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Arti®cial Evolution: A New Path for Arti®cial Intelligence?

P. Husbands|. Harvey, D. CIliff, andG. Miller

Schoolof Cognitiveand ComputingSciencesiniversity of Sussex,
Brighton, United Kingdom

Recentlytherehavebeena numberof proposaldor theuseof arti®cialevolution
asa radicallynewapproacho the developmenbf control systemdor autonomous
robots. This paperexplainsthe arti®cialevolutionapproachusingwork at Sussex
to illustrateit. The paperrevolvesarounda casestudyon the concurrenevolution
of controlnetworksandvisualsensomorphologiegor a mobilerobot. Wider intel-
lectualissuessurroundingthe work are discussedas is the useof more abstract
evolutionary simulationsas a new potentially useful tool in theoreticalbiology.
a 1997 AcademicPress

1. INTRODUCTION

This paperdiscussesandattemptsto justify a particularapproachto the
developmenof autonomousigentswith sensorimotocapabilities Thetopic
is treatedfrom the standpointof practical Arti®cial Intelligence,although
potentialwiderimplicationsareindicated.Themethodadvocateds arti®cial
evolution. Populationof agentsareinterbredunderthe in” uence of a task-
basedselectionpressureStartingfrom a populationof randomindividuals,
agentscapableof performingthe taskwell emerge.

The aim of this paperis to introducesomeof the motivationsunderlying
the useof arti®cialevolutionandsomeof the key technicalissuesnvolved
in implementingit. Little or no familiarity with the approachs assumedin
orderto makemuchof the discussiormore concretethe centralsectionof
the paper(Section5) is concernedvith one particularexperimentn evolu-
tionary robotics.

Beforediscussingarti®cialevolutionin somedetail, the orientationof the
work in relationto otherareasof arti®cialintelligencewill be dealtwith.
First,whatdowe meanby anautonomouggent?Simply this: a self-govern-
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ing systemthat makesits own way in the world; thereare no hiddenleads
or radiolinks connectingt to an operator.This is a ratherlarge class,but,
for reasonghatwill becomeclearshortly,we will restrictourselvego those
autonomousystemswith sensorimotorcapabilities.

The perspectivadakenon Arti®cial Intelligence(Al) is asfollows. Al is
regardedasthestudyof intelligencein naturalandarti®cialsystemghrough
the constructionof intelligencegeneratingnechanismsAlong with Brooks
andothers(Brooks,1991;Varela, Thompson& Rosch,1991)weregardthe
properstudyof intelligenceasaninvestigationinto theinteractionsbetween
autonomougsgentsandtheir environmentsThis involvesthe studyof entire
nervoussystemsperceptioncannotbe separatedrom action. Indeed,from
our perspectivenervoussystemsnaturaland arti®cial,shouldbe regarded
asrathercomplexcontrolsystemsWe agreewith Brooksthatthemostsensi-
ble way to pursuesucha study is throughthe constructionof autonomous
robotsto act in complex, uncertain,dynamic environments.This follows
fromthebeliefthatthegreatempartof intelligentbehaviorin animals(includ-
ing humans)is boundup with sensorimotocoordinationand every day"
survival skills. It is very hardto simulatein any detail an agent'ssensory
andmotorcouplingswith its environmentAlthough moreabstractomputer
modelshavetheir uses,asdiscussedater, they cannotre ect manyof the
messyreal-timeconstraintsmposedon embodiedagentsTo takethesento
account,it is frankly easierto userobotssituatedin the real world thanit
is to try andbuild someall encompassinguper-simulationlntelligenceis
avaguerelativetermusedto label manyadaptivebehaviorgbehaviorghat
tendto improvean organism'schanceof survivab see(Ashby, 1952)for
agoodmoreprecisede®nition).The old-fashionechuman-centeredotions
of intelligencecommonlyusedin the Al communityuntil recently(Boden,
1977),with their sti ing focuson abstractproblemsolvinganddeliberative
thought,arehereregardedasfar too restrictive.Insectsare intelligent. Hu-
mansareintelligent. Theinterestinggquestionarewhatmechanismsinderly
this intelligenceandhow canwe build a robot that exhibitsintelligencein
this sense?

The kind of researchdescribedateris often placedunderthe everwider
umbrellaof Arti®cial Life. However,mostof this work ®tsneatlyinto the
more speci®a®eldof Animat (arti®cialanimals)researchHowever,since
it is mainly concernedvith developingmechanismdo generatdntelligent
behaviorsit canquite validly beregardedhsa newapproacho Al (Wilson,
1991).

Havingprovidedsomecontext this papercontinueswvith anargumentor
theuseof arti®cialevolutionin autonomousgentresearchthis is followed
by a moredetailedexpositionof geneticalgorithms arti®cialevolution,and
evolutionaryrobotics.The centralsectionof the paperis concernedvith a
casestudy on the evolution of visually guidedbehaviorson a specialized
mobile robot. The papercontinueswith a discussionof someof the more
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advancedaspectof evolutionaryrobotics.We advocatehe useof arti®cial
neuralnetwork basedrobot controllers,which in turn meansthat issuesto
dowith thegeneticencodingpf the networksbecomecentralto the endeavor.
We outline a set of desirablepropertiesfor suchencodings A numberof
encodingschemeslevelopedy otherresearcherarereviewed,andwe pre-
sentnew methodsof our own. Next a numberof the mostpertinentissues
in evolutionaryroboticsareoutlined. Therefollows a discussiorof thepossi-
bility of usingarti®cialevolutionarytechniquego helptackle morespeci®-
cally scienti®oquestionsaboutnaturalsensorimotoisystems.

2. WHY EVOLVE?

Animals that we often think of as rathersimple (e.g., arthropod® that
classof invertebratesncluding insects)in fact display a rangeof sophisti-
cated adaptive behaviors,involving complex sensorimotorcoordination
(Young, 1989). Thesebehaviorsare generatedoy remarkablyfew nerve
cells,which mightsuggesthattheyarebasedon simplemechanisms-ow-
ever,in generalthis doesnot appearto be the case(Ewert, 1980). Despite
their size,the dynamicsof arthropodnervoussystemsareintricate.

Under presentechnologicakonstraintscontrol systemdor autonomous
robotswill necessarilynvolve relatively smallnumbersof ~“components,"
betheyimplementedn hardwareor software.This suggestananalogywith
arthropodsit is very likely thatit will be necessaryo developcomplicated
dynamicalsystemdo controlautonomousobotsactingin uncertaircomplex
environments.

Forty yearsof autonomousoboticsresearchhastaughtusthatgenerating
the degreeof sensorimotocoordinatiomneededo sustainadaptivebehavior
in the realworld is no easymatter(Moravec,1983).We believethis is be-
causethe control systemsieededwill be of thecomplexdynamicalsystems
variety, andtheseareinherentlyextremelydif®cultto designby traditional
means.Indeed,the situationis evenworsethanis often expectedsuitable
sensorand actuator properties(including morphologies)are inextricably
boundto the mostappropriate “internal” dynamicsof the control system
and vice versa.Imposingthe simplifying constraintof cleanly dividing the
system'soperatiorinto apipelineof sensingjnternalprocessingandacting
now appeargo be far too restrictive(Brooks,1991; Beer,1990).

To putit in slightly moreabstracterms,we stronglysuspecialongwith
Brooks,manybiologists,andincreasinghumberof cognitivescientistgSlo-
man, 1993)) that useful control systemso generatenterestingbehaviorin
autonomousobotswill necessarilynvolve manyemergeninteractionsbe-
tweenthe constituenparts(eventhoughtheremaybehierarchicafunctional
decompositiorwithin someof theseparts) However we gofurtherby claim-
ing thatthereis no evidencethathumansare capableof designingsystems
with thesecharacteristicaising traditional analytical approachesWe are
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very goodat designinghighly complexsystemsf we candivide themup

into almostinsulatedsubsystemsvith well de®nednteractions.However,
whenthe numberof interactionsbetweenmodulesincreasesxponentially
with the additionof new modules the designproblembecomesntractable.

We, andanumberof otherauthorshavesuggestethatthe useof arti®cial
evolutionto fully, or partially, automatehe designprocessmay be a way
forward(Cliff, Harvey,& Husbands1993;Beer& Gallagher1992).A num-
berof researclprojectsarenow actively exploringthis possibility. This new
areais oftenreferredto as evolutionaryrobotics.

The arti®cialevolution approachmaintainsa populationof viable geno-
types(chromosomes)coding for control architecturesThe genotypesare
interbredaccordingo aselectionpressuremuchasin standardyeneticalgo-
rithm work. This is controlledby a task-orientedevaluationfunction: the
bettertherobotperformsts taskthemoreevolutionarilyfavoredis its control
architecture Ratherthan attemptingto hand designa systemto performa
particulartaskor rangeof taskswell, the evolutionaryapproachallows their
gradualemergenceThereis no needfor any assumptionsaboutmeansto
achievea particularkind of behavior,aslong asthis behavioris directly or
implicitly includedin the evaluationfunction.

3. GENETIC ALGORITHMS AND ARTIFICIAL EVOLUTION

Geneticalgorithms(GAs) areadaptivesearclstrategiedbasedn ahighly
abstractmodel of biological evolution (Holland, 1975). They canbe used
asan optimizationtool or asthe basisof more generaladaptivesystems.
Thefundamentaldeais asfollows. A populationof structuresrepresenting
candidatesolutionsto the problem at hand,is produced.Eachmemberof
the populationis evaluatedaccordingto some®tnesgunction. Fitnessis
equatedvith goodnessf solution.Membersof thepopulatiorareselectively
interbredin pairsto producenew candidatesolutions.The ®ttera member
of thepopulationthe morelikely it is to produceoffspring.Geneticoperators
areusedto facilitatethe breedingthatis, operatorsvhich resultin offspring
inheriting propertiesfrom both parentgsexualreproduction).The offspring
areevaluatecandplacedin the population,quite possiblyreplacingweaker
memberf thelastgenerationThe processepeatdo form the nextgenera-
tion. Thisform of selectivebreedingquickly resultsin thosepropertiesvhich
promotegreater®tnessdeingtransmittedthroughoutthe population:better
andbettersolutionsappearNormally someform of randommutationis also
usedto allow furthervariation.A simpleform of this algorithmis asfollows.

1. Createinitial populationof strings(genotypes)Eachstring of symbols
(genes)is a candidatesolutionto the problem.

2. Assigna ®tnesssalue to eachstring in the population.

3. Pick apairof (parent)stringsfor breeding The ®tterthestringthemore
likely it is to be picked.
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4. Put offspring producedn a temporarypopulation.

5. Is the temporarypopulationfull? If yes,go to 3, elsego to 6.

6. Replacethe currentpopulationwith the temporarypopulation.

7. Has somestoppingcriteria being ful®lled?If yes,exit, if no, goto 2.

This population-basedurvival of the ®ttestschemehasbeenshownto
act as a powerful problem solving methodover a wide rangeof complex
domains(Grefenstette]1985,1987; Schaffer,1989;Belew & Booker,1991;
Davis, 1990).

The looseanalogiesbetweenGAs andnaturalevolutionshouldbe clear.
Thestructureencodinga solutionto theproblem(oftenstringsof characters)
can be thoughtof asthe genotypesor arti®cial DNA. Therewill be some
procesdor interpretingthe structureasa solution:the phenotypeTheinter-
pretationis oftenimplicitly embeddedn theevaluationfunctionandcanbe
complex.Whenthe encodingandthe evaluationfunction are static (search
spaceof ®xeddimensionsasinglewell-de®neabvaluationfunction),we are
in the realmsof optimization.When they are not, the GA can be usedto
build adaptivesystemssystemghatareableto copewith a changingenvi-
ronment.The latterscenarids closerto the situationexistingin naturalevo-
lution andis exploitedin evolutionaryrobotics,aswill bemadeclearin the
next section.

Therearemanydifferentimplementation®f this idea, varying markedly
in their speci®csfor further detailsseeHolland (1975), Goldberg(1989)
andMitchell (1996).Thebreedingphasewhereoffspringareproducedrom
parentscanmakesuseof anumberof different "genetic" operatorsCross-
overis mostoftenused . With this operator sectionof the parentabenotype
stringsareexchangedo form new genotypesMutationis very commonand
involvesrandomlychangingsinglegenegcharacterenthe genotypestring)
to new legal values.

3.1 EvolutionaryRobotics

Thebasicnotionof EvolutionaryRoboticss capturedn Fig. 1. Theevolu-
tionary process,basedon a genetic algorithm, involves evaluating,over
many generationsywhole populationsof control systemsspeci®edy arti®-
cial genotypesTheseareinterbredusinga Darwinianschemedn which the
®ttestindividuals aremostlikely to produceoffspring. Fitnessis measured
in termsof how gooda robot's behavioris accordingto someevaluation
criterion.

Justasnaturalevolutioninvolvesadaptationgo existingspecieswe be-
lieve GAs shouldbe usedas a methodfor searchinghe spaceof possible
adaptation®f an existingrobot, not asa searchthroughthe completespace
of robots:successivadaptation®vera longtimescalecanleadto long-term
increased complexity.ForthisreasonywhereasnostGAs operateon ®xed-
length genotypeswe believeit is necessaryo work insteadwith variable-
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Fic. 1. The basicnotion of evolutionaryrobotics.

lengthgenotypesThis leadsto anincrementalapproachA seriesof gradu-
ally moredemandingtask-basedvaluationschemesre used.In this way
new capabilitiesare built on existing onesandthe searchspaceis always
constrainecenoughto be manageable.

The basisfor extendingstandardGAs to copewith this hasbeenworked
outby Harvey(1992b,1994,1992a),who describethe SpeciesAdaptation
GeneticAlgorithm (SAGA). In SAGA, the populationbeing evolvedis al-
waysafairly geneticallyconvergedspeciesandincreasei genotypdength
(or othermetricof expressivgpower),associatedvith increasesn complex-
ity, canhappenonly very gradually.

4. EVOLVE NETWORKS

Much of the work describedn this paperusesarti®cialneuralnetworks
of somevariety as the basic building blocks of the control systemsbeing
developedWe believethisis themostappropriateehoice.Forreasongjiven
in Cliff et al. (1993), network searchspacesare generallysmootherthan
spacesof explicit control programs.Networks are naturally amenableto
open-endedpproacheandallow the researcheto work with very low-level
primitives, therebyavoiding incorporatingtoo many preconceptionsbout
suitablecontrol systemproperties We advocateunrestrictedrecurrentreal-
time dynamicalnetworksasoneof the mostgeneraklassof behaviorgener-
atingsystemsHowever,suchsystemsarefar too unconstrainedyith agreat
manypotentialfreeparametergsuchasneurontime constantandthresholds
and connectiondelaysand weights)to admit hand design.Therefore,this
classof intrinsically very powerfulsystemsanonly really be exploredwith
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the help of automatedtechniquespof which arti®cial evolution is a front
runner.

5. AN EXAMPLE EXPERIMENT

This sectionmakesmuchof the surroundingdiscussiormoreconcreteby
focusingon a particularexperimento evolve a network-baseaontrol sys-
temfor a mobile robotengagedn visually guidedtasksof increasingcom-
plexity.

Therearemanydifferentwaysof realizingeachstageof the cycle shown
in Fig. 1. A crucialdecisionis whetheror notto usesimulationattheevalua-
tion stagetransferringheendresultso therealworld. Sinceanevolutionary
approachpotentially requiresthe evaluationof populationsof robotsover
manygenerationsanatural®rstthoughtis thatsimulationswill speedup the
processimakingit morefeasible Despiteinitial scepticism(Brooks,1992),it
has recently beenshown that control systemsevolvedin carefully con-
structed simulations,with an appropriatetreatmentof noise, transfer ex-
tremelywell to reality, generatingalmostidenticalbehaviorsn therealrobot
(Jakobi,Husbands& Harvey, 1995; Thompson,1995). However,both of
theseexamplesnvolvedrelativelysimplerobottenvironmeninteractiondy-
namics.Onceevenlow-bandwithvision is used,simulationsbecomealto-
gethemmoreproblematic.They becomeadif®cultandtime consumingo con-
struct and computationallyvery intensiveto run. Henceevolving visually
guidedrobotsin therealworld becomesa more attractiveoption. The case
studydescribedn this sectionrevolvesarounda pieceof roboticequipment
speciallydesignedo allow the real-world evolution of visually guidedbe-
havior® the Sussexgantryrobot.

5.0.1.Concurrentevolutionof visual morphologiesand control networks.
Ratherthanimposinga®xedvisualsamplingmorphology we believeamore
powerful approachs to allow the visual morphologyto evolve along with
the restof the control system.Hencewe geneticallyspecify regionsof the
robot's visual ®eldto be subsampledtheseprovide the only visual inputs
to the control network. It would be desirableto have many aspectsof the
robot's morphologyundergeneticcontrol,althoughthisis not yettechnically
feasible.

5.0.2. The gantry robot. The gantryrobotis shownin Fig. 3. The robot
is cylindrical, some150 mm in diameter.It is suspendedrom the gantry
frame with steppemotorsthat allow translationalmovementin the X and
Y directionsrelativeto acoordinatdrame®xedto thegantry. Themaximum
X (andY) speeds about200mm/sec.Suchmovementstogethemwith appro-
priate rotation of the sensoryapparatusgorrespondo thosewhich would
be producedby left andright wheels.The visual sensoryapparatugonsists
of a CCD camerapointing down at a mirror inclined at 45° to the vertical
(seeFig. 4). Themirror canberotatedabouta verticalaxissothatits orienta-
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Fic. 2. The differentroles of the Vision computer,the Brain computerandthe SBC.

Fic. 3. The Gantryviewed from above.The horizontalgirder movesalongthe siderails,
andthe robotis suspendedrom a platform which movesalongthis girder.
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Fic. 4. Thegantryrobot. The cameransidethe top box pointsdown at theinclined mirror,
which can beturnedby the steppemotor beneathThe lower plasticdisk is suspendedrom
a joystick, to detectcollisionswith obstacles.

tion alwayscorrespondso the direction the ““robot" is facing. The visual
inputs undergosome transformationsen route to the control system,de-
scribedater. Thehardwards designedothatthesdransformationaredone
completelyexternallyto the processingf the control system.

The control systemfor the robotis run off-boardon a fastpersonakcom-
puter,the “"Brain PC." This computerreceivesany changesn visual input
by interruptsfrom a seconddedicated "Vision PC." A third (single-board)
computerthe SBC, sendsinterruptsto the Brain PC signalingtactile inputs
resultingfrom the robot bumpinginto walls or physicalobstaclesThe only
outputsof the control systemare motor signals.Thesevaluesare sent,via
interrupts,to the SBC,which generateshe appropriatesteppermotormove-
mentson the gantry.

Therolesof thethreecomputersreillustratedin Fig. 2. Continuousvisual
datais derivedfrom the outputof the smallmonochromeCCD cameraA
purpose-builfFrameGrabbetransfersa64 3 64imageat50Hz intoahigh-
speed K CMOS dual-portRAM, completelyindependenthandasynchro-
nouslyrelativeto any processingf the imageby the Vision PC. The Brain
PC runsthe top-levelgeneticalgorithmandduring anindividual evaluation,
it is dedicatedto runninga geneticallyspeci®edontrol systemfor a ®xed
period.At intervalsduring an evaluation a signalis sentfrom the Brain PC
to the SBCrequestinghe currentpositionandorientationof therobot. These
areusedin keepingscoreaccordingo the current®tnessunction. The Brain
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PCreceivessignals,to befed into the control system representingensory
inputsfrom the Vision PCandthe SBC.Thevisual signalsare derivedfrom
averagingover geneticallyspeci®ectircular receptivepatchesn the cam-
era's®eldof view.

Thissetupwith off-boardcomputingandavoidancef tangledumbilicals,
meanghatthe apparatuganberun continuouslyfor long periodsof timeb
making arti®cialevolution feasible.

A top-level programautomaticallyevaluatesin turn, eachmemberof a
populationof control systemsA new populationis producedby selective
interbreedingandthe cycle repeatsFor full technicaldetailsof the system
seeHarveyet al. (1994).

5.0.3.Thearti®cialneuralnetworksThearti®cialneuronsisedhavesepa-
rate channelsfor excitationand inhibition. Real valuesin the range[0,1]
propagatelongexcitatorylinks subjectto delaysassociatedvith the links.
Theinhibitory (or veto) channelmechanisnworksasfollows. If the sumof
excitatoryinputsexceedsa threshold,T,, the value 1.0 is propagatedlong
any inhibitory outputlinks the unit may have,otherwisea value of 0.0 is
propagatedVeto links alsohaveassociatedlelays.Any unit that receives
anon zeroinhibitory input hasits excitatoryoutputreducedo zero(i.e., is
vetoed).In the absenceof inhibitory input, excitatoryoutputsare produced
by summingall excitatoryinputs,addinga quantity of noise,and passing
the resulting sum through a simple linear thresholdfunction, F(x), given
below.Noisewasaddedto providefurther potentiallyinterestinganduseful
dynamicsThe noisewasuniformly distributedin therealrange[2 N, 1 N].

0, if x# T,
2T, .
, IfTy, x, T
F(x) 5 % 1 2. Q)
1, if x$ T,

The networks' continuousnaturewas modeledby using very ®netime
slice techniquesin the experimentsdescribedin this paperthe following
neuronparametersettingwereused:N5 0.1,T,5 0.75,T; 5 0.0,andT,
5 2.0. The networksare hardwiredin the sensethat they do not undergo
anyarchitecturathangeguringtheir lifetime, theyall hadunit weightsand
time delayson their connectionsThesenetworksare just one of the class
we areinterestedn investigating.

5.0.4.The geneticencoding.Two ~“chromosomes"per robot are used.
Oneof theseis a ®xedlengthbit string encodingthe position and size of
threevisual receptivepatchesasdescribedabove.Threeeight-bit ®eldsper
patchare usedto encodetheir radii and polar coordinatesn the camera's
circular®eldof view. The otherchromosomas a variable-lengthcharacter
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Fic. 5. The geneticencodingscheme.

string encodingthe network topology. The geneticencodingusedfor the
control networkis illustratedin Fig. 5.

The networkchromosomaés interpretedsequentially First theinput units
are codedfor, eachprecedecby a marker.For eachnode,the ®rstpart of
its gene can encodenode propertiessuch as thresholdvalues;there then
follows a variablenumberof charactegroups,eachrepresentinga connec-
tion from that node.Eachgroupspeci®esvhetherit is an excitatoryor veto
connection,andthen the targetnode is indicatedby jump type and jump
size.In a mannersimilar to that usedin Harp and Samad(1992),the jump
type allows for both relativeandabsoluteaddressingRelativeaddressings
providedby jumpsforward or backwardalongthe genotypeorder;absolute
addressings relative to the startor end of the genotype.Thesemodesof
addressingneanthat offspring producedby crossovewill alwaysbe legal.
Thereis oneinput nodefor eachsensor(threevisual, four tactile).

Theinternalnodesandoutputnodesare handledsimilarly with their own
identifying geneticmarkers.Clearly this schemeallows for any numberof
internalnodes.The variablelengthof the resultinggenotypesiecessitatea
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carefulcrossoveoperatomwhich exchangesiomologousegmentsin keep-
ing with SAGA principles,whena crossovebetweertwo parentscanresult
in anoffspringof differentlength,suchchangesn length(althoughallowed)
arerestrictedo a minimum(Harvey,1992a).Therearefour outputneurons,
two per motor. The outputsof eachpair are differencedto give a signalin
therange[2 1,1].

5.0.5.Experimentaketup.ln eachof the experiments populationsize of
30wasusedwith ageneticalgorithmemployingalinearrank-basedelection
method,ensuringthe bestindividual in a populationwastwice as likely to
breedasthemedianindividual. Eachgenerationiook aboutl.5hrto evaluate.
The most®tindividual was alwayscarriedover to the nextgenerationun-
changedA specialiseccrossovemllowing small changesn lengthbetween
offspring and parentswas used(Cliff etal., 1993). Mutation rateswere set
at 1.0 bit per vision chromosomend 1.8 bits per networkchromosome.

With the walls and oor of the gantry environmentpredominantlydark,
initial taskswere navigatingtoward white papertargetsin keepingwith the
incrementakvolutionarymethodology deliberatelysimple visual environ-
mentsare usedinitially, asa basisto moving on to more complexones.
lllumination was providedby "uorescentlights in the ceiling above,with
the gantryscreenedrom signi®candaylightvariations.However,the dark
surfacesdid not in practiceprovide uniform light intensities,neitherover
spacenor over time. Even whenthe robot was stationary,individual pixel
valueswould "uctuate by up to 13%.

5.1.Results

5.1.1.Bigtarget.In the®rstexperimentpnelong gantrywall wascovered
with white paper.The evaluationfunction e, to be maximized,implicitly
de®nes targetlocatingtask, which we hopedwould be achievedby visuo-
motor coordination
i520
a5 Ny, )
i51
whereY; arethe perpendiculadistance®f therobot from thewall opposite
that to which the target is attached,sampledat 20 ®xed-timeintervals
throughouta robottrial which lasteda total of about25 sec.The closerto
thetargetthe higherthe score.For eachrobot architecturefour trials were
run, eachstartingin the samedistant corner, but facing in four different
partially randomdirections,to give a rangeof startsfacing into obstacle
walls as well as toward the target. As the ®nal®tnessf a robot control
architecturewas basedon the worst of the four trials (to encouragero-
bustness)andsincein this casescoresaccumulateenonotonicallythrough
atrial, this allowedlatertrials amongthe four to be prematurelyterminated
whenthey betteredprevioustrials. In addition,any control systemghathad
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Fic. 6. Behaviorof thebestof alatergeneratiorevolvedundersecondevaluationfunction.
The dotsandtrailing lines showthe front of the robotand its orientation.Coarselysampled
positionsfrom eachof four runsareshown,startingin differentorientationsrom the top right
corner.

not producedany movementby /s of the way into a trial wasabortedand
given zeroscore.

The run wasstartedfrom a convergedopulationmadeentirely of clones
of a single randomly generatedndividual picked out by us as displaying
vaguelyinterestingbehavior(but by no meansableto do anythingremotely
like locateandapproachthetarget).In two runsusingthis methodvery ®t
individuals appearedn lessthan 10 generationsFrom a start closeto a
corner, they would turn, avoiding contactwith the walls by vision alone,
then move straighttowardthe target,stoppingwhenthey reachedt.

5.1.2. Small target. The experimentcontinuedfrom the stagealready
reachedput now usinga much narrowertargetplacedabout?s of the way
alongthesamewall the largetargethadbeenon, andawayfrom therobot's
startingcorner(seeFig. 6), with evaluatione,

i520
&5 N (2d), &)

i51
whered; is the distanceof the robot from the centerof the targetat one
of the samplednstancesiuring an evaluationrun. Again, the ®tnesof an
individual wassetto the worstevaluationscorefrom four runswith starting
conditionsasin the®rstexperimentTheinitial populationusedwasthe 12th
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Fic. 7. Trackingbehaviorof the control systemthat generatedhe behaviorshownin Fig.
6. Theun®lledcirclesshowthe positionof thetargetat anumberof pointsonits path(starting
positionindicated).The arrowsroughly indicatethe path of the target.

generatiorfrom arun of the ®rstexperimenti.e., we incrementallyevolved
on top of the existingbehaviors).

Within six generationa networkarchitectureandvisual morphologyhad
evolveddisplayingthe behaviorshownin Fig. 6. This control systemwas
testedfrom widely varying randomstartingpositionsand orientationswith
thetargetin different placesandwith smalleranddifferent-shapedargets.
Its behaviorwasgeneralenoughto copewith all theseconditionsfor which
it hadnot explicitly beenevolved.It wasalsoableto copewell with moving
targetsasshownin Figs.7 and8.

5.1.3.Rectanglesndtriangles. The experimentcontinuedwith a distin-
guish-between-two-targetask. Two white papertargetswere ®xedto one
of the gantrywalls: onewasarectangle the otherwas anisoscelegriangle
with the samebasewidth and heightasthe rectangle The robotwasstarted
at four positionsandorientationsnearthe oppositewall suchthat it wasnot
biasedtoward either of the two targets.The evaluationfunction g;, to be
maximized,was

i520
65 N [b(Dy 2 dy) 2 s (D, dy)], 4)

i51
whereD; is thedistanceof targetl (in this casethetriangle)from the gantry
origin; d; is the distanceof the robot from targetl; and D, and d, arethe
correspondinglistancedor target?2 (in this casethe rectangle).Theseare
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Fic. 8. Furthertracking behaviorof the control systemthat generatedhe behaviorshown
in Fig. 7.

sampledat regularintervals,as before.The valueof b is (D; 2 d;) unless
d, is lessthansomethreshold,jn which caseit is33 (D; 2 d;). Thevalue
of s (a penaltyfunction) is zero unlessd, is lessthanthe samethreshold,
in whichcasetis| 2 (D, 2 d,), wherel isthedistancebetweerthetargets;
| is morethandoublethe thresholddistance High ®tnesseareachievedor

approachinghe triangle but ignoring the rectangle It washopedthat this

experimentmight demonstratehe ef®cacyof concurrentlyevolving the vi-

sualsamplingmorphologyalong with the control networks.

After aboutl5 generation®f a run usingasaninitial populationthe last
generation of the incremental small target experiment, ®t individuals
emergedapableof approachinghetriangle but nottherectanglefrom each
of the four widely spacedstartingpositionsand orientations.The behavior
generatedy the ®ttestof thesecontrol systemss shownin Fig. 9. When
startedfrom manydifferentpositionsandorientationsearthe far wall, and
with the targetsin different positionsrelative to eachother, this controller
repeatedlyexhibitedvery similar behaviorsto thoseshown.

The active part of the evolved network that generatedhis behavioris
shownin Fig. 10. The evolvedvisualmorphologyfor this control systemis
shownin theinset.Only receptive®eldsl and2 wereusedby the controller.

Detailed analysef this evolvedsystemcan be found in Harvey, Hus-
bands,& Cliff (1994)andHusband41996).To crudelysummarizepnless
thereis adifferencein thevisualinputsfor receptive®eldsl and2, therobot
makegotationalmovementsWhenthereis adifferencat movesin astraight
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Fic. 9. Behaviorof a@®t individualin thetwo targetenvironmentTherectangleandtriangle
indicatethe positionsof thetargets.The semicirclesmarkthe “penalty" (nearrectangle)and
“bonusscore" (neartriangle) zonesassociatedvith the ®tnesdunction. In thesefour runs
therobotwasstarteddirectly facingeachof thetwo targets andtwice from a positionmidway
betweenthe two targets:oncefacinginto the wall and oncefacing out.

line. Thevisual sensoldayoutandnetworkdynamicshaveevolvedsuchthat
it ®xateson the sloping edgeof the triangle andmovestowardit.

The casestudy describedabovehasbeenincludedto provide a concrete
focusto theissuediscussedh this paper.However this is only oneexperi-
mentof many,makinguseof oneparticulartypeof network,geneticencod-
ing, and experimentaketup.The restof this paperintroducesother aspect
of suchresearch.

6. GENETIC ENCODINGS AND DEVELOPMENTAL SCHEMES

Oncethe decisionto evolve network-basedystemshasbeentaken,the
guestionof how to encodethe networkson an arti®cialgenotypebecomes
crucially important. Without a suitableencodingschemdittle progresscan
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Fic. 10. Active partof the control systemthat generated®tbehaviorfor the rectangleand
triangle experimentVisual morphologyshownin the inset.

be made.In thesimplestschemeshe genotypds a directdescriptionof the
networkwiring. An exampleof thatkind of schemads the geneticencoding
usedwith thegantryrobotanddescribedn theprevioussection.Suchencod-
ings will necessarilybe restrictive. Much more powerful approaches,
allowing completeopen-endednessmdmodularitythroughtherepeatedise
of genotypesections,mustinvolve a more complexinterpretive process.
This canbethoughtof asbeinglooselyanalogoudo the developmentgbro-
cesseghat occurin natureto producea phenotypefrom a genotype Since
we regardencodingissuesas beingcentralto evolutionarydevelopmenbf
control systemsthis andthe following sectionconcentrateon this area.
Gruau(1992)de®nesevenpropertiesof geneticencodingof neuralnet-
worksthatshouldbeconsideredThesédnclude:completenessnyNN archi-
tecture should be capableof being encoded;compactnesspne encoding
schemas morecompactthanthe secondf for any NN architecturehe ®rst
geneticencodingis shorterthanthat given by the second;closure,implies
thatanygenotypeencodesomearchitecturemodularity,ageneticencoding
would be modularif partsof the genotypespecifysubnetworkof the com-
plete network,andotherpartsspecifythe connectiondbetweensuchsubnet-
works, thisdecompositiortouldberecursiveWe endorsall theseconsider-
ations,especiallymodularitywhich would seemnecessaryor sensorimotor
systemsemployingvision. Additional points are: smoothinteraction with

! In thiscontextmodularityrefersto adevelopmentabrocessnalogouso the useof subrou-
tinesin programsFor instancetheleft limbsandright limbs of animalswill not beindepen-
dently “codedfor" in DNA, but rathergeneratedy the samegeneticinformationexpressed
morethan once.
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geneticoperators,the encodingshouldallow relatively smoothmovements
aroundthe searctspacethe encodingshouldnot presuppos¢hedimension-
ality of the searchspacejncrementalevolutionrequiresan open-endeap-
proachin which the dimensionalityof the searchspacecannotbe speci®ed
in advancethe encodingshouldallow variablenumbersof neuronsandcon-
nectionstheencodingmustallow speci®cationfsensoryandmotorproper-
tiesaswell asthat of a control network.

Kitano (1990) developedan early methodfor encodingnetworkswhich
took into accountsomeof the issuesraisedabove.Although his technique
was not speci®callydevelopedor sensorimotosystemsjt canbe applied
to them. The genotypewas usedto encodea graph generationgrammar.
Kitano's systemallows a linear genotypeto operateon a squarematrix of
charactersijnitially 1 3 1. Eachact of rewriting expandsthe matrix into
four quadranteachthe samesize asthe previousmatrix, with the contents
of eachquadrantspeci®edy the genotype At the end of a successiorf n
suchrewriting stepsa networkconnectiommatrix of size2"3 2"is produced.
In this way scalabilityand modularitystartto be implementedn a compact
geneticencodingof large regularnetworks.

Gruau(1992)discusseKitano's work andalsoacknowledgesgarlierwork
by Wilson (1987). Gruau'scellular encodingis a form of ““neuralnetwork
machinelanguage,"which he claimshasall the abovedesirableproperties.
This is a form of rewriting grammar,wherethe rewriting is consideredas
aform of developmentagbrocessnvolving ““rewriting neurons"or “"cells."”
Rewriting operatorsinclude PAR which divides a cell into two cells that
inherit the sameinput and outputlinks as their parent,CLIP which cancut
links, WAIT which delaysrewriting operationsso asto changethe orderin
whichlateroperationsarecarriedout. FurtheroperatorsSPLIT and CLONE
allow for the desirableproperty of modularity to be achieved.In total 13
operatorareused.Althoughit hasnot yet beendone,he proposesisinghis
methodfor the developmenbf sensorimotorcontrol systems.

7. DEVELOPMENTAL SCHEMES FOR SENSORIMOTOR SYSTEMS

This sectionoutlinesthreeschemesecentlydevelopedat SussexXor en-
codingnetwork-basedensorimotocontrolsystemsTheytakeinto account
theissuedistedearlierandarespeci®callyaimedat encodingwhole control
systemsthatis, controlnetworksalongwith sensoandmotormorphologies.

7.1. A Languageand Compiler Scheme

Experiencewith the primitive encodingwe usedin our early evolutionary
roboticssimulationstudies(Cliff etal., 1993)leadusto developalanguage-
andcompiler-typegeneticencodingschemewhich is tailoredto thedemands
of evolving sensorgmotor coordinationmorphologiesandin particularto
encodingrepeatedstructuresas are commonlyfound necessaryn dealing
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with visual sensoryprocessingAs with geneticprogrammingthe genome
is aprogramwhich is expresseasa 1D stringb althoughatthe conceptual
level a higher-dimensionalspaceoffers a more appropriatedescriptive
framework. The encodingschemeis essentiallya new programminglan-
guagecalled” NCAGE" (from " Network ControlArchitectureGeneticEn-
coding"); NCAGE allows for specifyingsensoryp motor controller mor-
phologies based on ““neural network" parallel-distributed processing
architecturesThe arti®cialgenomesare interpretedas NCAGE programs
which are “compiled" in a "morphogenesis"procesgo createcontroller
structureslt is importantto notethatwe do not considerthe DNA-encoded
genomef biological systemsas programsandneitherdo we considerbio-
logical morphogenesias comparabléo compiling or executinga computer
program. The notions of “~genome-as-program'and ~~morphogenesis-as-
compilation" usedhere are nothing more than metaphorsinvoked in the
expositionof whatis at presentessentiallyan engineeringendeavor.

It is beyondthe scopeof this paperto fully describethis new encoding
schemea brief descriptionof its key featuresis given below.

The NCAGE languagedrawson elementaryector-graphicgprogrammingacilities
foundin manygraphicdanguagegandin platform-speci®gectorgraphicextensions
to generalprogramminglanguages)lt thus bearssuper®ciakimilarities to turtle-
graphicslanguagesuchas LOGO. Essentially,the genomeis interpretedas a se-
guenceof subroutinespeci®cationand subroutinecalls. Subroutinesnay call other
subroutinedncluding themselvesSubroutinecalls are madefrom ““positions" in a
high-dimensionakpace(typically conceptualizeés oneof a numberof distinctbut
superpositionedeuclidian 2 spacesor 3 spaces)Calls may repositiona ““cursor"”
(cf. turtle) or may place one or more ““neurons" of differing typesat a position
speci®edelativeto the currentcursorposition.

The encodingschemds modular,hasvarying resolutionof numericval-
ues,is robustwith respecto crossoverandmutation,allows for recursively
repeatablestructureqwith systematicvariationswherenecessary)andhas
inbuilt symmetryand symmetry-breakindacilities. Structurespeci®cations
arelargelyindependenof their positionon the genomeandso a transposi-
tion operatorcanbe usedto goodeffect. An inversionoperatoris alsoused,
but becausethe genomeis read left-to-right, inversiondoesnot preserve
structurespeci®cationsind is usedprimarily asan operatorfor achieving
extremelyhigh mutationrateswithin a localizedsequencen the genome,
while preservinghe statisticaldistributionof character®ntheinvertedpor-
tion of the genome.

Becausedhe encodinghasto satisfyrequirementsmposedby the genetic
operatorsNCAGE differs signi®cantlyfrom traditionalcomputermprogram-
ming languagesThe mostmarkeddifferenceis that portionsof the genome
may beinterpreted “junk" or “silent" code:while manyprogrammingdan-
guagesllow for thespeci®cationf subroutinesvhich arenevercalled,most
will generateterminal error conditionswhen the subroutinesare partially
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completeor nonexistentThe NCAGE interpreterdoesnot generateanerror
whenit encountergalls to unspeci®edubroutines(suchcalls are simply
ignored),andsequencesf instructionswhich cannotbeparsedasgenerating
usefulstructuresare likewise ignored.

Thegenomesreexpresseth athree-charactalphabetalthoughin prin-
ciple a binary alphabetcould be employedat the cost of proportionately
longerstrings.Underthethree-characteschemetwo characterareusedas
bitsfor data,andthethird is a " "stop" control characteusedfor terminating
speci®cationat varying levelsin the genomeinterpretationprocess.The-
oretically,any suf®cientlylong randomstring overthe choseralphabetwill
beinterpretableasa speci®cationf a controllerarchitectureHowever prac-
tical consideration®ntail that somestructure(i.e., high-ordercorrelations)
areintroducedin the generatiorof initial randomgenomesto reducetheir
length. Experiencewith the encodingindicatesthat the inclusion of junk
codeon the genomeincreaseghe robustnes®f the encodingswith respect
to the geneticoperatorsemployed.

7.2. A Force Field Developmentcheme

A second contrasting,schemamakesuseof a highly implicit dynamical
procesgjovernedy a systemof ordinarydifferentialequationsthe parame-
tersof whichareencodednthegenotypeThisprocesslescribeshegrowth
of a network-basedensorimotoicontrol system.Again, in no way is this
schemeantendedto be a modelof anybiological processlt was developed
simply asa methodhavingthe propertiesve believeare desirablefor arti®-
cial evolution.

In this force ®eldscheme, neurons"are positionedacrossa two-dimen-
sional plane where they exert attractiveforceson the free endsof ““den-
drites" growing out from themselvesand other neurons.The endsof the
dendriteamoveunderthe in uenceof theforce ®eldcreatedby the distribu-
tion of neurons.If a dendriteend movesto be within a small distance g,
from a neuronit stopsgrowing andconnectgo that neuron(which may be
its parent).Dendritesdo not affect eachother and may crossin arbitrary
ways. The equationsof motion of the dendriteendsare given by ordinary
differential equationsof the form shownin Eq. (5).

LR

RN

wherel/ is the positionvectorof theendof thejth dendriteof theith neuron
(hencefortireferredto asend;). The ®rsttermon theRHS of Eq. (5) repre-
sentsthe vectorsumof the attractiveforcesexertedon end; by all neurons.
Theseforcesare of the form givenin Eq. (6).

d L ®)
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W 5 GSAS WY
LR

wherel)y is the vectorfrom end to the centerof neuronk. GS andAS, are
geneticallydeterminecconstantsThe secondermin Eq. (5) is a *"viscous"
resistiveforceto preventdendritessailing off into outerspaceThethird term
providesaforcein thedirectionof motion of the dendriteendandis inversely
proportionalto the cubeof I, the currentlengthof the dendrite. This force
dropsoff very rapidly but encourageslendritesto, at leastinitially, escape
from the in uence of their parentneuron.G; is a geneticallyencodedcon-
stant.In the computationalimplementationof the scheme the differential
eguationswere approximatelyintegratedusing the Euler methodwith an
adaptivetime step. One feature of this methodis that the lengthsof the
resultingdendritepathscanbetranslatednto time delaysor weightsfor use
in the operationof the network.

A genotypeto be usedwith this schemeamustencodehe parametersf the
eguationsalongwith thepositionsof the neuronsandtheinitial directionsof
growth of the dendritesIn principle, a largenumberof differentencodings
would suf®ce However,asalreadydiscussedit is preferableto useanen-
codingexhibitingthe desirablgpropertiesoutlinedin Section7. A particular
encodingmeetingtheserequirementsandspeciallydevelopedor the force
®eldmethodi,is brie'y outlined below.

In this methoda bit stringis usedasa neutralencodingmedium.Thatis,
any bit string canbe interpretedasa control system(althoughit may be an
emptyone).The coreof the interpretingalgorithmis asfollows. The string
is scannedrom left to right until a particulartype of marker(shortbit pat-
tern) is found. If the markerboundsthe startof a valid string section,se-
guence®f bits arereadandturnedinto “"neuron" parameteraluesfor use
with the force ®elddevelopmenschemeAs with the previouslydescribed
languageandcompilermodel,eachof thesereadoperationsountsthe num-
berof 1sin asequencandusesthatnumberto mapto the parameteralue.
The algorithm rewinds back to the start-sectiormarkerandthen searches
forward to the nextoccurrenceof a secondtype of marker. This signalsa
new “mode" of interpretationin which dendritepropertiesaredetermined.
This is repeateduntil yet anotherform of markeris encounteredThe algo-
rithm thenmovesbackto the ®rstmarkerand searchedorwardto the next
occurrenceof a start-sectiomrmarker.The whole procesghenrepeatsThis
““looping back" behaviormeansthe algorithm can potentially reuseparts
of the string many times. This resultsin the encodingof relatively large
partsof the networksbeinglocalizedon the string. This producesa form of
modularity, whererepeategatternsareformedby thereexpressiomf parts
of the genotype.

The positionof a neuronis describedy geneticallydeterminedlistance
anddirectionfrom thelast neuronto be laid down. The existenceor other-

: (6)



ARTIFICIAL EVOLUTION 151

wise of a particularmarkerdetermineswvhetheror not a neuronactsas a

visualreceptorlf it is a visualreceptor,ts positionon the planeis mapped
onto a position within the robot's receptive®eld.In the schemecurrently
beingusedwo speciaimotorneuronsareplacednearthecenterof theplane.

Thenetworkthendevelopsaroundthem.This is convenienfor atwo motor

systemputmanyotherwaysof handlingmotorneuronscanbeincorporated
into the method.

7.3 A Cell Division Method

In this proposal anaivemodelis usedof the developmenof amulticellu-
lar organismby cell division from a single initial cell. Every cell contains
the sameDNA, the genotypewhich actsas a constrainton anintracellular
dynamicsof transcriptionand translationof ““enzymes"which themselves
initiate or represghe productionof furtherenzymesThe genotypeandalso
the enzymesare bit strings.

Within onecell, anyinitial enzymesaretemplate-matchedgainsthege-
notype;wherevemmatchesoccur,transcriptionfrom the genotypestartsand
producesfurther enzymes.The ensuingintracellular dynamicscan be in-
“uenced by intercellular ““signals"” receivedfrom neighboringcells. The
productionof particularenzymesdnitiatescell-splitting; otherparticularen-
zymes whenthey are®rstproduced signalthe completionof the develop-
mentalprocess.

In thisway, from aninitial singlecell with a genotypedevelopmenpro-
ducesa numberof cellsthat canbe consideredas positionedin somespace
with neighborhoodelations. Although all containingthe sameDNA, the
cells canbe differentiatedinto different classesdy the particulardistinctive
internaldynamicsof their enzymeproductionprocessThusat this stagethe
wholegroupof cells canbe interpretedasa structurewith organization;for
instanceasa neuralnetworkwith differentcellsbeing "neurons"with spe-
ci®ccharacteristicsandwith connectionspeci®edetweenthem.

8. SOME RELATED WORK ON EVOLUTIONARY DEVELOPMENT OF
SENSORIMOTOR CONTROL SYSTEMS

This sectionprovidesa brief high-level review of researchinto the use
of geneticalgorithmbasedechniquedor the developmenbf sensorimotor
control systemsfor autonomousagents.

In atraditionalautonomougoboticscontext,mentionis madeof a pro-
posedevolutionaryapproachin Barhen,Dress,& Jorgenser{1987).A stu-
dentof Brooksdiscussedomeof theissuesnvolved,with referenceo sub-
sumptionarchitecturesjn Viola (1988). De Garis (1992) proposedusing
GAsfor building behavioramodulesfor arti®cialnervoussystemsor " arti-
®cialembryology." However,it is only recentlythatmorecompletepropos-
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als have beenmadeto use evolutionaryapproachesn robotics (Brooks,
1992; Husbands& Harvey,1992).

Brooks(1992)outlinesanapproactbasednKoza'sgenetigprogramming
techniquegKoza,1992).Heacknowledgedhattime constraintsvould prob-
ably necessitat¢he useof simulations However,he stressedhe dangersof
usingsimulatedvorldsratherthanrealworlds.He proposedhatby evolving
the control programincrementallythe searctspacecanbekeptsmall at any
time. He notedthat symmetriesor repeatedstructuresshouldbe exploited
sothatonly a singlemoduleneedso be evolved,which is thenrepeatedly
used Brooksproposed high-levellanguageGEN, which couldbe evolved,
andthencompileddowninto BL (BehaviorLanguagendfurtherondown
onto the actualrobot hardware.

Importantwork on anevolutionaryapproacho agentcontrolusingneural
networkshasbeendoneby Beer and Gallagher(1992). They explorethe
evolutionof continuous-timeaecurrentneuralnetworksasa mechanismnfor
adaptiveagentcontrol,usingasexampletaskschemotaxisandlocomotion-
control for a six-leggedinsect-like agent. The networksare basedon the
continuousHop®eldmodel (Hop®eld,1982), but allow arbitrary recurrent
connections.They useda standardgeneticalgorithmto determineneuron
time constantsand thresholdsand connectionweights.A ®xednumberof
networkparameterareencodedn astraightforwardvayon bitstring™ " geno-
types." They reportsuccessn their objectives;in the caseof locomotion
control, controllerswere evolvedthat in practice generateda tripod gait
(front andbacklegson onesidein phasewith the middleleg onthe opposite
side). This was achievedboth with and without the use of sensorswhich
measuredhe angularposition of eachleg.

Beer and Gallagher(1992) developa dynamicalsystemsperspectiveon
control systemgor autonomousgentsjn uencedby earlywork in Cyber-
netics (Ashby, 1952). In further developmentf their evolutionary ap-
proach,Yamauchiand Beer (1994) evolve networkswhich cancontrol au-
tonomousagentsn tasksrequiringsequentialandlearningbehavior.

ColombettiandDorigo (1992)useClassi®eBystemg CSs)for robotcon-
trol. In thiswork the ALECSY Simplementations usedto build a hierarchi-
cal architectureof CS® onefor eachdesiredbehavior plusa coordinating
CS. Resultsarereportedwhich havebeengeneratedn simulationsandthen
transferredto a real robot.

Parisi, Nol®, and Cecconi(1992) investigatedthe relationshipbetween
learningand evolutionin populationsof back-propagatiometworks;these
networkswerethe “brains" of animalsthat receivedsensoryinput from a
simple cellular world in which the taskwasto collect ““food." This work
madeuseof abstracttcomputermodelsratherthanreal robots.

Koza successfullyusedthe techniqueof geneticprogrammingo develop
subsumptiorarchitecturegBrooks, 1986) for simulatedrobotsengagedn
wall-following andbox-movingtasks(Koza, 1992).
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Craig Reynolds(1993) usesgeneticprogrammingto createcontrol pro-
gramswhich enablea simplesimulatedmoving vehicleto avoid collisions.
He commentghatthesesolutionsarebrittle, vulnerableto anyslightchanges
or to noise.In further work wherethe ®tness-testinqncludesnoise, he re-
portsthatthebrittlenesgproblemis overcomeandonly compactobustsolu-
tions survive (Reynolds,1994).

FloreanoandMondada(1994) were ableto run a GA on a real robotin
realtime, ratherthana simulation. The GA setthe weightsand thresholds
in a simplerecurrentnetworkwhereevery sensoryinput wasconnectedo
both motor outputs. The task was to traversea circular corridor while
avoiding obstacles,and this work demonstrateghat with well-designed
equipmenit is possibleto avoid the problemsassociatedvith simulations.

9. SOME COMMON OBJECTIONS

Onecommonobjectionto the useof arti®cialevolutionis the amountof
timeit is likely to taketo evolveanythinguseful. Thisis dif®cultto answer.
However,work doneso far hasshownthatit is possibleto evolve simple
control systemsn simulationin a matterof 2 or 3 hr (Jakobiet al., 1995)
andin thereal world in aboutl day(Harveyetal., 1994).1t is too early to
say how thingswill scaleup as morecomplextasksare used.

Anothercomplaintis thatthe entire morphologyof the robot, aswell as
its control system,shouldbe evolved.This is a valid criticism. Successful
adaptivebehaviordependsn harmoniougelationshipetweerbody mor-
phology and nervoussystemdynamics.However, someprogressis being
madein this directionin the work of Harvey,Husbandsandotherswhere
the visual morphologyof a real robotis concurrentlyevolvedalong with a
control network (Harveyet al., 1994). As describedearlier,this is doneby
allowing the subsamplingoattern(positionandsize of receptive®elds)of a
video cameraimageto be underevolutionarycontrol (seeSection5s).

Sometimedt is statedthatas morecomplextasksareinvestigatedit will
becomextremelydif®cultto designevaluatiorfunctions.Opinionis divided
overthisissue.Oneof the implicit assumptiorof the ®eldis thatit is gener-
ally mucheasietto producea criteriafor decidinghowwell arobotachieved
ataskthanit is to specifyhow thetaskshouldbe achievedEvaluationfunc-
tionscanbeveryimplicit. Forinstancetaskssuchasexplorationandforag-
ing canbe setup asstraightsurvival tests.Only thoserobotsthat maintain
viability for suf®cientlylong get a chanceto breed.Maintaining viability
will involve ®ndingandexploitingenergysourcesHowever,issuegelating
to evaluation,both explicit andimplicit, arelikely to becomeincreasingly
importantasattemptsare madeto evolve more complexbehaviors.

Finally,acommonassumptioris thatthe evolvedsystemawill beimpossi-
ble to understandTherearetwo answerdo this. The®rstis thatthereis no
evidencdo suggesthatthe systemswill beimpenetrableThe seconds that
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evenif theyare,sowhat.Oneof theaimsof this kind of work is to develop
mechanisnto generatecertainsortsof behaviorsandthento gain insight
by analyzingthesemechanismsBoth Beerand Gallagher(1992)andHus-

bandset al. (1995) have useddynamicalsystemsapproacheso analyzing
evolved controllers. They have both demonstratedvays to choosea state
spaceat the appropriatdevel to allow a clearpictureof the internalmecha-
nisms. Husbandset al. also show how to incorporatean understandingf

agentenvironmentouplinginto theanalysis.Sofar thesekinds of analysis
havebeenfor relatively simplesystemsilt is possiblethat asthingsbecome
more complex, statespacesat a tractablelevel of abstractionwill not be

found. However,if therobotworks, andis robustandreliable,animportant
aspectof theresearchwould still be successful.

10. EVOLUTIONARY SIMULATIONS AS SCIENCE: TRACING
THE ORIGINS AND EFFECTS OF SENSORIMOTOR
SYSTEMS IN NATURE

While much of the work mentionedso far is biologically informed and
inspired, mostof it hasa strongengineeringcharacteristicln otherwords,
the primarygoalis to developworking controlsystemdor autonomousno-
bile robotsandthento understandheir underlyingmechanismsHowever,
this ®eldcanpotentially offer newtools andmethoddor investigatingmore
speci®callyscienti®dopics. Thatis the focus of this section,wherethe use
of arti®cialevolutionin the contextof more abstracttomputerstudieswill
be discussed.

Very little is known aboutthe evolutionaryorigins and effects of basic
sensorimotosystemsn nature.Brainsandbehaviorsdo not fossilizewell,
so normal paleontologicaimethodscannotgenerallybe usedto tracethe
evolutionof sensorimotosystemsBehavioralecologistscanconstructopti-
mality or gametheoreticmodelsof how behavioralstrategiesvolve, but
thesemodelsare usually too abstractto explain the evolution of speci®c
sensorimotosystemsn speci®cspeciesEvenexperimentabktudiesin fast-
breedingspeciescannotstudy sensorimotorevolutionfor morethana few
dozengenerationsNeuroethologistsan derive phylogeniesand probable
selectivepressuredy comparingsensorimotoradaptationsacrossspecies,
but cannottestevolutionaryhypotheseserydirectly. Becausef thesemeth-
odological problems,evolutionarycomputersimulationsare our only real
hopefor understandinghelong-termadaptatiorof sensorimotosystemgo
habitatsand econichesand the long-termcoevolutionof sensorimotosys-
temsinteractingwithin and betweenspecies.

This gapin our scienti®cunderstandingf sensorimotoevolutionis im-
portant because(1) sensorimotorcontrol is the essenceof ““adaptive
agency," andthe evolution of sensorimotorcontrol is fundamentalto the
succesof all animal speciesand (2) sensorimotosystemspnceevolved,
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canin turn exert strongselectionpressureon other organismsresulting
in the evolutionof camou age warningcoloration,mimicry, lures, protean
behaviorsexualdisplays,communicationandmanyotherformsof adaptive
display. This secondphenomenorhasreceivedincreasingattentionin the
lastfew yearsandhasbeentermed “psychologicakelection" (Miller, 1993;
Miller & Freyd,1993), “sensorydrive" (Endler,1992), "sensoryexploita-
tion" (Ryan,1990), 'signalselection" (Zahavi,1991),and " "the in uence
of receiverpsychologyon the evolution of animal signals" (Guilford &

Dawkins,1991).In suchcaseof ““sensoryexploitation,” wherebehavioral
adaptationén oneanimalevolveto exploit particularsensorybiasesn other
animals,we clearly cannotunderstandhe co-evolutionwithout simulating
therelevantsensorimotosystemsn somedetail.

Geneticalgorithmsoffer a general openendednethodfor simulatingthe
evolutionaryorigins andeffectsof sensorimotosystemspecausesuchsys-
temscanbe modeledat almostany size andany level of descriptionfrom
detailedcheuralnetworkdesigngaswe haveusedin our evolutionaryrobotics
work), up to abstractparametersf behavioralstrategiesandbecausesuch
systemsanbe left to evolvein any simulatablehabitator ecosystemSince
differentscienti®problemsrequiresimulationsat quite differentscalesand
levelsof descriptionywe mustbeexplicit aboutour researclyoalsandcareful
about®ndingthe right simulation methodsfor thosegoals.For example,
studyingthephylogenyof visualcircuitsin aparticulargenusof beetlemight
requireevolving quite detailedneuralnetworksunderparticularecological
conditions but the studyingthe generain uenceof visual associativéearn-
ing ontheevolutionof warningcolorationmight requiremuchmoregeneral
modelsof vision in predatorsaandcolorationin prey.In generalengineering
researcimeedsmore detailed,lower-level simulationsof sensorimotosys-
temsthanalmostanyscienti®aesearchvouldrequire becaussensorimotor
systemdfor autonomougobots mustactually work, whereassensorimotor
modelsof animalsneedonly ®tthe neuroethologicatiata.

Evenif one'sscienti®goalis to understandieuraldevelopmentiearning,
perceptionor the mechanism®f dynamicbehavior,ratherthan evolution
itself, thereis still considerablédene®to parameterizinggne'smodelof the
phenomenoiin away thatallows alternativemodelsto evolvethroughGA
methodsSimulatedevolutioncanbe usedto testthe plausibility, robustness,
and evolutionarystability of modelsof developmentand behaviorjust as
real evolution testedthe actual mechanism®f developmentand behavior
thatare being modeled. Humanimaginationis poor at envisioningalterna-
tivesto one's cherishedmodelof somebehavioralphenomenonsimulated
evolutioncanactasa constructivecritic thatgenerateslternativenypotheses
which canthen be testedby observatiorand experimentation.

In thefuture,we envisionamoreintegratedscienceof sensorimotoevolu-
tion thatcombinesdataand methodsfrom cladistics,experimentapsychol-
ogy, neuroethologybehavioralecology,populationgeneticsand computer
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simulation.Evolutionarysimulationis unusuallyexciting, colorful, andfast
as an empirical researchmethod,but ideally, it will be absorbednto the
scienti®cmainstreamas just one meansamongmany for studyingnatural
evolutionaryprocesses.

11. CONCLUSIONS

Using arti®cial evolution as a new approachto Al hasbeendiscussed.
More speci®callyit has beenadvocatedfor the developmenbf network-
basedcontrollersfor autonomousobots,autonomousoboticsbeingseenas
the mostappropriatevehiclefor Al researchit hasbeenarguedthatit has
at leastthe following advantages.

- It allows the explorationof areasof designspacethat are not amenable
to traditionalrational analytichand-desigrmethods.

- It allows the concurrentexplorationof control architecturesand sensor
morphologiesn a principledway.

- It enablesus to work with very low-level primitives and helpsto throw
awayasmany preconceptionas possibleabouthow behaviorsshouldbe
generated.

Somediscussiorof the role of arti®cialevolutionin moreabstractstudies
of potentialbene®to theoreticalbiology hasalsobeengiven.
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