork down to anappropriatesize,but thisoptionwasnot
explored.

Due to the complexity of the neuralnetwork searchspace,whenaddinga new species
we foundit helpful to temporarilyfocuscomputationalresourceson enablingit to find a niche
in which it couldmake a contribution. This is accomplishedsimply by evolving just thenew
speciesand the speciesrepresentingthe weightson the connectionsto the outputunit until
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progressagainapproachesanasymptote.At thispoint,weeliminatethenew speciesif it is not
makinga significantcontribution andcreateanotheroneto replaceit, or we continuewith the
evolutionof all of thespeciesin theecosystem.

TheEA usedin thiscasestudyis a �WV �@XY
 evolutionstrategy (ES)asdescribedby Schwefel
(1995), with V ! ) +

and XZ! ) +G+
. We previously applieda GA to this task (Potterand

DeJong1995),but achievedbetterresultswith the ES. Eachindividual consistsof two real-
valuedvectors:a vectorof connectionweightsanda vectorof standarddeviationsusedby the
mutationoperator. We requirethestandarddeviationsto alwaysbegreaterthan0.01andthey
areadaptedasfollows: �[]\W^ ' ! �[ \`_ba�c;d3efehgji�k lLmon � (4)

where  denotestime expresseddiscretelyin generations.The rateof convergenceof the ES
is sensitive to thechoicesof [�p andthe initial settingof thestandard-deviationvectors �[ . We
follow Schwefel’s recommendationandset [ p usingtheequation

[ p ! qr s �[ s � (5)

where q dependson V and X . Giventhe � ) + � ) +G+ 
 ESusedhere,q is setto 1.0. Schwefelalso
recommendsinitializing �[ usingtheequation

[Yt ! u tr s �[ s for U ! ) � D �:9�9:9;� s �[ s � (6)

wheretheconstantu t is themaximumuncertaintyrangeof thecorrespondingvariable.Given
that our randomlyinitialized connectionweightsarelimited to the range � � ) + 9 + � ) + 9 + 
 , eachu t is correspondinglysetto 20.0.Mutationis theonly evolutionaryoperatorused.

5.2 The Cascade-Correlation Approach to Decomposition

In thecontext of acascadenetwork,problemdecompositionconsistsof determiningthenumber
of hiddenunitsandtheir roles.We will becomparingandcontrastingthedecompositionspro-
ducedby cooperative coevolution to thoseproducedby a second-ordergradient-descenttech-
nique for constructingcascadenetworks called the cascade-correlationlearningarchitecture
(FahlmanandLebiere1990).

Prior to the developmentof the cascade-correlationlearningarchitecture,feed-forward
networkswereconstructedby usingrules-of-thumbto determinethenumberof hiddenlayers,
units,andtheir connectivity. Therolesof thehiddenunitswereallowedto emergethroughthe
applicationof thebackpropagationalgorithm—afirst-ordergradient-descenttechnique(Rumel-
hart,Hinton, andWilliams 1986). A sourceof inefficiency in this processis theconsiderable
time it takesfor theemergenceof rolesto stabilize(FahlmanandLebiere1990).

Cascade-correlationwasspecificallydesignedtoeliminatethisinefficiency byconstructing
thenetwork onehiddenunit atatimeandfreezingtherolesof thehiddenunitsonceestablished.
Ratherthansimplyallowing theserolesto emerge,eachhiddenunit is trainedto respondeither
positively or negatively to the largestportionof remainingerrorsignalusinggradient-descent
to adjustits input connectionweightsv . The gradientis with respectto the magnitudeof the
correlationbetweentheoutputfrom thehiddenunit andthesum-squarederrorastrainingpat-
ternsarefed forwardthroughthenetwork. After training, thehiddenunit will only fire whenw

More accurately, a small numberof candidateunitsarecreatedandtrainedin parallel;however, for the sake of
clarity we ignorethatdetailin thisdescription.
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themostproblematicpatternsfrom the trainingsetarepresentedto thenetwork—forcing the
hiddenunit to focuson a specificregionof theinputspace.Oncetheinputconnectionweights
of ahiddenunit aretrainedandfrozen,all outputconnectionweightsaretrainedby descending
thesum-squarednetwork errorgradient.Theadditionof a new hiddenunit is triggeredwhen
thereductionof thesum-squarednetwork errorapproachesanasymptote.Thiscycleof adding
a new hiddenunit, training andfreezingits input connectionweights,andtraining all output
connectionweightscontinuesuntil a sufficiently low sum-squarederroris produced.

5.3 Two-Spirals Problem

We will constructcascadenetworksto solve thetwo-spiralsproblem,originally proposedin a
postto theconnectionistsmailing list by Alexis Wieland.This problemis a classificationtask
thatconsistsof decidingin which of two interlockingspiral-shapedregionsa given � 	��?�]
 co-
ordinatelies. Theinterlockingspiralshapeswerechosenfor thisproblembecausethey arenot
linearly separable.Findinga neuralnetwork solutionto thetwo-spiralsproblemhasprovento
beverydifficult whenusinga traditionalgradient-descentlearningmethodsuchasbackpropa-
gation,andthereforeit hasbeenusedin anumberof studiesto testnew learningmethods(Lang
andWitbrock1988;FahlmanandLebiere1990;Whitley andKarunanithi1991;Suewatanakul
andHimmelblau1992;Potter1992;Karunanithi,Das,andWhitley 1992).

To learnto solve this task,wearegivena trainingsetconsistingof 194preclassifiedcoor-
dinatesasshown in Figure9. Half of thecoordinatesarelocatedin onespiral-shapedregionand
markedwith blackcircles,andhalf arein theotherspiral-shapedregionandmarkedwith white
circles.Thecoordinatesof the97blackcirclesaregeneratedusingthefollowing equations:

x ! y 9 P � ) + N �{zJ
) + N (7)| ! z"}) y (8)	 ! x"~?�o� | (9)� ! x"�;��~ | (10)

where z�! + � ) ��9:9:98�h� y . Thecoordinatesof thewhite circlesaregeneratedsimply by negating
thecoordinatesof theblackcircles.

Whenperformingacorrectclassification,theneuralnetwork takestwo inputscorrespond-
ing to an � 	��J� 
 coordinate,andproducesa positive signal if the point falls within the black
spiralandanegativesignalif thepoint fallswithin thewhitespiral.

5.4 Experimental Results

Tenrunswereperformedusingcascade-correlationandtenrunswereperformedusingcooper-
ative coevolution. Runswereterminatedwheneitherall 194 training patternswereclassified
correctly, or it wassubjectivelydeterminedthatlearningwasstuckatalocaloptimum.Cascade-
correlationgeneratednetworkscapableof correctlyclassifyingall thetrainingpatternsin all ten
runs,while cooperative coevolution wassuccessfulin sevenout of ten runs. We will address
thethreeunsuccessfulrunsat theendof thissection.

Table1 shows theaveragenumberof hiddenunitsproducedby eachmethod,alongwith
95-percentconfidenceintervalsonthemean,andthemaximumandminimumnumberof hidden
nodesgenerated.Cascade-correlationnetworksrequiredanaverageof 16.8hiddenunits,which
is consistentwith resultsreportedby FahlmanandLebiere(1990). In contrast,in its seven
successfulrunscooperativecoevolutionnetworksrequiredanaverageof only 13.7hiddenunits
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Figure9: Trainingsetfor thetwo-spiralsproblem.

Table1: Requirednumberof hiddenunits.

Method Hiddenunits

Mean Max Min

Cascade-correlation
) y 9 � +�� ) 9 ) y 19 14

Cooperativecoevolution
) K]9�� ) � D 9 ) � 18 12

to performthetask.Thisrepresentsastatisticallysignificantdifferencein thenumberof hidden
unitsrequiredto solvetheproblem.Thep-valueproducedfrom a t-testof themeanswas0.015.

We begin our characterizationof the rolesplayedby the hiddenunits producedby the
two methodsby describingthereductionin misclassificationandsum-squarederrorattributable
to eachunit. Table2 wasgeneratedby startingwith the final networks producedby the first
runsof thetwo methodsandeliminatingonehiddenunit ata timewhile measuringthenumber
of training-setmisclassificationsandthesum-squarederror. Thefirst run waschosenfor this
comparisonarbitrarily; however, it appearsto provide a reasonablyfair comparison.Overall,
we find thesequencesfrom the two methodsto bequitesimilar. Onesimilarity is thatneither
themisclassificationnor thesum-squarederrorsequencesmonotonicallydecrease;thatis, both
methodshavecreatedhiddenunitsthat,whenlookedat in isolation,makemattersworse.These
unitspresumablyplaymorecomplex roles—perhapsworking in conjunctionwith otherhidden
units.Anothersimilarity is thatthemisclassificationsequencesof bothmethodsaremoreerratic
thanthesum-squarederrorsequences;however, this is nosurprisebecauseneithermethodused
misclassificationinformationfor training.Themajordifferencebetweenthemethodsis thatthe
cooperativecoevolutionsequencestendto make biggerstepswith highervarianceandcontain
fewerelements.

As in (FahlmanandLebiere1990),we gain further insight into the rolesplayedby the
hiddenunitsby studyinga seriesof field-responsediagramsgeneratedfrom thesamenetworks
summarizedin Table2. Thefield-responsediagramsshown in Figure10 wereproducedfrom
thecascade-correlationnetwork,andthoseshown in Figure11wereproducedfrom thenetwork
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Table2: Effectof addinghiddenunitson trainingsetclassification.

Hiddenunits Misclassifications Sum-squarederror

CasCorr CoopCoev CasCorr CoopCoev

0 96 99 84.96 68.26
1 94 97 83.41 64.96
2 76 84 64.61 61.34
3 74 70 64.68 67.24
4 64 80 62.21 68.36
5 64 72 61.45 54.57
6 58 70 50.65 62.53
7 54 67 37.98 54.76
8 58 44 46.24 35.38
9 52 61 35.04 46.84

10 36 27 30.27 20.78
11 34 27 25.38 17.18
12 26 0 21.52 6.63
13 22 14.49
14 16 8.87
15 0 1.67

evolvedwith cooperativecoevolution.Thediagramsweregeneratedby feedingtheelementsof
a 256x 256grid of coordinatesforward throughthe network andmeasuringtheoutputsignal
producedbothby individualhiddenunitsandtheentirenetwork. Positivesignalsaredisplayed
asblackpixels,andnegative signalsaredisplayedaswhite pixels. For example,in Figure10
thetop-rightpairof field responsediagramsis generatedfrom acascade-correlationnetwork in
whichall but thefirst two hiddenunitshavebeeneliminated.Theleft diagramof thatparticular
pair shows theoutputfrom thesecondhiddenunit andtheright diagramof thepair shows the
correspondingoutputfrom thenetwork.

We make a numberof observationsfrom a comparisonof thesetwo setsof figures.First,
both the cascade-correlationdecompositionsand thoseproducedby cooperative coevolution
clearly exploit the symmetryinherentin the two-spiralsproblem. A secondsimilarity is that
the early hiddenunits focuson recognitionin the centerregion of the field. This shows that
both methodsareexploiting the greatercentralconcentrationof training setelements,asone
can seefrom Figure 9. A third similarity is that as hiddenunits are addedto the network
their responsepatternstendto becomeincreasinglycomplex; although,this is lesstrue with
cooperativecoevolutionthanwith cascade-correlation.Theincreasein complexity maysimply
be a result of the network topology—thelater hiddenunits have more inputs than the early
hiddenunitsasshown in Figure8.

Therearealsoa coupleof noticeabledifferencesbetweenthe two setsof figures. The
cascade-correlationfield-responsediagramstendto consistof angular-shapedregionswhile the
shapesin thediagramsproducedby thenetwork evolvedwith cooperativecoevolutionaremore
rounded.In addition,thecascade-correlationdiagramsarevisuallymorecomplex thantheones
from cooperative coevolution. We hypothesizethat thesedifferencesbetweenthedecomposi-
tions,ashighlightedby the field-responsediagrams,aredueto the task-specificnatureof the
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network output4th hidden-unit output network output5th hidden-unit output

network output6th hidden-unit output network output7th hidden-unit output

network output3rd hidden-unit output

network output2nd hidden-unit outputnetwork outputno hidden units network output1st hidden-unit output

network output12th hidden-unit output network output13th hidden-unit output network output14th hidden-unit output

network output15th hidden-unit output

network output11th hidden-unit outputnetwork output10th hidden-unit outputnetwork output9th hidden-unit output

network output8th hidden-unit output

Figure10: Fieldresponsediagramsgeneratedfrom aneuralnetwork constructedusingcascade
correlation,showing theincrementaleffectof addinghiddenunitsto thenetwork.

cascade-correlationdecompositiontechnique.Recallthatcascade-correlationusesthecorrela-
tion betweentheoutputof ahiddenunit andthenetwork errorsignalto train theweightson the
connectionsleadinginto theunit. Thisenablesthehiddenunit to respondpreciselyto thetrain-
ing patternsthat areresponsiblefor mostof theerror signalwhile ignoring the othertraining
patterns.This is manifestedin thefield-responsediagramsascomplex angularregions. Since
thisparticularinstantiationof thecooperativecoevolutionarchitecturedoesnotusetask-specific
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network output2nd hidden-unit outputnetwork outputno hidden units network output1st hidden-unit output

network output3rd hidden-unit output network output4th hidden-unit output network output5th hidden-unit output

network output6th hidden-unit output network output7th hidden-unit output network output8th hidden-unit output

network output9th hidden-unit output network output10th hidden-unit output network output11th hidden-unit output

network output12th hidden-unit output

Figure11: Field responsediagramsgeneratedfrom aneuralnetwork constructedusingcooper-
ativecoevolution,showing theincrementaleffectof addinghiddenunitsto thenetwork.

statisticalinformationasa focusingtool, it tendsto paintwith broaderbrushstrokes.
Paintingwith broadbrushstrokesmaybeadvantageouswith respectto theability to gen-

eralize,but it canbea disadvantageaswell. In all threeunsuccessfulruns,afterall but a few
of the training patternswerecorrectlyclassifiedthe last speciescreatedwasunableto find a
nichein which it couldcontribute. Furtherinvestigationof theunsuccessfulrunsrevealedthat
thesum-squarederrorgeneratedby thefew remainingmisclassificationswasbeingmaskedby
theresidualsum-squarederrorgeneratedby all theothertrainingpatterns;therefore,variation
amongindividualsproducednoselectiveadvantageandhencenofurtherevolutionaryprogress
occurred.This could probablybeaddressedby utilizing the correlationstatisticin the fitness
functionof thespeciesrepresentinghiddenunits.

In summary, our approachto letting decompositionsemergepurely asa resultof evolu-
tionarypressureto increasethefitnessof theoverallecosystemworkswell in simpledomains,
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andit evenhasthepotentialof producinggooddecompositionsin domainsascomplex asthe
onedescribedhere. However, asour domainsbecomeincreasinglycomplex we mayneedto
bestow thefitnessfunctionswith a morespecializedability to steerthespeciestowardsniches
in which they canmakeusefulcontributions.

6 Conclusions and Future Work

We believe thatto applyevolutionaryalgorithmsto thesolutionof increasinglycomplex prob-
lems, explicit notionsof modularitymustbe introducedto provide reasonableopportunities
for solutionsto evolve in the form of interactingcoadaptedsubcomponents.The difficulty
comesin findingcomputationalextensionsto ourcurrentevolutionaryparadigmsin whichsuch
subcomponents“emerge” ratherthanbeinghanddesigned.In this paperwe have described
an architecturefor evolving suchsubcomponentsasa collectionof cooperatingspecies.We
showedthatevolutionarypressureto increasetheoverall fitnessof theecosystemcanprovide
theneededstimulusfor theemergenceof anappropriatenumberof interdependentsubcompo-
nentsthatcover multiple niches,evolve to anappropriatelevel of generality, andadaptasthe
numberandrolesof their fellow subcomponentschangeover time. Finally, we exploredthe
emergenceof coadaptedsubcomponentsin moredetail througha casestudyinvolving neural
network evolution,whichsuggestedthatasourdomainsbecomeincreasinglycomplex theevo-
lution of speciesmay needto be drivenby morethanthe overall fitnessof the ecosystemto
producegooddecompositions.

Theresultsarequitepositivein anumberof ways.First, thearchitecturehasdemonstrated
theability to evolveusefuldecompositionsexpressedcomputationallyastheemergenceof co-
operatingspecies.Second,thecooperativecoevolutionaryarchitecturehasbeenshown to bea
generalextensionfor any of thestandardEC paradigms,andnot tightly coupledto a specific
approachsuchasGAs. Finally, this architectureis allowing usto scaleup to muchmorecom-
plex problemsthanpossiblewith ourstandardEAs. As anexample,wearecurrentlyusingthis
approachto evolve complex behaviors for robotsin multi-agentenvironments.In this regard,
the architectureis suitableboth for coevolving variousmodalitiesof behavior within a single
robot,andfor coevolving thebehavior of agroupof cooperatingrobots.

At the sametime therearea numberof improvementsto the currentsystemthat we are
exploring. At presentthe mechanismfor evaluatingthe collaborative potentialof coevolving
componentshasbeendeliberatelykeptassimpleaspossible.Thereareseveralwaysin which
suchevaluationscouldbemadeto bemoreeffective. Similarly, themechanismfor thecreation
anddestructionof speciesis currentlyquite simplistic andprovidesopportunitiesfor signif-
icant improvements.Finally, our currentcoevolutionaryarchitectureis implementedserially
eventhoughparallelimplementationsarequitenatural.Of particularinterestaswescaleup to
morecomplex domainsareimplementationsof thearchitecturein which speciesareassigned
to separateprocessorsandcoevolvedasynchronously.

Acknowledgments

Thiswork wassupportedby theOfficeof Naval Research.

References

Brown, Jr., W. L. andE. O. Wilson (1956).Characterdisplacement.SystematicZoology 5(2),
49–64.

deGaris,H. (1990).Building artificial nervoussystemsusinggeneticallyprogrammedneural
network modules.In B. PorterandR. Mooney (Eds.),Proceedingsof theSeventhInterna-

25



tional ConferenceonMachineLearning, pp.132–139.MorganKaufmann.

Fahlman,S.E. andC. Lebiere(1990).Thecascade-correlationlearningarchitecture.Technical
ReportCMU-CS-90-100,CarnegieMellon University.

Forrest,S., B. Javornik, R. E. Smith,andA. S. Perelson(1993).Using geneticalgorithmsto
explore patternrecognitionin the immunesystem.EvolutionaryComputation1(3), 191–
211.

Forrest, S. and A. S. Perelson(1990). Geneticalgorithmsand the immune system.In H.-
P. Schwefeland R. Männer(Eds.),Parallel ProblemSolvingfrom Nature, pp. 320–325.
Springer-Verlag.

Giordana,A. andF. Neri (1996).Search-intensive conceptinduction.EvolutionaryComputa-
tion 3(4), 375–416.

Giordana,A., L. Saitta,andF. Zini (1994).Learningdisjunctive conceptsby meansof genetic
algorithms.In W. CohenandH. Hirsh (Eds.),Proceedingsof the EleventhInternational
ConferenceonMachineLearning, pp.96–104.MorganKaufmann.

Hillis, D. W. (1991).Co-evolving parasitesimprove simulatedevolution as an optimization
procedure.In C.G.Langton,C.Taylor, J.D. Farmer, andS.Rasmussen(Eds.),Artificial Life
II, SFIStudiesin theSciencesof Complexity, Volume10,pp.313–324.Addison-Wesley.

Holland,J.H. (1986).Escapingbrittleness:Thepossibilitiesof generalpurposelearningalgo-
rithmsappliedto parallelrule-basedsystems.In R. S.Michalski,J.G. Carbonell,andT. M.
Mitchell (Eds.),MachineLearning, Volume2, pp.593–623.MorganKaufman.

Holland,J. H. andJ. S. Reitman(1978).Cognitive systemsbasedon adaptive algorithms.In
D. A. WatermanandF. Hayes-Roth(Eds.),Pattern-DirectedInferenceSystems. Academic
Press.

Husbands,P. andF. Mill (1991).Simulatedco-evolutionasthemechanismfor emergentplan-
ning andscheduling.In R. K. Belew andL. B. Booker (Eds.),Proceedingsof the Fourth
InternationalConferenceonGeneticAlgorithms, pp.264–270.MorganKaufmann.

Karunanithi,N., R. Das,andD. Whitley (1992).Geneticcascadelearningfor neuralnetworks.
In L. D. Whitley andJ.D. Schaffer (Eds.),COGANN-92InternationalWorkshoponCombi-
nationsof GeneticAlgorithmsandNeural Networks, pp.134–145.IEEEComputerSociety
Press.

Kauffman, S. A. andS. Johnsen(1991).Co-evolution to the edgeof chaos:Coupledfitness
landscapes,poisedstates,and co-evolutionary avalanches.In C. G. Langton,C. Taylor,
J. D. Farmer, and S. Rasmussen(Eds.),Artificial Life II, SFI Studiesin the Sciencesof
Complexity, Volume10,pp.325–369.Addison-Wesley.

Koza,J.R. (1993).Hierarchicalautomaticfunctiondefinitionin geneticprogramming.In L. D.
Whitley (Ed.),Foundationsof GeneticAlgorithms2, pp.297–318.MorganKaufmann.

Lack,D. L. (1947).Darwin’sFinches. CambridgeUniversityPress.

Lang, K. J. and M. J. Witbrock (1988).Learningto tell two spiralsapart.In D. Touretzky,
G.Hinton,andT. Sejnowski (Eds.),Proceedingsof the1988ConnectionistModelsSummer
School, pp.52–59.MorganKaufmann.

Lin, L.-J. (1993).Hierarchicallearningof robotskills by reinforcement.In Proceedingsof the
1993 InternationalJoint Conferenceon Neural Networks, pp. 181–186.IEEE Computer
SocietyPress.

26



Moriarty, D. E. (1997).SymbioticEvolutionof Neural Networksin SequentialDecisionTasks.
Ph.D. thesis,Universityof Texas,Austin,TX.

Moriarty, D. E. andR. Miikkulainen (1997).Forming neuralnetworks throughefficient and
adaptivecoevolution.EvolutionaryComputation5(4), 373–399.

Paredis,J. (1995).Thesymbioticevolution of solutionsandtheir representations.In L. Eshel-
man(Ed.), Proceedingsof the SixthInternationalConferenceon GeneticAlgorithms, pp.
359–365.MorganKaufmann.

Potter, M. A. (1992).A geneticcascade-correlationlearningalgorithm.In L. D. Whitley and
J. D. Schaffer (Eds.),COGANN-92InternationalWorkshopon Combinationsof Genetic
AlgorithmsandNeural Networks, pp.123–133.IEEEComputerSocietyPress.

Potter, M. A. andK. A. DeJong(1994).A cooperative coevolutionaryapproachto function
optimization.In Y. Davidor andH.-P. Schwefel(Eds.),Proceedingsof theThird Conference
onParallel ProblemSolvingfromNature, pp.249–257.Springer-Verlag.

Potter, M. A. andK. A. DeJong(1995).Evolving neuralnetworkswith collaborative species.
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