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

P. Husbands,I. Harvey,D. Cliff, andG. Miller

Schoolof Cognitiveand ComputingSciences,Universityof Sussex,
Brighton, United Kingdom

Recentlytherehavebeena numberof proposalsfor theuseof arti®cialevolution
asa radicallynewapproachto thedevelopmentof controlsystemsfor autonomous
robots.This paperexplainsthearti®cialevolutionapproach,usingwork at Sussex
to illustrateit. Thepaperrevolvesarounda casestudyon the concurrentevolution
of controlnetworksandvisualsensormorphologiesfor a mobilerobot.Wider intel-
lectual issuessurroundingthe work are discussed,as is the useof more abstract
evolutionarysimulationsas a new potentially useful tool in theoreticalbiology.
ã 1997AcademicPress

1. INTRODUCTION

This paperdiscussesandattemptsto justify a particularapproachto the
developmentof autonomousagentswith sensorimotorcapabilities.Thetopic
is treatedfrom the standpointof practicalArti®cial Intelligence,although
potentialwider implicationsareindicated.Themethodadvocatedis arti®cial
evolution.Populationsof agentsareinterbredunderthe in¯uence of a task-
basedselectionpressure.Startingfrom a populationof randomindividuals,
agentscapableof performingthe taskwell emerge.

The aim of this paperis to introducesomeof themotivationsunderlying
theuseof arti®cialevolutionandsomeof thekey technicalissuesinvolved
in implementingit. Little or no familiarity with theapproachis assumed.In
orderto makemuchof thediscussionmore concrete,thecentralsectionof
the paper(Section5) is concernedwith oneparticularexperimentin evolu-
tionary robotics.

Beforediscussingarti®cialevolutionin somedetail,theorientationof the
work in relation to otherareasof arti®cialintelligencewill be dealtwith.
First,whatdowe meanby anautonomousagent?Simply this:aself-govern-
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ing systemthatmakesits own way in theworld; thereareno hiddenleads
or radio links connectingit to an operator.This is a ratherlargeclass,but,
for reasonsthatwill becomeclearshortly,we will restrictourselvesto those
autonomoussystemswith sensorimotorcapabilities.

The perspectivetakenon Arti®cial Intelligence(AI) is as follows. AI is
regardedasthestudyof intelligencein naturalandarti®cialsystemsthrough
theconstructionof intelligencegeneratingmechanisms.Along with Brooks
andothers(Brooks,1991;Varela,Thompson,& Rosch,1991)weregardthe
properstudyof intelligenceasaninvestigationinto theinteractionsbetween
autonomousagentsandtheir environments.This involvesthestudyof entire
nervoussystems;perceptioncannotbe separatedfrom action.Indeed,from
our perspectivenervoussystems,naturalandarti®cial,shouldbe regarded
asrathercomplexcontrolsystems.Weagreewith Brooksthatthemostsensi-
ble way to pursuesucha study is throughthe constructionof autonomous
robots to act in complex,uncertain,dynamic environments.This follows
fromthebeliefthatthegreaterpartof intelligentbehaviorin animals(includ-
ing humans)is boundup with sensorimotorcoordinationand``everyday''
survival skills. It is very hard to simulatein any detail an agent'ssensory
andmotorcouplingswith itsenvironment.Althoughmoreabstractcomputer
modelshavetheir uses,asdiscussedlater, they cannotre¯ect manyof the
messyreal-timeconstraintsimposedon embodiedagents.To taketheseinto
account,it is frankly easierto userobotssituatedin the real world thanit
is to try andbuild someall encompassingsuper-simulation.Intelligenceis
a vaguerelativetermusedto labelmanyadaptivebehaviors(behaviorsthat
tendto improvean organism'schanceof survivalÐ see(Ashby,1952) for
a goodmoreprecisede®nition).Theold-fashionedhuman-centerednotions
of intelligencecommonlyusedin theAI communityuntil recently(Boden,
1977),with their sti¯ing focuson abstractproblemsolvinganddeliberative
thought,arehereregardedasfar too restrictive.Insectsare intelligent.Hu-
mansareintelligent.Theinterestingquestionsarewhatmechanismsunderly
this intelligenceandhow can we build a robot that exhibitsintelligencein
this sense?

Thekind of researchdescribedlater is often placedundertheeverwider
umbrellaof Arti®cial Life. However,mostof this work ®tsneatly into the
morespeci®c®eldof Animat (arti®cialanimals)research.However,since
it is mainly concernedwith developingmechanismsto generateintelligent
behaviors,it canquitevalidly beregardedasa newapproachto AI (Wilson,
1991).

Havingprovidedsomecontext,this papercontinueswith anargumentfor
theuseof arti®cialevolutionin autonomousagentresearch,this is followed
by a moredetailedexpositionof geneticalgorithms,arti®cialevolution,and
evolutionaryrobotics.The centralsectionof the paperis concernedwith a
casestudy on the evolution of visually guidedbehaviorson a specialized
mobile robot. The papercontinueswith a discussionof someof the more
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advancedaspectsof evolutionaryrobotics.We advocatetheuseof arti®cial
neuralnetwork basedrobot controllers,which in turn meansthat issuesto
dowith thegeneticencodingof thenetworksbecomecentralto theendeavor.
We outline a set of desirablepropertiesfor suchencodings.A numberof
encodingschemesdevelopedby otherresearchersarereviewed,andwe pre-
sentnew methodsof our own. Next a numberof the mostpertinentissues
in evolutionaryroboticsareoutlined.Therefollows adiscussionof thepossi-
bility of usingarti®cialevolutionarytechniquesto helptacklemorespeci®-
cally scienti®cquestionsaboutnaturalsensorimotorsystems.

2. WHY EVOLVE?

Animals that we often think of as rathersimple (e.g., arthropodsÐ that
classof invertebratesincluding insects)in fact displaya rangeof sophisti-
cated adaptive behaviors,involving complex sensorimotorcoordination
(Young, 1989). Thesebehaviorsare generatedby remarkablyfew nerve
cells,which mightsuggestthattheyarebasedonsimplemechanisms.How-
ever, in generalthis doesnot appearto be the case(Ewert,1980).Despite
their size,the dynamicsof arthropodnervoussystemsareintricate.

Underpresenttechnologicalconstraints,control systemsfor autonomous
robotswill necessarilyinvolve relativelysmall numbersof ``components,''
betheyimplementedin hardwareor software.This suggestsananalogywith
arthropods:it is very likely that it will benecessaryto developcomplicated
dynamicalsystemstocontrolautonomousrobotsactingin uncertaincomplex
environments.

Forty yearsof autonomousroboticsresearchhastaughtusthatgenerating
thedegreeof sensorimotorcoordinationneededto sustainadaptivebehavior
in the realworld is no easymatter(Moravec,1983).We believethis is be-
causethecontrol systemsneededwill beof thecomplexdynamicalsystems
variety, andtheseareinherentlyextremelydif®cult to designby traditional
means.Indeed,the situationis evenworsethanis often expected;suitable
sensorand actuatorproperties(including morphologies)are inextricably
boundto the mostappropriatè `internal'' dynamicsof the control system
andvice versa.Imposingthe simplifying constraintof cleanlydividing the
system'soperationinto apipelineof sensing,internalprocessing,andacting
now appearsto be far too restrictive(Brooks,1991;Beer,1990).

To put it in slightly moreabstractterms,we stronglysuspect(alongwith
Brooks,manybiologists,andincreasingnumbersof cognitivescientists(Slo-
man,1993))that usefulcontrol systemsto generateinterestingbehaviorin
autonomousrobotswill necessarilyinvolve manyemergentinteractionsbe-
tweentheconstituentparts(eventhoughtheremaybehierarchicalfunctional
decompositionwithin someof theseparts).However,wegofurtherby claim-
ing that thereis no evidencethathumansarecapableof designingsystems
with thesecharacteristicsusing traditional analytical approaches.We are
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very goodat designinghighly complexsystemsif we can divide them up
into almostinsulatedsubsystemswith well de®nedinteractions.However,
whenthe numberof interactionsbetweenmodulesincreasesexponentially
with the additionof newmodules,thedesignproblembecomesintractable.

We,andanumberof otherauthors,havesuggestedthattheuseof arti®cial
evolution to fully, or partially, automatethe designprocessmay be a way
forward(Cliff, Harvey,& Husbands,1993;Beer& Gallagher,1992).A num-
berof researchprojectsarenowactivelyexploringthis possibility.This new
areais often referredto asevolutionaryrobotics.

The arti®cialevolutionapproachmaintainsa populationof viablegeno-
types(chromosomes),coding for control architectures.The genotypesare
interbredaccordingto aselectionpressure,muchasin standardgeneticalgo-
rithm work. This is controlledby a task-orientedevaluationfunction: the
bettertherobotperformsits taskthemoreevolutionarilyfavoredis its control
architecture.Ratherthan attemptingto handdesigna systemto perform a
particulartaskor rangeof taskswell, theevolutionaryapproachallowstheir
gradualemergence.Thereis 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)areadaptivesearchstrategiesbasedon ahighly
abstractmodel of biological evolution (Holland, 1975).They can be used
asan optimization tool or as the basisof more generaladaptivesystems.
Thefundamentalideais asfollows. A populationof structures,representing
candidatesolutionsto the problemat hand,is produced.Eachmemberof
the populationis evaluatedaccordingto some®tnessfunction. Fitnessis
equatedwith goodnessof solution.Membersof thepopulationareselectively
interbredin pairs to producenew candidatesolutions.The ®ttera member
of thepopulationthemorelikely it is to produceoffspring.Geneticoperators
areusedto facilitatethebreeding;thatis, operatorswhich resultin offspring
inheritingpropertiesfrom bothparents(sexualreproduction).Theoffspring
areevaluatedandplacedin the population,quite possiblyreplacingweaker
membersof thelastgeneration.Theprocessrepeatsto form thenextgenera-
tion.Thisformof selectivebreedingquickly resultsin thosepropertieswhich
promotegreater®tnessbeingtransmittedthroughoutthe population:better
andbettersolutionsappear.Normallysomeform of randommutationis also
usedto allow furthervariation.A simpleform of this algorithmis asfollows.

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

2. Assigna ®tnessvalue to eachstring in the population.
3.Pick apairof (parent)stringsfor breeding.The®tterthestringthemore

likely it is to bepicked.



134 HUSBANDS ET AL.

4. Put offspring producedin a temporarypopulation.
5. Is the temporarypopulationfull? If yes,go to 3, elsego to 6.
6. Replacethe currentpopulationwith the temporarypopulation.
7. Hassomestoppingcriteria beingful®lled?If yes,exit, if no, go to 2.
This population-basedsurvival of the ®ttestschemehasbeenshownto

act as a powerful problemsolving methodover a wide rangeof complex
domains(Grefenstette,1985,1987;Schaffer,1989;Belew& Booker,1991;
Davis, 1990).

The looseanalogiesbetweenGAs andnaturalevolutionshouldbe clear.
Thestructuresencodingasolutionto theproblem(oftenstringsof characters)
can be thoughtof as the genotypesor arti®cialDNA. Therewill be some
processfor interpretingthestructureasa solution:thephenotype.Theinter-
pretationis oftenimplicitly embeddedin theevaluationfunctionandcanbe
complex.Whenthe encodingandthe evaluationfunction arestatic(search
spaceof ®xeddimensions,asinglewell-de®nedevaluationfunction),weare
in the realmsof optimization.When they are not, the GA can be usedto
build adaptivesystems;systemsthatareableto copewith a changingenvi-
ronment.The latterscenariois closerto thesituationexistingin naturalevo-
lution andis exploitedin evolutionaryrobotics,aswill bemadeclearin the
next section.

Therearemanydifferent implementationsof this idea,varyingmarkedly
in their speci®cs,for further detailsseeHolland (1975), Goldberg(1989)
andMitchell (1996).Thebreedingphase,whereoffspringareproducedfrom
parents,canmakesuseof anumberof different``genetic'' operators.Cross-
overis mostoftenused.With thisoperator,sectionsof theparentalgenotype
stringsareexchangedto form newgenotypes.Mutationis very commonand
involvesrandomlychangingsinglegenes(charactersonthegenotypestring)
to new legal values.

3.1 EvolutionaryRobotics

Thebasicnotionof EvolutionaryRoboticsis capturedin Fig.1.Theevolu-
tionary process,basedon a genetic algorithm, involves evaluating,over
manygenerations,wholepopulationsof control systemsspeci®edby arti®-
cial genotypes.Theseareinterbredusinga Darwinianschemein which the
®ttestindividualsaremost likely to produceoffspring.Fitnessis measured
in termsof how good a robot's behavioris accordingto someevaluation
criterion.

Justasnaturalevolution involvesadaptationsto existingspecies,we be-
lieve GAs shouldbe usedasa methodfor searchingthe spaceof possible
adaptationsof anexistingrobot,not asa searchthroughthecompletespace
of robots:successiveadaptationsovera longtimescalecanleadto long-term
increasesin complexity.For thisreason,whereasmostGAsoperateon®xed-
lengthgenotypes,we believeit is necessaryto work insteadwith variable-
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FIG. 1. The basicnotion of evolutionaryrobotics.

lengthgenotypes.This leadsto an incrementalapproach.A seriesof gradu-
ally moredemandingtask-basedevaluationschemesareused.In this way
new capabilitiesare built on existing onesand the searchspaceis always
constrainedenoughto be manageable.

Thebasisfor extendingstandardGAs to copewith this hasbeenworked
out by Harvey(1992b,1994,1992a),who describetheSpeciesAdaptation
GeneticAlgorithm (SAGA). In SAGA, the populationbeingevolvedis al-
waysafairly geneticallyconvergedspecies;andincreasesin genotypelength
(or othermetricof expressivepower),associatedwith increasesin complex-
ity, canhappenonly very gradually.

4. EVOLVE NETWORKS

Much of the work describedin this paperusesarti®cialneuralnetworks
of somevariety as the basicbuilding blocks of the control systemsbeing
developed.We believethis is themostappropriatechoice.Forreasonsgiven
in Cliff et al. (1993), network searchspacesare generallysmootherthan
spacesof explicit control programs.Networks are naturally amenableto
open-endedapproachesandallow theresearcherto work with very low-level
primitives, therebyavoiding incorporatingtoo many preconceptionsabout
suitablecontrol systemproperties.We advocateunrestrictedrecurrentreal-
timedynamicalnetworksasoneof themostgeneralclassof behaviorgener-
atingsystems.However,suchsystemsarefar toounconstrained,with agreat
manypotentialfreeparameters(suchasneurontimeconstantsandthresholds
andconnectiondelaysand weights)to admit handdesign.Therefore,this
classof intrinsically very powerfulsystemscanonly reallybeexploredwith
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the help of automatedtechniques,of which arti®cialevolution is a front
runner.

5. AN EXAMPLE EXPERIMENT

This sectionmakesmuchof thesurroundingdiscussionmoreconcreteby
focusingon a particularexperimentto evolvea network-basedcontrol sys-
temfor a mobile robotengagedin visually guidedtasksof increasingcom-
plexity.

Therearemanydifferentwaysof realizingeachstageof thecycleshown
in Fig.1. A crucialdecisionis whetheror not to usesimulationat theevalua-
tion stage,transferringtheendresultsto therealworld.Sinceanevolutionary
approachpotentially requiresthe evaluationof populationsof robotsover
manygenerations,anatural®rstthoughtis thatsimulationswill speedup the
process,makingit morefeasible.Despiteinitial scepticism(Brooks,1992),it
has recently beenshown that control systemsevolved in carefully con-
structedsimulations,with an appropriatetreatmentof noise, transferex-
tremelywell to reality,generatingalmostidenticalbehaviorsin therealrobot
(Jakobi,Husbands,& Harvey,1995; Thompson,1995).However,both of
theseexamplesinvolvedrelativelysimplerobot±environmentinteractiondy-
namics.Onceevenlow-bandwithvision is used,simulationsbecomealto-
gethermoreproblematic.Theybecomedif®cultandtime consumingto con-
struct and computationallyvery intensiveto run. Henceevolving visually
guidedrobotsin the realworld becomesa moreattractiveoption.Thecase
studydescribedin this sectionrevolvesarounda pieceof roboticequipment
speciallydesignedto allow the real-worldevolutionof visually guidedbe-
haviorsÐ theSussexgantryrobot.

5.0.1.Concurrentevolutionof visualmorphologiesandcontrol networks.
Ratherthanimposinga®xedvisualsamplingmorphology,webelieveamore
powerful approachis to allow the visual morphologyto evolvealong with
the restof the control system.Hencewe geneticallyspecify regionsof the
robot's visual ®eldto be subsampled,theseprovide the only visual inputs
to the control network. It would be desirableto havemanyaspectsof the
robot'smorphologyundergeneticcontrol,althoughthis isnotyettechnically
feasible.

5.0.2.Thegantry robot. The gantryrobot is shownin Fig. 3. The robot
is cylindrical, some150 mm in diameter.It is suspendedfrom the gantry
frame with steppermotorsthat allow translationalmovementin the X and
Ydirections,relativeto acoordinateframe®xedto thegantry.Themaximum
X (andY) speedisabout200mm/sec.Suchmovements,togetherwith appro-
priate rotation of the sensoryapparatus,correspondto thosewhich would
beproducedby left andright wheels.Thevisual sensoryapparatusconsists
of a CCD camerapointing down at a mirror inclined at 45° to the vertical
(seeFig.4). Themirror canberotatedabouta verticalaxissothatits orienta-
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FIG. 2. The different rolesof the Vision computer,the Brain computerandthe SBC.

FIG. 3. The Gantryviewed from above.The horizontalgirder movesalong the siderails,
andthe robot is suspendedfrom a platform which movesalong this girder.
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FIG. 4. Thegantryrobot.The camerainsidethe topbox pointsdownat theinclinedmirror,
which can beturnedby thesteppermotorbeneath.The lower plasticdisk is suspendedfrom
a joystick, to detectcollisionswith obstacles.

tion alwayscorrespondsto the direction the ``robot'' is facing.The visual
inputs undergosometransformationsen route to the control system,de-
scribedlater.Thehardwareisdesignedsothatthesetransformationsaredone
completelyexternallyto the processingof the control system.

Thecontrol systemfor the robot is run off-boardon a fastpersonalcom-
puter,the ``Brain PC.'' This computerreceivesany changesin visual input
by interruptsfrom a seconddedicated̀ `Vision PC.'' A third (single-board)
computer,theSBC,sendsinterruptsto theBrain PCsignalingtactile inputs
resultingfrom therobotbumpinginto walls or physicalobstacles.Theonly
outputsof the control systemaremotor signals.Thesevaluesaresent,via
interrupts,to theSBC,which generatestheappropriatesteppermotormove-
mentson the gantry.

Therolesof thethreecomputersareillustratedin Fig.2.Continuousvisual
datais derivedfrom the outputof the smallmonochromeCCD camera.A
purpose-builtFrameGrabbertransfersa64 3 64 imageat50Hz into ahigh-
speed2 K CMOSdual-portRAM, completelyindependentlyandasynchro-
nouslyrelativeto anyprocessingof the imageby theVision PC.TheBrain
PCrunsthe top-levelgeneticalgorithmandduringanindividual evaluation,
it is dedicatedto runninga geneticallyspeci®edcontrol systemfor a ®xed
period.At intervalsduringanevaluation,a signalis sentfrom theBrain PC
to theSBCrequestingthecurrentpositionandorientationof therobot.These
areusedin keepingscoreaccordingto thecurrent®tnessfunction.TheBrain
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PCreceivessignals,to be fed into thecontrol system,representingsensory
inputsfrom theVision PCandtheSBC.Thevisualsignalsarederivedfrom
averagingover geneticallyspeci®edcircular receptivepatchesin the cam-
era's®eldof view.

Thissetup,with off-boardcomputingandavoidanceof tangledumbilicals,
meansthattheapparatuscanberuncontinuouslyfor long periodsof timeÐ
makingarti®cialevolution feasible.

A top-levelprogramautomaticallyevaluates,in turn, eachmemberof a
populationof control systems.A new populationis producedby selective
interbreedingandthe cycle repeats.For full technicaldetailsof the system
seeHarveyet al. (1994).

5.0.3.Thearti®cialneuralnetworks.Thearti®cialneuronsusedhavesepa-
ratechannelsfor excitationand inhibition. Real valuesin the range[0,1]
propagatealongexcitatorylinks subjectto delaysassociatedwith the links.
Theinhibitory (or veto) channelmechanismworksasfollows. If thesumof
excitatoryinputsexceedsa threshold,Tv, the value1.0 is propagatedalong
any inhibitory output links the unit may have,otherwisea value of 0.0 is
propagated.Veto links alsohaveassociateddelays.Any unit that receives
a nonzeroinhibitory input hasits excitatoryoutputreducedto zero(i.e., is
vetoed).In theabsenceof inhibitory input, excitatoryoutputsareproduced
by summingall excitatoryinputs,addinga quantity of noise,andpassing
the resultingsum througha simple linear thresholdfunction, F(x), given
below.Noisewasaddedto providefurtherpotentiallyinterestinganduseful
dynamics.Thenoisewasuniformly distributedin therealrange[2 N, 1 N].

F(x) 5 5
0, if x # T1

x 2 T1

T2 2 T1

, if T1 , x , T2

1, if x $ T2

. (1)

The networks' continuousnaturewas modeledby using very ®netime
slice techniques.In the experimentsdescribedin this paperthe following
neuronparametersettingwereused:N 5 0.1, Tv 5 0.75, T1 5 0.0,andT2

5 2.0. The networksarehardwiredin the sensethat they do not undergo
anyarchitecturalchangesduringtheir lifetime, theyall hadunit weightsand
time delayson their connections.Thesenetworksare just oneof the class
we are interestedin investigating.

5.0.4.The geneticencoding.Two ``chromosomes''per robot are used.
Oneof theseis a ®xedlengthbit string encodingthe position andsize of
threevisual receptivepatchesasdescribedabove.Threeeight-bit ®eldsper
patchareusedto encodetheir radii andpolar coordinatesin the camera's
circular®eldof view. Theotherchromosomeis a variable-lengthcharacter
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FIG. 5. The geneticencodingscheme.

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

Thenetworkchromosomeis interpretedsequentially.First theinput units
are codedfor, eachprecededby a marker.For eachnode,the ®rstpart of
its genecan encodenode propertiessuchas thresholdvalues; there then
follows a variablenumberof charactergroups,eachrepresentinga connec-
tion from thatnode.Eachgroupspeci®eswhetherit is anexcitatoryor veto
connection,and then the targetnode is indicatedby jump type and jump
size.In a mannersimilar to thatusedin Harp andSamad(1992),the jump
typeallowsfor both relativeandabsoluteaddressing.Relativeaddressingis
providedby jumpsforwardor backwardalongthegenotypeorder;absolute
addressingis relative to the start or endof the genotype.Thesemodesof
addressingmeanthatoffspringproducedby crossoverwill alwaysbe legal.
Thereis oneinput nodefor eachsensor(threevisual, four tactile).

The internalnodesandoutputnodesarehandledsimilarly with their own
identifying geneticmarkers.Clearly this schemeallows for any numberof
internalnodes.Thevariablelengthof the resultinggenotypesnecessitatesa
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carefulcrossoveroperatorwhich exchangeshomologoussegments.In keep-
ing with SAGA principles,whena crossoverbetweentwo parentscanresult
in anoffspringof differentlength,suchchangesin length(althoughallowed)
arerestrictedto a minimum(Harvey,1992a).Therearefour outputneurons,
two per motor.The outputsof eachpair aredifferencedto give a signal in
the range[2 1,1].

5.0.5.Experimentalsetup.In eachof theexperimentsa populationsizeof
30wasusedwith ageneticalgorithmemployingalinearrank-basedselection
method,ensuringthe bestindividual in a populationwastwice as likely to
breedasthemedianindividual.Eachgenerationtookabout1.5hr to evaluate.
Themost®t individual wasalwayscarriedover to the next generationun-
changed.A specialisedcrossoverallowingsmall changesin lengthbetween
offspring andparentswasused(Cliff et al., 1993).Mutation rateswereset
at 1.0 bit per vision chromosomeand1.8 bits per networkchromosome.

With the walls and ¯oor of the gantryenvironmentpredominantlydark,
initial taskswerenavigatingtowardwhitepapertargets.In keepingwith the
incrementalevolutionarymethodology,deliberatelysimple visual environ-
mentsare usedinitially, as a basisto moving on to more complexones.
Illumination was providedby ¯uorescentlights in the ceiling above,with
thegantryscreenedfrom signi®cantdaylightvariations.However,thedark
surfacesdid not in practiceprovideuniform light intensities,neitherover
spacenor over time. Evenwhenthe robot wasstationary,individual pixel
valueswould ¯uctuate by up to 13%.

5.1.Results

5.1.1.Big target.In the®rstexperiment,onelonggantrywall wascovered
with white paper.The evaluationfunction e1, to be maximized,implicitly
de®nesa targetlocatingtask,which we hopedwould beachievedby visuo-
motor coordination

e1 5 ^
i5 20

i5 1

Yi, (2)

whereYi aretheperpendiculardistancesof therobot from thewall opposite
that to which the target is attached,sampledat 20 ®xed-timeintervals
throughouta robot trial which lasteda total of about25 sec.The closerto
the targetthehigher the score.For eachrobot architecturefour trials were
run, eachstarting in 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®tnessof a robot control
architecturewas basedon the worst of the four trials (to encouragero-
bustness),andsincein this casescoresaccumulatedmonotonicallythrough
a trial, this allowedlatertrials amongthe four to beprematurelyterminated
whentheybetteredprevioustrials. In addition,anycontrol systemsthathad
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FIG. 6. Behaviorof thebestof a latergenerationevolvedundersecondevaluationfunction.
The dotsandtrailing lines showthe front of the robotand its orientation.Coarselysampled
positionsfrom eachof four runsareshown,startingin differentorientationsfrom the top right
corner.

not producedany movementby 1/3 of the way into a trial wasabortedand
given zeroscore.

Therun wasstartedfrom a convergedpopulationmadeentirelyof clones
of a single randomlygeneratedindividual picked out by us as displaying
vaguelyinterestingbehavior(but by no meansableto do anythingremotely
like locateandapproachthe target).In two runsusing this methodvery ®t
individuals appearedin less than 10 generations.From a start close to a
corner, they would turn, avoiding contactwith the walls by vision alone,
then movestraighttowardthe target,stoppingwhenthey reachedit.

5.1.2. Small target. The experimentcontinuedfrom the stagealready
reached,but now usinga muchnarrowertargetplacedabout2/3 of theway
alongthesamewall the largetargethadbeenon,andawayfrom therobot's
startingcorner(seeFig. 6), with evaluatione2

e2 5 ^
i5 20

i5 1

(2 di), (3)

wheredi is the distanceof the robot from the centerof the targetat one
of the sampledinstancesduring an evaluationrun. Again, the ®tnessof an
individual wassetto theworstevaluationscorefrom four runswith starting
conditionsasin the®rstexperiment.Theinitial populationusedwasthe12th
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FIG. 7. Trackingbehaviorof thecontrol systemthat generatedthe behaviorshownin Fig.
6. Theun®lledcirclesshowthepositionof thetargetat anumberof pointson its path(starting
positionindicated).The arrowsroughly indicatethepathof the target.

generationfrom a run of the®rstexperiment(i.e., we incrementallyevolved
on top of the existingbehaviors).

Within six generationsa networkarchitectureandvisualmorphologyhad
evolveddisplayingthe behaviorshownin Fig. 6. This control systemwas
testedfrom widely varyingrandomstartingpositionsandorientations,with
the targetin differentplaces,andwith smalleranddifferent-shapedtargets.
Its behaviorwasgeneralenoughto copewith all theseconditionsfor which
it hadnot explicitly beenevolved.It wasalsoableto copewell with moving
targetsasshownin Figs.7 and8.

5.1.3.Rectanglesand triangles.The experimentcontinuedwith a distin-
guish-between-two-targetstask.Two white papertargetswere®xedto one
of thegantrywalls: onewasa rectangle,theotherwasan isoscelestriangle
with thesamebasewidth andheightasthe rectangle.Therobotwasstarted
at four positionsandorientationsneartheoppositewall suchthat it wasnot
biasedtoward either of the two targets.The evaluationfunction e3, to be
maximized,was

e3 5 ^
i5 20

i5 1

[b(D1i 2 d1i) 2 s (D2i, d2i)], (4)

whereD1 is thedistanceof target1 (in this casethetriangle)from thegantry
origin; d1 is the distanceof the robot from target1; andD2 andd2 are the
correspondingdistancesfor target2 (in this casethe rectangle).Theseare
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FIG. 8. Furthertrackingbehaviorof the control systemthat generatedthe behaviorshown
in Fig. 7.

sampledat regularintervals,asbefore.The valueof b is (D1 2 d1) unless
d1 is lessthansomethreshold,in which caseit is 3 3 (D1 2 d1). Thevalue
of s (a penaltyfunction) is zero unlessd2 is less thanthe samethreshold,
in which caseit is I 2 (D2 2 d2), whereI is thedistancebetweenthetargets;
I is morethandoublethe thresholddistance.High ®tnessesareachievedfor
approachingthe trianglebut ignoring the rectangle.It washopedthat this
experimentmight demonstratetheef®cacyof concurrentlyevolving thevi-
sualsamplingmorphologyalongwith the controlnetworks.

After about15 generationsof a run usingasan initial populationthe last
generation of the incremental small target experiment,®t individuals
emergedcapableof approachingthetriangle,butnottherectangle,from each
of the four widely spacedstartingpositionsandorientations.Thebehavior
generatedby the ®ttestof thesecontrol systemsis shownin Fig. 9. When
startedfrom manydifferentpositionsandorientationsnearthe far wall, and
with the targetsin different positionsrelative to eachother, this controller
repeatedlyexhibitedvery similar behaviorsto thoseshown.

The active part of the evolvednetwork that generatedthis behavior is
shownin Fig. 10. Theevolvedvisualmorphologyfor this control systemis
shownin theinset.Only receptive®elds1 and2 wereusedby thecontroller.

Detailedanalysesof this evolvedsystemcan be found in Harvey,Hus-
bands,& Cliff (1994)andHusbands(1996).To crudelysummarize,unless
thereis adifferencein thevisual inputsfor receptive®elds1 and2, therobot
makesrotationalmovements.Whenthereisadifferenceit movesin astraight
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FIG. 9. Behaviorof a®t individual in thetwo targetenvironment.Therectangleandtriangle
indicatethepositionsof thetargets.Thesemicirclesmark the``penalty'' (nearrectangle)and
``bonusscore'' (near triangle)zonesassociatedwith the ®tnessfunction. In thesefour runs
therobotwasstarteddirectly facingeachof thetwo targets,andtwice from a positionmidway
betweenthe two targets:oncefacing into thewall and oncefacing out.

line. Thevisualsensorlayoutandnetworkdynamicshaveevolvedsuchthat
it ®xateson the slopingedgeof the triangleandmovestoward it.

Thecasestudydescribedabovehasbeenincludedto providea concrete
focusto theissuesdiscussedin this paper.However,this is only oneexperi-
mentof many,makinguseof oneparticulartypeof network,geneticencod-
ing, andexperimentalsetup.The restof this paperintroducesotheraspect
of suchresearch.

6. GENETIC ENCODINGS AND DEVELOPMENTAL SCHEMES

Oncethe decisionto evolve network-basedsystemshasbeentaken,the
questionof how to encodethe networkson an arti®cialgenotypebecomes
crucially important.Without a suitableencodingschemelittle progresscan
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FIG. 10. Active part of thecontrol systemthat generated®tbehaviorfor the rectangleand
triangleexperiment.Visual morphologyshownin the inset.

bemade.In thesimplestschemesthegenotypeis a directdescriptionof the
networkwiring. An exampleof thatkind of schemeis thegeneticencoding
usedwith thegantryrobotanddescribedin theprevioussection.Suchencod-
ings will necessarilybe restrictive. Much more powerful approaches,
allowing completeopen-endednessandmodularitythroughtherepeateduse
of genotypesections,must involve a more complex interpretiveprocess.1

This canbethoughtof asbeinglooselyanalogousto thedevelopmentalpro-
cessesthat occurin natureto producea phenotypefrom a genotype.Since
we regardencodingissuesasbeingcentralto evolutionarydevelopmentof
control systems,this andthe following sectionconcentrateon this area.

Gruau(1992)de®nessevenpropertiesof geneticencodingof neuralnet-
worksthatshouldbeconsidered.Theseinclude:completeness,anyNN archi-
tectureshould be capableof being encoded;compactness,one encoding
schemeis morecompactthanthesecondif for anyNN architecturethe®rst
geneticencodingis shorterthanthat given by the second;closure,implies
thatanygenotypeencodessomearchitecture;modularity,ageneticencoding
would bemodularif partsof thegenotypespecifysubnetworksof thecom-
pletenetwork,andotherpartsspecifytheconnectionsbetweensuchsubnet-
works,thisdecompositioncouldberecursive.Weendorseall theseconsider-
ations,especiallymodularitywhich would seemnecessaryfor sensorimotor
systemsemployingvision. Additional points are: smoothinteraction with

1 In thiscontextmodularityreferstoadevelopmentalprocessanalogousto theuseof subrou-
tines in programs.For instance,the left limbsandright limbs of animalswill not be indepen-
dently ``codedfor'' in DNA, but rathergeneratedby thesamegeneticinformationexpressed
morethan once.
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geneticoperators,theencodingshouldallow relativelysmoothmovements
aroundthesearchspace;theencodingshouldnotpresupposethedimension-
ality of thesearchspace,incrementalevolutionrequiresan open-endedap-
proachin which thedimensionalityof the searchspacecannotbespeci®ed
in advance,theencodingshouldallow variablenumbersof neuronsandcon-
nections;theencodingmustallow speci®cationofsensoryandmotorproper-
ties aswell asthat of a controlnetwork.

Kitano (1990) developedan early methodfor encodingnetworkswhich
took into accountsomeof the issuesraisedabove.Althoughhis technique
wasnot speci®callydevelopedfor sensorimotorsystems,it canbe applied
to them. The genotypewas usedto encodea graph generationgrammar.
Kitano's systemallows a linear genotypeto operateon a squarematrix of
characters,initially 1 3 1. Eachact of rewriting expandsthe matrix into
four quadrantseachthesamesizeasthepreviousmatrix, with thecontents
of eachquadrantspeci®edby thegenotype.At theendof a successionof n
suchrewritingsteps,anetworkconnectionmatrixof size2n 3 2n isproduced.
In this way scalabilityandmodularitystart to be implementedin a compact
geneticencodingof largeregularnetworks.

Gruau(1992)discussesKitano'swork andalsoacknowledgesearlierwork
by Wilson (1987).Gruau'scellular encodingis a form of ``neuralnetwork
machinelanguage,''which heclaimshasall theabovedesirableproperties.
This is a form of rewriting grammar,wherethe rewriting is consideredas
aform of developmentalprocessinvolving ``rewriting neurons''or ``cells.''
Rewriting operatorsinclude PAR which divides a cell into two cells that
inherit thesameinput andoutput links as their parent,CLIP which cancut
links, WAIT which delaysrewriting operationssoasto changetheorderin
whichlateroperationsarecarriedout.FurtheroperatorsSPLIT andCLONE
allow for the desirablepropertyof modularity to be achieved.In total 13
operatorsareused.Althoughit hasnot yetbeendone,heproposesusinghis
methodfor the developmentof sensorimotorcontrol systems.

7. DEVELOPMENTAL SCHEMES FOR SENSORIMOTOR SYSTEMS

This sectionoutlinesthreeschemesrecentlydevelopedat Sussexfor en-
codingnetwork-basedsensorimotorcontrolsystems.Theytakeinto account
theissueslistedearlierandarespeci®callyaimedatencodingwholecontrol
systems:thatis,controlnetworksalongwith sensorandmotormorphologies.

7.1.A Languageand CompilerScheme

Experiencewith theprimitive encodingwe usedin our earlyevolutionary
roboticssimulationstudies(Cliff etal., 1993)leadusto developalanguage-
andcompiler-typegeneticencodingschemewhich is tailoredto thedemands
of evolving sensory±motor coordinationmorphologiesand in particularto
encodingrepeatedstructuresasare commonlyfound necessaryin dealing
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with visual sensoryprocessing.As with geneticprogramming,thegenome
is a program,which is expressedasa 1D stringÐ althoughat theconceptual
level a higher-dimensionalspaceoffers a more appropriatedescriptive
framework.The encodingschemeis essentiallya new programminglan-
guage,called``NCAGE'' (from``NetworkControlArchitectureGeneticEn-
coding''); NCAGE allows for specifyingsensoryÐ motor controller mor-
phologies based on ``neural network'' parallel-distributed processing
architectures.The arti®cialgenomesare interpretedasNCAGE programs
which are``compiled'' in a ``morphogenesis''processto createcontroller
structures.It is importantto notethatwe do not considertheDNA-encoded
genomesof biological systemsasprogramsandneitherdo we considerbio-
logical morphogenesisascomparableto compilingor executinga computer
program.The notions of ``genome-as-program''and ``morphogenesis-as-
compilation'' usedhereare nothing more than metaphorsinvoked in the
expositionof what is at presentessentiallyan engineeringendeavor.

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

The NCAGE languagedrawson elementaryvector-graphicsprogrammingfacilities
foundin manygraphicslanguages(andin platform-speci®cvectorgraphicextensions
to generalprogramminglanguages).It thus bearssuper®cialsimilarities to turtle-
graphicslanguagessuchas LOGO. Essentially,the genomeis interpretedas a se-
quenceof subroutinespeci®cationsandsubroutinecalls.Subroutinesmaycall other
subroutinesincluding themselves.Subroutinecalls aremadefrom ``positions'' in a
high-dimensionalspace(typically conceptualizedasoneof 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®edrelativeto the currentcursorposition.

The encodingschemeis modular,hasvarying resolutionof numericval-
ues,is robustwith respectto crossoverandmutation,allowsfor recursively
repeatablestructures(with systematicvariationswherenecessary),andhas
inbuilt symmetryandsymmetry-breakingfacilities. Structurespeci®cations
arelargely independentof their positionon thegenome,andsoa transposi-
tion operatorcanbeusedto goodeffect.An inversionoperatoris alsoused,
but becausethe genomeis read left-to-right, inversiondoesnot preserve
structurespeci®cationsand is usedprimarily asan operatorfor achieving
extremelyhigh mutationrateswithin a localizedsequenceon the genome,
while preservingthestatisticaldistributionof charactersontheinvertedpor-
tion of thegenome.

Becausetheencodinghasto satisfyrequirementsimposedby thegenetic
operators,NCAGE differs signi®cantlyfrom traditionalcomputerprogram-
ming languages.Themostmarkeddifferenceis thatportionsof thegenome
maybeinterpreted̀ `junk'' or ``silent'' code:while manyprogramminglan-
guagesallow for thespeci®cationof subroutineswhicharenevercalled,most
will generateterminal error conditionswhen the subroutinesare partially
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completeor nonexistent.TheNCAGE interpreterdoesnot generateanerror
when it encounterscalls to unspeci®edsubroutines(suchcalls are simply
ignored),andsequencesof instructionswhichcannotbeparsedasgenerating
usefulstructuresare likewise ignored.

Thegenomesareexpressedin athree-characteralphabet,althoughin prin-
ciple a binary alphabetcould be employedat the cost of proportionately
longerstrings.Underthethree-characterscheme,two charactersareusedas
bits for data,andthethird is a ``stop'' control characterusedfor terminating
speci®cationsat varying levels in the genomeinterpretationprocess.The-
oretically,any suf®cientlylong randomstringoverthechosenalphabetwill
beinterpretableasaspeci®cationof acontrollerarchitecture.However,prac-
tical considerationsentail that somestructure(i.e., high-ordercorrelations)
areintroducedin the generationof initial randomgenomes,to reducetheir
length.Experiencewith the encodingindicatesthat the inclusion of junk
codeon thegenomeincreasesthe robustnessof theencodingswith respect
to the geneticoperatorsemployed.

7.2.A Force Field DevelopmentScheme

A second,contrasting,schememakesuseof a highly implicit dynamical
processgovernedby a systemof ordinarydifferentialequations,theparame-
tersof whichareencodedonthegenotype.Thisprocessdescribesthegrowth
of a network-basedsensorimotorcontrol system.Again, in no way is this
schemeintendedto be a modelof anybiological process.It wasdeveloped
simply asa methodhavingthepropertieswe believearedesirablefor arti®-
cial evolution.

In this force®eldscheme,̀`neurons''arepositionedacrossa two-dimen-
sionalplanewhere they exert attractiveforceson the free endsof ``den-
drites'' growing out from themselvesand otherneurons.The endsof the
dendritesmoveunderthe in¯uenceof theforce®eldcreatedby thedistribu-
tion of neurons.If a dendriteendmovesto be within a small distance,e,
from a neuronit stopsgrowing andconnectsto thatneuron(which may be
its parent).Dendritesdo not affect eachother and may crossin arbitrary
ways.The equationsof motion of the dendriteendsaregiven by ordinary
differentialequationsof the form shownin Eq. (5).
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whereRWij is thepositionvectorof theendof thej th dendriteof thei th neuron
(henceforthreferredto asendij). The®rsttermon theRHSof Eq. (5) repre-
sentsthevectorsumof theattractiveforcesexertedon endij by all neurons.
Theseforcesareof the form given in Eq. (6).
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whererWijk is the vectorfrom endij to thecenterof neuronk. GSi andASk are
geneticallydeterminedconstants.Thesecondtermin Eq. (5) is a ``viscous''
resistiveforceto preventdendritessailingoff into outerspace.Thethird term
providesaforcein thedirectionof motionof thedendriteendandis inversely
proportionalto the cubeof l ij, thecurrentlengthof the dendrite.This force
dropsoff very rapidly but encouragesdendritesto, at leastinitially, escape
from the in¯uence of their parentneuron.Gij is a geneticallyencodedcon-
stant.In the computationalimplementationof the scheme,the differential
equationswere approximatelyintegratedusing the Euler methodwith an
adaptivetime step.One featureof this methodis that the lengthsof the
resultingdendritepathscanbetranslatedinto time delaysor weightsfor use
in the operationof thenetwork.

A genotypeto beusedwith this schememustencodetheparametersof the
equations,alongwith thepositionsof theneuronsandtheinitial directionsof
growth of thedendrites.In principle,a largenumberof differentencodings
would suf®ce.However,asalreadydiscussed,it is preferableto useanen-
codingexhibitingthedesirablepropertiesoutlinedin Section7. A particular
encodingmeetingtheserequirements,andspeciallydevelopedfor the force
®eldmethod,is brie¯y outlined below.

In this methoda bit string is usedasa neutralencodingmedium.That is,
any bit stringcanbe interpretedasa control system(althoughit may bean
emptyone).The coreof the interpretingalgorithmis asfollows. Thestring
is scannedfrom left to right until a particulartype of marker(shortbit pat-
tern) is found. If the markerboundsthe start of a valid string section,se-
quencesof bits arereadandturnedinto ``neuron'' parametervaluesfor use
with the force ®elddevelopmentscheme.As with the previouslydescribed
languageandcompilermodel,eachof thesereadoperationscountsthenum-
berof 1s in a sequenceandusesthatnumberto mapto theparametervalue.
The algorithm rewindsback to the start-sectionmarkerand then searches
forward to the next occurrenceof a secondtype of marker.This signalsa
new ``mode'' of interpretationin which dendritepropertiesaredetermined.
This is repeateduntil yet anotherform of markeris encountered.Thealgo-
rithm thenmovesbackto the®rstmarkerandsearchesforward to the next
occurrenceof a start-sectionmarker.The whole processthenrepeats.This
``looping back'' behaviormeansthe algorithm can potentially reuseparts
of the string many times. This resultsin the encodingof relatively large
partsof thenetworksbeinglocalizedon thestring.This producesa form of
modularity,whererepeatedpatternsareformedby thereexpressionof parts
of the genotype.

The positionof a neuronis describedby geneticallydetermineddistance
anddirectionfrom the last neuronto be laid down.The existenceor other-
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wise of a particularmarkerdetermineswhetheror not a neuronactsas a
visualreceptor.If it is a visualreceptor,its positionon theplaneis mapped
onto a position within the robot's receptive®eld.In the schemecurrently
beingused,two specialmotorneuronsareplacednearthecenterof theplane.
Thenetworkthendevelopsaroundthem.This is convenientfor a two motor
system,butmanyotherwaysof handlingmotorneuronscanbeincorporated
into the method.

7.3 A Cell Division Method

In this proposal,anaivemodelis usedof thedevelopmentof amulticellu-
lar organismby cell division from a single initial cell. Every cell contains
thesameDNA, the genotype,which actsasa constrainton an intracellular
dynamicsof transcriptionand translationof ``enzymes''which themselves
initiate or represstheproductionof furtherenzymes.Thegenotypeandalso
theenzymesarebit strings.

Within onecell, anyinitial enzymesaretemplate-matchedagainstthege-
notype;wherevermatchesoccur,transcriptionfrom thegenotypestartsand
producesfurther enzymes.The ensuingintracellular dynamicscan be in-
¯uenced by intercellular ``signals'' receivedfrom neighboringcells. The
productionof particularenzymesinitiatescell-splitting; otherparticularen-
zymes,whenthey are®rstproduced,signalthecompletionof the develop-
mentalprocess.

In this way, from aninitial singlecell with a genotype,developmentpro-
ducesa numberof cells that canbeconsideredaspositionedin somespace
with neighborhoodrelations.Although all containingthe sameDNA, the
cellscanbedifferentiatedinto differentclassesby theparticulardistinctive
internaldynamicsof their enzymeproductionprocess.Thusat this stagethe
wholegroupof cellscanbe interpretedasa structurewith organization;for
instance,asa neuralnetworkwith differentcellsbeing``neurons''with spe-
ci®ccharacteristics,andwith connectionsspeci®edbetweenthem.

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

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

In a traditionalautonomousroboticscontext,mentionis madeof a pro-
posedevolutionaryapproachin Barhen,Dress,& Jorgensen(1987).A stu-
dentof Brooksdiscussedsomeof theissuesinvolved,with referenceto sub-
sumptionarchitectures,in Viola (1988). De Garis (1992) proposedusing
GAsfor buildingbehavioralmodulesfor arti®cialnervoussystems,or ``arti-
®cialembryology.'' However,it is only recentlythatmorecompletepropos-
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als have beenmadeto use evolutionaryapproachesin robotics (Brooks,
1992;Husbands& Harvey,1992).

Brooks(1992)outlinesanapproachbasedonKoza'sgeneticprogramming
techniques(Koza,1992).Heacknowledgedthattimeconstraintswouldprob-
ably necessitatetheuseof simulations.However,hestressedthedangersof
usingsimulatedworldsratherthanrealworlds.Heproposedthatby evolving
thecontrolprogramincrementallythesearchspacecanbekeptsmall at any
time. He notedthat symmetriesor repeatedstructuresshouldbe exploited
so thatonly a singlemoduleneedsto beevolved,which is thenrepeatedly
used.Brooksproposedahigh-levellanguage,GEN,whichcouldbeevolved,
andthencompileddowninto BL (BehaviorLanguage)andfurtherondown
onto the actualrobothardware.

Importantwork on anevolutionaryapproachto agentcontrolusingneural
networkshasbeendoneby Beer andGallagher(1992).They explorethe
evolutionof continuous-timerecurrentneuralnetworksasa mechanismfor
adaptiveagentcontrol,usingasexampletaskschemotaxis,andlocomotion-
control for a six-leggedinsect-likeagent.The networksare basedon the
continuousHop®eldmodel (Hop®eld,1982),but allow arbitrary recurrent
connections.They useda standardgeneticalgorithm to determineneuron
time constantsand thresholdsandconnectionweights.A ®xednumberof
networkparametersareencodedin astraightforwardwayonbitstring``geno-
types.'' They report successin their objectives;in the caseof locomotion
control, controllerswere evolved that in practicegenerateda tripod gait
(front andbacklegsononesidein phasewith themiddlelegontheopposite
side). This was achievedboth with and without the use of sensorswhich
measuredthe angularpositionof eachleg.

Beer andGallagher(1992) developa dynamicalsystemsperspectiveon
control systemsfor autonomousagents,in¯uencedby earlywork in Cyber-
netics (Ashby, 1952). In further developmentsof their evolutionaryap-
proach,YamauchiandBeer(1994)evolvenetworkswhich cancontrolau-
tonomousagentsin tasksrequiringsequentialandlearningbehavior.

ColombettiandDorigo (1992)useClassi®erSystems(CSs)for robotcon-
trol. In this work theALECSYSimplementationis usedto build a hierarchi-
cal architectureof CSsÐ onefor eachdesiredbehavior,plusa coordinating
CS.Resultsarereportedwhich havebeengeneratedin simulationsandthen
transferredto a real robot.

Parisi, Nol®, and Cecconi(1992) investigatedthe relationshipbetween
learningandevolution in populationsof back-propagationnetworks;these
networkswerethe``brains'' of animalsthat receivedsensoryinput from a
simple cellular world in which the taskwasto collect ``food.'' This work
madeuseof abstractcomputermodelsratherthanreal robots.

Kozasuccessfullyusedthe techniqueof geneticprogrammingto develop
subsumptionarchitectures(Brooks,1986) for simulatedrobotsengagedin
wall-following andbox-movingtasks(Koza, 1992).
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Craig Reynolds(1993) usesgeneticprogrammingto createcontrol pro-
gramswhich enablea simplesimulatedmoving vehicleto avoidcollisions.
Hecommentsthatthesesolutionsarebrittle,vulnerableto anyslightchanges
or to noise.In further work wherethe ®tness-testingincludesnoise,he re-
portsthatthebrittlenessproblemisovercome,andonly compactrobustsolu-
tions survive(Reynolds,1994).

FloreanoandMondada(1994)wereableto run a GA on a real robot in
real time, ratherthana simulation.The GA setthe weightsand thresholds
in a simplerecurrentnetworkwhereeverysensoryinput wasconnectedto
both motor outputs. The task was to traversea circular corridor while
avoiding obstacles,and this work demonstratesthat with well-designed
equipmentit is possibleto avoid theproblemsassociatedwith simulations.

9. SOME COMMON OBJECTIONS

Onecommonobjectionto the useof arti®cialevolutionis theamountof
time it is likely to taketo evolveanythinguseful.This is dif®cultto answer.
However,work doneso far hasshownthat it is possibleto evolve simple
control systemsin simulationin a matterof 2 or 3 hr (Jakobiet al., 1995)
andin the real world in about1 day(Harveyet al., 1994).It is too early to
sayhow thingswill scaleup asmorecomplextasksareused.

Anothercomplaintis that the entiremorphologyof the robot, aswell as
its control system,shouldbe evolved.This is a valid criticism. Successful
adaptivebehaviordependson harmoniousrelationshipsbetweenbodymor-
phology and nervoussystemdynamics.However,someprogressis being
madein this direction in the work of Harvey,Husbands,andotherswhere
thevisual morphologyof a real robot is concurrentlyevolvedalongwith a
controlnetwork(Harveyet al., 1994).As describedearlier,this is doneby
allowing thesubsamplingpattern(positionandsizeof receptive®elds)of a
videocameraimageto be underevolutionarycontrol (seeSection5).

Sometimesit is statedthatasmorecomplextasksareinvestigated,it will
becomeextremelydif®cultto designevaluationfunctions.Opinionisdivided
overthis issue.Oneof the implicit assumptionof the®eldis that it is gener-
ally mucheasierto producea criteriafor decidinghowwell a robotachieved
ataskthanit is to specifyhow thetaskshouldbeachieved.Evaluationfunc-
tionscanbevery implicit. For instance,taskssuchasexplorationandforag-
ing canbe setup asstraightsurvival tests.Only thoserobotsthatmaintain
viability for suf®cientlylong get a chanceto breed.Maintaining viability
will involve ®ndingandexploitingenergysources.However,issuesrelating
to evaluation,both explicit and implicit, are likely to becomeincreasingly
importantasattemptsaremadeto evolvemore complexbehaviors.

Finally,acommonassumptionis thattheevolvedsystemswill beimpossi-
ble to understand.Therearetwo answersto this. The®rstis that thereis no
evidenceto suggestthatthesystemswill beimpenetrable.Thesecondis that
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evenif theyare,sowhat.Oneof theaimsof this kind of work is to develop
mechanismto generatecertainsortsof behaviorsand then to gain insight
by analyzingthesemechanisms.Both BeerandGallagher(1992)andHus-
bandset al. (1995) haveuseddynamicalsystemsapproachesto analyzing
evolvedcontrollers.They haveboth demonstratedways to choosea state
spaceat theappropriatelevel to allow a clearpictureof the internalmecha-
nisms.Husbandset al. also show how to incorporatean understandingof
agent±environmentcouplinginto theanalysis.Sofar thesekindsof analysis
havebeenfor relativelysimplesystems.It is possiblethatasthingsbecome
more complex,statespacesat a tractablelevel of abstractionwill not be
found.However,if therobotworks,andis robustandreliable,an important
aspectof the researchwould still be successful.

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

SYSTEMS IN NATURE

While muchof the work mentionedso far is biologically informed and
inspired,mostof it hasa strongengineeringcharacteristic.In otherwords,
theprimarygoal is to developworking controlsystemsfor autonomousmo-
bile robotsandthento understandtheir underlyingmechanisms.However,
this ®eldcanpotentiallyoffer newtoolsandmethodsfor investigatingmore
speci®callyscienti®ctopics.That is the focusof this section,wheretheuse
of arti®cialevolutionin thecontextof moreabstractcomputerstudieswill
be discussed.

Very little is known about the evolutionaryorigins andeffectsof basic
sensorimotorsystemsin nature.Brainsandbehaviorsdo not fossilizewell,
so normal paleontologicalmethodscannotgenerallybe usedto tracethe
evolutionof sensorimotorsystems.Behavioralecologistscanconstructopti-
mality or gametheoreticmodelsof how behavioralstrategiesevolve, but
thesemodelsare usually too abstractto explain the evolution of speci®c
sensorimotorsystemsin speci®cspecies.Evenexperimentalstudiesin fast-
breedingspeciescannotstudysensorimotorevolution for morethan a few
dozengenerations.Neuroethologistscan derive phylogeniesand probable
selectivepressuresby comparingsensorimotoradaptationsacrossspecies,
butcannottestevolutionaryhypothesesverydirectly.Becauseof thesemeth-
odological problems,evolutionarycomputersimulationsare our only real
hopefor understandingthelong-termadaptationof sensorimotorsystemsto
habitatsandeconichesand the long-termcoevolutionof sensorimotorsys-
temsinteractingwithin andbetweenspecies.

This gapin our scienti®cunderstandingof sensorimotorevolutionis im-
portant because(1) sensorimotorcontrol is the essenceof ``adaptive
agency,'' and the evolution of sensorimotorcontrol is fundamentalto the
successof all animal species,and (2) sensorimotorsystems,onceevolved,
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can in turn exert strongselectionpressureson other organisms,resulting
in theevolutionof camou¯age,warningcoloration,mimicry, lures,protean
behavior,sexualdisplays,communication,andmanyotherformsof adaptive
display.This secondphenomenonhasreceivedincreasingattentionin the
lastfew yearsandhasbeentermed̀ `psychologicalselection'' (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 suchcasesof ``sensoryexploitation,'' wherebehavioral
adaptationsin oneanimalevolveto exploit particularsensorybiasesin other
animals,we clearly cannotunderstandthe co-evolutionwithout simulating
the relevantsensorimotorsystemsin somedetail.

Geneticalgorithmsoffer a general,openendedmethodfor simulatingthe
evolutionaryoriginsandeffectsof sensorimotorsystems,becausesuchsys-
temscanbe modeledat almostany sizeandany level of description,from
detailedneuralnetworkdesigns(aswehaveusedin ourevolutionaryrobotics
work), up to abstractparametersof behavioralstrategies,andbecausesuch
systemscanbe left to evolvein anysimulatablehabitator ecosystem.Since
differentscienti®cproblemsrequiresimulationsat quitedifferentscalesand
levelsof description,wemustbeexplicit aboutour researchgoalsandcareful
about®ndingthe right simulationmethodsfor thosegoals.For example,
studyingthephylogenyof visualcircuitsin aparticulargenusof beetlemight
requireevolving quite detailedneuralnetworksunderparticularecological
conditions,but thestudyingthegeneralin¯uenceof visualassociativelearn-
ing ontheevolutionof warningcolorationmight requiremuchmoregeneral
modelsof vision in predatorsandcolorationin prey.In general,engineering
researchneedsmoredetailed,lower-levelsimulationsof sensorimotorsys-
temsthanalmostanyscienti®cresearchwouldrequire,becausesensorimotor
systemsfor autonomousrobotsmustactually work, whereassensorimotor
modelsof animalsneedonly ®t the neuroethologicaldata.

Evenif one'sscienti®cgoalis to understandneuraldevelopment,learning,
perception,or the mechanismsof dynamicbehavior,ratherthan evolution
itself, thereis still considerablebene®tto parameterizingone'smodelof the
phenomenonin a way thatallowsalternativemodelsto evolvethroughGA
methods.Simulatedevolutioncanbeusedto testtheplausibility,robustness,
andevolutionarystability of modelsof developmentand behaviorjust as
real evolution testedthe actualmechanismsof developmentandbehavior
thatarebeingmodeled.Humanimaginationis poor at envisioningalterna-
tives to one's cherishedmodelof somebehavioralphenomenon;simulated
evolutioncanactasaconstructivecritic thatgeneratesalternativehypotheses
which canthen betestedby observationandexperimentation.

In thefuture,weenvisionamoreintegratedscienceof sensorimotorevolu-
tion thatcombinesdataandmethodsfrom cladistics,experimentalpsychol-
ogy, neuroethology,behavioralecology,populationgenetics,andcomputer
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simulation.Evolutionarysimulationis unusuallyexciting,colorful, andfast
as an empirical researchmethod,but ideally, it will be absorbedinto the
scienti®cmainstreamas just onemeansamongmany for studyingnatural
evolutionaryprocesses.

11. CONCLUSIONS

Using arti®cialevolution as a new approachto AI has beendiscussed.
More speci®callyit has beenadvocatedfor the developmentof network-
basedcontrollersfor autonomousrobots,autonomousroboticsbeingseenas
the mostappropriatevehicle for AI research.It hasbeenarguedthat it has
at leastthe following advantages.

· It allows the explorationof areasof designspacethat are not amenable
to traditionalrationalanalytichand-designmethods.

· It allows the concurrentexplorationof control architecturesand sensor
morphologiesin a principledway.

· It enablesus to work with very low-level primitives andhelpsto throw
awayasmanypreconceptionsaspossibleabouthow behaviorsshouldbe
generated.

Somediscussionof the roleof arti®cialevolutionin moreabstractstudies
of potentialbene®tto theoreticalbiology hasalsobeengiven.

REFERENCES

Ashby, W. R. 1952.Designfor a brain. London:Chapman& Hall.
Barhen,J.,Dress,W. B., & Jorgensen,C. C. 1987.Applicationsof concurrentneuromorphic

algorithmsfor autonomousrobots.In R. Eckmiller and C.v.d.Malsburg(Eds.),Neural
computers.New York/Berlin: Springer±Verlag.Pp.321±333.

Beer,R. 1990.Intelligenceas adaptivebehaviour:An experimentin computationalneuro-
ethology.New York: AcademicPress.

Beer,R., & Gallagher,J. C. 1992.Evolving dynamicneuralnetworksfor adaptivebehavior.
AdaptiveBehavior,1(1), 91±122.

Belew, R., & Booker,L. 1991.Proceedingsof the 4th InternationalConferenceon Genetic
Algorithms.MorganKaufmann.

Boden,M. 1977.AI and natural man.Brighton: HarvesterPress.
Brooks,R. A. 1986.A robustlayeredcontrolsystemfor a mobilerobot.IEEEJ. Rob.Autom.,

2, 14±23.
Brooks,R. A. 1991.Intelligencewithout representation.Arti®cial Intelligence,47,139±159.
Brooks, R. A. 1992. Arti®cial life and real robots. In F. J. Varela & P. Bourgine (Eds.),

Proceedingsof the First EuropeanConferenceon Arti®cial Life. Cambridge,MA: MIT
Press/BradfordBooks.Pp.3±10.

Cliff, D., Harvey, I., & Husbands,P. 1993.Explorationsin evolutionaryrobotics.Adaptive
Behavior,2(1), 73±110.

Colombetti,M., & Dorigo, M. 1992.Learningto controlan autonomousrobotby distributed
geneticalgorithms.In J.-A.Meyer,H. Roitblat,S.Wilson (Eds.),from animalsto animats
2, Proc.of 2ndIntl. Conf.on Simulationof AdaptiveBehavior,SAB'92.Cambridge,MA:
MIT Press/BradfordBooks.Pp.305±312.

Davis,L. 1990.Thehandbookof geneticalgorithms.Princeton,NJ:Van Nostrand±Reinhold.
de Garis,H. 1992.The geneticprogrammingof steerablebehaviorsin genNets.Toward a



ARTIFICIAL EVOLUTION 157

practiceof autonomoussystems.In F. J. Varela & P. Bourgine(Eds.),Proceedingsof
the First EuropeanConferenceon Arti®cial Life. Cambridge,MA: MIT Press/Bradford
Books.Pp.272±281.

Endler,J. A. 1992.Signals,signalconditions,andthedirectionof evolution.AmericanNatu-
ralist, 139,125±153.

Ewert,J.-P.1980.Neuroethology.New York/Berlin: Springer-Verlag.
Floreano,D., & F. Mondada.1994. Automatic creationof an autonomousagent:Genetic

evolutionof a neural-networkdriven robot. In D. Cliff, P. Husbands,J.-A. Meyer, & S.
Wilson (Eds.), From animals to animats3, Proc. of 3rd Intl. Conf. on Simulationof
AdaptiveBehavior,SAB'94.Cambridge,MA: MIT Press/BradfordBooks.

Goldberg,D. E.1989.GeneticAlgorithmsin search,optimizationandmachinelearning,Read-
ing, MA: Addison±Wesley.

Gruau,F. 1992.Cellular encodingof geneticneuralnetworks.TR.92-21,Laboratoirede l'In-
formatiquedu Parallelisme,EcoleNormaleSuperieurede Lyon.

Grefenstette,J.1985.Proceedingsof an InternationalConferenceon GAs.Hillsdale,NJ:Erl-
baum.

Grefenstette,J.1987.Proceedingsof the2ndInternationalConferenceon GAs.Hillsdale,NJ:
Erlbaum.

Guilford,T., & Dawkins,M. S.1991.Receiverpsychologyandtheevolutionof animalsignals.
Animal Behavior,42, 1±14.

Harp,S.A., & Samad,T. 1992.Geneticsynthesisof neuralnetworkarchitecture.In L. Davis
(Ed.),Handbookof geneticalgorithms.Princeton,NJ:Van Nostrand±Reinhold.Pp.202±
221.

Harvey,I. 1992a.The SAGA cross:The mechanicsof crossoverfor variable-lengthgenetic
algorithms.In R. Manner& B. Manderick (Eds.), Proc. PPSN2. Amsterdam:North
Holland. Pp.269±278.

Harvey,I. 1992b.Speciesadaptationgeneticalgorithms:The basisfor a continuingSAGA.
In F.J. Varela& P. Bourgine(Eds.),Proceedingsof the First EuropeanConferenceon
Arti®cial Life. Cambridge,MA: MIT Press/BradfordBooks.Pp.346±354.

Harvey,I. 1994.EvolutionaryroboticsandSAGA: The casefor hill crawlingandtournament
selection.In C. Langton(Ed.),Arti®cial life III. RedwoodCity, CA: Addison±Wesley.
Pp.299±326.SantaFeInstituteStudiesin theSciencesof Complexity.ProceedingsVol.
XVI.

Harvey,I., Husbands,P., & Cliff, D. 1994.Seeingthe light: Arti®cial evolution,real vision.
In D. Cliff, P. Husbands,J.-A. Meyer,& S. Wilson (Eds.),From animalsto animats3,
Proc. of 3rd Intl. Conf. on Simulationof AdaptiveBehavior,SAB'94.Cambridge;MA:
MIT Press/BradfordBooks.Pp.392±401.

Holland,J. 1975.Adaptationin natural andarti®cial systems.Ann Arbor, MI: University of
Michigan Press.

Hop®eld,J. 1982.Neuralnetworksandphysicalsystemswith emergentcollectivecomputa-
tional abilities.Proceedingsof theNational Academyof Sciences,79, 2554±2558.

Husbands,P.1996.Rectangles,robots,trianglesandtransients.In M. Sugisaka(Ed.).Proceed-
ings of InternationalSymposiumon Arti®cial Life and Robotics,Oita, Japan.Pp.252±
255.

Husbands,P., & Harvey, I. 1992.Evolution versusdesign:Controlling autonomousrobots,
integratingperception,planningand action.Proceedingsof 3rd Annual Conferenceon
Arti®cial Intelligence, Simulation and Planning. New York: IEEE Press.Pp. 139±
146.

Husbands,P.,Harvey,I., Cliff, D., & Miller, G. 1994.The useof geneticalgorithmsfor the
developmentof sensorimotorcontrol systems.In P. Gaussier,& J.-D. Nicoud (Eds.),
Proceedingsof from Perceptionto Action Conference.Washington,DC: IEEE Comput.
Soc.Pp.110±121.

Husbands,P., Harvey, I., & Cliff, D. 1995.Circle in the round: Statespaceattractorsfor
evolvedsightedrobots.Roboticsand AutonomousSystems,15, 83±106.



158 HUSBANDS ET AL.

Jakobi,N., Husbands,P.,& Harvey,I. 1995.Noiseandthe realitygap:The useof simulation
in evolutionaryrobotics. In F. Moran, A. Moreno, J. J. Merelo, & P. Chacon(Eds.).
Advancesin Arti®cial Life: Proc. 3rd EuropeanConferenceon Arti®cial Life. Berlin:
Springer±Verlag. LectureNotesin Arti®cial Intelligence.Vol. 929. Pp.704±720.

Kitano, H. 1990.Designingneuralnetworksusinggeneticalgorithmswith graphgeneration
system.ComplexSystems,4, 461±476.

Koza,J. 1992.Geneticprogramming:Ontheprogrammingof computersby meansof natural
selection.Cambridge,MA: MIT Press.

Miller, G. F. 1993.Evolutionof thehumanbrain throughrunawaysexualselection:Themind
asa proteancourtshipdevice.Ph.D.thesis,StanfordUniversityPsychologyDepartment.

Miller, G. F., & Cliff, D. 1994.Proteanbehaviorin dynamicgames:Argumentsfor the co-
evolutionof pursuit-evasiontacticsin simulatedrobots.Fromanimalsto animats3, Pro-
ceedingsof theThird InternationalConferenceonSimulationof AdaptiveBehavior.Cam-
bridge,MA: MIT Press.

Miller, G. F., & Freyd,J. J. 1993.Dynamicmentalrepresentationsof animatemotion: The
interplay amongevolutionary,cognitive,and behavioraldynamics.Cognitive Science
ResearchPaperCSRP-290;University of Sussex.

Mitchell, M. 1996.An introductionto geneticalgorithms.Cambridge,MA: MIT Press/Brad-
ford Books.

Moravec,H. 1983.The stanfordcartandtheCMU rover.Proceedingsof the IEEE,71,872±
884.

Parisi,D., Nol®,S.,& Cecconi,F. 1992.Learning,behavior,andevolution.Towarda practice
of autonomoussystems.In F. J. Varela& P. Bourgine(Eds.),Proceedingsof the First
EuropeanConferenceon Arti®cial Life. Cambridge,MA: MIT Press/BradfordBooks.
Pp.207±216.

Reynolds,C. 1993.An evolved,vision-basedmodelof obstacleavoidancebehavior.Arti®cial
life III. C. Langton(Ed.),SantaFeInstituteStudiesin theSciencesof Complexity,Pro-
ceedingsVol. XVI. Reading,MA: Addison±Wesley.

Reynolds,C. 1994.Evolution of corridor following behaviorin a noisyworld. In D. Cliff, P.
Husbands,J.-A. Meyer, & S. Wilson (Eds.),From animalsto animats3, Proc. of 3rd
Intl. Conf. on Simulationof AdaptiveBehavior,SAB'94.Cambridge,MA: MIT Press/
Bradford Books.

Ryan,M. J.1990.Sexualselection,sensorysystems,andsensoryexploitation.OxfordSurveys
of Evol. Biology,7, 156±195.

Schaffer,J. 1989.Proceedingsof the 3rd InternationalConferenceon GAs.Los Altos, CA:
Kaufmann.

Sloman,A. 1993.The mind asa control system.Inc. Cambridge:Hookway & D. Peterson
(Eds.),Philosophyand the cognitivesciences.CUP.

Smithers,T. 1994. On why better robots make it harder. In D. Cliff, P. Husbands,J.-A.
Meyer,& S. Wilson(Eds.),Fromanimalsto animats3,Proc.of 3rd Intl. Conf.onSimula-
tion of AdaptiveBehavior,SAB'94.Cambridge,MA: MIT Press/Bradford Books. Pp.
54±72.

Thompson,A. 1995.Evolving electronicrobotcontrollersthatexploit hardwareresources.In
F. Moran,A. Moreno,J.J.Merelo,& P. Chacon(Eds.),Advancesin Arti®cialLife: Proc.
3rd EuropeanConferenceon Arti®cial Life. Berlin: Springer±Verlag. LectureNotesin
Arti®cial Intelligence.Vol. 929. Pp.640±656.

Varela, F., Thompson,E., & Rosch,E. 1991. The embodiedmind. Cambridge,MA: MIT
Press.

Viola, P. 1988.Mobile robot evolution.BachelorsThesis,MIT.
Wilson,S.1987.Thegeneticalgorithmandbiologicaldevelopment.In J.J.Grefenstette(Ed.),

Geneticalgorithmsandtheir applications:Proceedingsof theSecondIntl. Conf.on Ge-
netic Algorithms.Hillsdale, NJ: Erlbaum.Pp.247±251.

Wilson, S. 1991.The animatpathto AI. In J.-A. Meyer & S. Wilson (Eds.),From Animals
to Animats.Cambridge,MA: MIT Press.



ARTIFICIAL EVOLUTION 159

Yamauchi,B., & Beer,R. 1994.Integratingreactive,sequential,andlearningbehaviorusing
dynamicalneuralnetworks.In D. Cliff, P. Husbands,J.-A. Meyer & S. Wilson (Eds.),
From animalsto animats3, Proc.of 3rd Intl. Conf.on Simulationof AdaptiveBehavior,
SAB'94.Cambridge,MA: MIT Press/BradfordBooks.Pp.382±391.

Young,D. 1989.Nervecells and animal behaviour.Cambridge:CUP.
Zahavi,A. 1991.On the de®nitionof sexualselection,Fisher'smodel,and theevolution of

wasteand of signalsin general.Animal Behaviour,42(3), 501±503.


