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Abstract

Behavior-basedroboticshasalwaysbeeninspiredby earliercyberneticswork
suchasthatof Grey Walter. It emphasisesthatintelligencecanbeachievedwithout
the kinds of representationscommonin symbolicAI systems.The paperargues
thatsuchrepresentationsmight indeednotbeneededfor many aspectsof sensori-
motorintelligencebut becomea crucialissuewhenbootstrappingto higherlevels
of cognition.It proposesascenarioin theform of evolutionarylanguagegamesby
whichembodiedagentsdevelopsituatedgroundedrepresentationsadaptedto their
needsandtheconventionsemerging in thepopulation.
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1 Intr oduction

In thenineteensixties,Arti�cial Intelligenceadopteda knowledge-basedor symbolic
approachto thesynthesisof intelligence,by operationalisingmodelsfrom logic, gen-
erative linguistics,andcognitivepsychology. This paradigmstill dominatesto a large
extent mostof A.I. researchandpractice[RussellandNorvig, 1995]. It hasled to a
streamof very interestinginsightsandpowerful arti�cial systems,particularlyin the
domainof knowledgeengineeringandmorerecently`semantic'webapplications.

But in thenineteenninetiesanalternative paradigm,known asthebehavior-based
approachemerged, trying to put the studyof arti�cial intelligenceon biological, in-
steadof logical or psychological,grounds[Steels,1994]. As a point of departure,this
paradigmmadecontactagainwith thework of earliercyberneticians,like Grey Wal-
ter. Many biologicalconcepts,suchasembodiment,adaptation,emergence,ecology,
evolution, andself-organisation,proved to be highly relevant for autonomousrobots
operatingin real-timein a highly dynamicenvironment [Pfeifer andScheier, 2000].
However, pushingthe behavior-basedparadigmin the direction of higher cognition
hasbeenmoredif�cult.

Thispaper�rst sketchesourown initial experimentsin behavior-basedroboticsand
drawssomeof themajorlessonslearnedwith thisapproach.It thenraisesthequestion



how theparadigmcouldtouchon theissuesfor which theknowledge-basedparadigm
hasbeensuccessful,particularlyintelligenttasksthatseemto imply necesssarilysome
form of conceptualisationandrepresentation.For thesetasks,thebehavior-basedap-
proachhasnot yieldedvery convincing resultsso far. This raisestwo questions:(1)
How canembodiedcognitiveagentsconstructrepresentationsandsharethemwith oth-
ers?In thespirit of thebehavior-basedapproach,therepresentationscannotbeimposed
in atop-downmannerby designersbut needto evolvedynamically. (2) Whatis therole
of communicationandlanguagein bootstrappingrepresentationalcapacities?Perhaps
languageis thekey motor thatallows agentsto develop andshareconceptualisations
of theworld.

The paperthen presentsvery brie�y somerecentexperimentsaddressingthese
questions. They show how populationsof embodiedautonomousagentsgiven the
appropriateinteractive behaviors canindeedconstructsharedexternalrepresentations
to communicateabouttheir environmentandthusbootstraptheir cognitive capacities.
Throughoutthe paper, I emphasiseconceptualadvancesratherthan technicaldetail,
whichcanbefoundin thereferences.

2 The Behavior-basedApproachto Robotics

Work in behavior-basedapproachesroboticsusuallyshowsthreecharacteristics:There
is �rst a basiccontrol layer with embodieddirectcouplingsbetweensensorsandac-
tuators. Thenthereis a secondlayer in which motivationalvariablesare introduced
to control whenthesebehaviors shouldbecomeactive, thusleadingto a hierarchical
system.Finally thereis a stagein which thecollective dynamicsof a groupof robots
becomesexploited.

2.1 GreyWalter Revisited

Around 1990,David McFarland,the Oxford ethologist,andmyself starteda project
at theA.I. laboratoryin Brussels(VUB) to reconstructGrey Walter's ElmerandElsie
turtleexperiment[Walter, 1950]. We built therobotswith digital asopposedto analog
technologyand usedLego-technicswith addedsensorsand actuatorsto have great
�e xibility in designandconstruction(see�gure 2, 1), but thebasicobjectiveandalso
the generalbehavioral architectureof the robotswas the same. The robotsmoved
aroundrandomlyexploring theirenvironmentandusedphototaxisto guidethemselves
towardssourcesof light. They hada batteryanda way to monitorhow muchenergy
wasleft. Eachrobot hada charging rod on top. It could slide in a charging station
detectablethroughvisible light andthusrecharge itself.

In the spirit of Grey Walter andthe early cyberneticians,the robotshada reper-
toire of behaviors in the form of dynamicalsystemsthat establisheda direct cou-
pling betweensensingandacting. Here aresomeexamplesof thesebehaviors (see
[Steels,1994]):
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Figure1: A close-upfrontalview of arobotusedin ourreconstructionof theGrey Wal-
ter experiment. It shows the touchsensorsmountedon thebumpers,andthe infrared
andvisible light sensors.Therobotwasbuilt outof Lego-technicshada custom-made
digital `brain brick' ascomputationalengineanda charging rod on top to recharge
itself.

� ForwardMovement:Thiswasrealisedby afeedbackcontrolsystemwhichmain-
tainedacertainspeed(measuredby awheelcounter)by increasingor decreasing
thespeedon theleft or right mountedmotors.

� Touch-basedObstacleAvoidance:This wasimplementedby pulling down the
motor speedfrom the left or right motorsdependingon touch sensingusing
contactswitchesmountedon the left, front, or right sideof the robot. Forward
movementandtouch-basedobstacleavoidanceoperatingin parallelenableda
robotto wanderaroundrandomlyin thearena.(see�gure 3)

� Infra-redbasedObstacleAvoidance:This wasimplementedby modulatingthe
motorspeed,dependingonhow muchinfra-red,whichwasactively projectedby
thesensorat a certainfrequency, wasreceivedback.Theactive infraredsensors
weremountedon thefront, theleft andtheright sideof therobot.

� Visible light orientation:Thiswasimplementedby modulatingtheleft andright
motor speedin sucha way that the left and right photosensorreceived equal
amountsof visible light. Whentherewasmorelight on theleft, theright motor
wasincreasedandtheleft motorspeeddecreased.Whentherewasmoreon the
right, theleft motorwasincreasedandtheright motorspeeddecreased.

� Charging behavior: This meantsitting still, i.e. suppressingmovement,while
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Figure2: A view of theecosystemwith two of therobots.It containsachargingstation
with a light mountedon top (shown on theright in thepicture)andcompetitorsin the
form of blackboxeswith a light mountedin themthat took away energy �o wing into
thesystem(oneis shown behindtheroboton theleft).

rechargingbatteries.Thisbehavior systemwasactivatedwhenthecontactswitch
mountedon thecharging rod closed.In�o w of energy into thebatterywasmon-
itored andthe behavior madeinactive whenthe batterywasfull or whenthere
wasnomoreenergy left insidethecharging station'sbattery.

Therewasnocentralisedcoordinationof thesebehaviors,nor any kind of internal
centralworld model. All behaviors wereactive in parallelandeachinteractedwith a
dynamicallychangingenvironmentin real time. Thecoordinationtook placeimplic-
itly, throughthe environmentandthroughthe cumulative impacteachbehavior exer-
cisedontheactuators.For example,afterthetouch-basedobstacleavoidancebehavior
systemhadpulleddown thespeed,theforwardmovementbehavior systemwouldauto-
maticallybring it backup to thedefaultspeed.Phototaxistowardsthecharging station
requiredtwo behavior systems:forwardmovementandvisual light orientation.When
operatedin parallel, thesebehaviors bring the robot nearthe charging station. The
robotthenusuallyhits thesidesof thecharging station,becausethelight is toodiffuse
to dock with visible light alone. But obstacleavoidancethenpushesthe robot away
from thechargingstationagainandphototaxispulls it backtowardsthestation,sothat
eventually (usually after oneor two trials) the robot indeedendsup in the charging
station.
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Figure3: A typical exampleof wanderingbehavior in thearenaresultingfrom a par-
allel combinationof forward movementandobstacleavoidance. Behavior of robots
couldbemonitoredby anoverheadcameraandtrackingprograms.

2.2 Motivated Behaviors

OnceGrey Walter'sdesignswereoperational,weaddedanimportantadditionalingre-
dient,directly inspiredby McFarland's insightsfrom ethologicalresearchin animalbe-
havior [McFarlandandBosser, 1994]. Therobots' behaviors neededto bemotivated,
whichmeantthatwe neededto conceive of anecologyin which thesebehaviors were
necessaryandhencemeaningful. Why indeedwould a robot get out of the charging
stationif stayingguaranteedeternallife? Sowe introducedcompetitorsfor theenergy
in thecharging stationin the form of boxesin which a light wasmounted(�gure 2).
Thelight takesawaysomeof theenergy thatis �o wing into thetotal systemandthere-
fore if a robotremainsinsidethechargingstationthereis lessandlessenergy available
for it. However, if therobotpushesagainsta box, its light dimsandthusmoreenergy
�o ws into thecharging stationso that it becomesavailablefor thenext recharge. The
robothasadriveto surviveandits behaviorshave becomemeaningfulwith aparticular
ecosystem.

Eliminating the competitorsrequireda singlenew behavior: infrared phototaxis
(with infraredatanotherfrequency thanthatemittedby theactiveinfraredsensorsused
for obstacleavoidance).Figure4 showsanexampleof theinternalstatesof sensorsand
actuatorsastherobot is moving towardsa box andthenstartspushingagainstit. The
thick graphsaretracingtheleft andright motorspeeds.Therobotpicksupspeeduntil
the defaultspeedis reached.It moves forward into a straightline until the infrared
sensorsstartto senseinfrared.Thenazig-zagmovementstartsastherobotattemptsto
keepitself orientedtowardsthesourceof theinfraredlight. If therobotis nearthebox,
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Figure4: Snapshotof the infraredsensorsand the motor speedsas the robot is ap-
proachingaboxandstartspushingit. Thick graphsplot theleft andright motorspeeds.
Theotherthreegraphsplot theinfraredsensors.

it will hit it, at whichmomenttheobstacleavoidancebehaviors becomeactive andthe
robotretracts.But thetaxisbehavior systemis still activeandpulls therobotoncemore
againstthebox. This keepsgoingon until theinfraredlight of thebox diminishes,at
which time the attractiondiminishesandthe robot moveson in a randomdirection.
So the box pushingbehavior is emergent. It is not explicitly presentas a separate
subsystemin the behavioral repertoireof the robot. It is a sideeffect of a numberof
simplerbehaviors operatingtogetherin thisparticularenvironment[Steels,1991].

Handlingthecompetitorsalsointroducestheneedfor internalmotivationalstates
that regulatewhetherthe behaviors connectedwith looking for the charging station
shouldbecomeactive or whetherthe robot shouldseekout the competitorsanddim
its lights. Motivational statesare internal dynamicalvariables. For example, the
`charging-motivation' variableis a function of the energy left in the battery. Moti-
vationalstatesmodulatethe responseintensityof behavior systems.Thuswhenthe
charging-motivationbecomeshigher(astheenergy in thebatterygetslower),behaviors
relevantto phototaxistowardsvisible light becomemoreresponsive. Usingdynamical
behavioral controlasopposedto discreteactionselectionafterlogic styleplanningen-
abletherobot to remainopportunitistic. For example,if the robot is alreadyattracted
to thecharging stationbut passesa box on theway, it maystill pushagainstit.
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The dynamicalmotivationalarchitecturethat hasbeenpioneeredin this project
goesbeyondGrey Walter'sexperiments.It hasbecomea standardfeatureof moreso-
phisticatedbehavior-basedrobots. For example,in KISMET [Breazeal,1998], which
is an animatedheadthatattemptsto maintaina turn-takinginteractionwith a human,
thereis a layer of motivationalvariablesin function of the ongoinginteractionwith
a human. Similarly Sony's AIBO [Fujita andKitano,1998], which is a dog-like pet
robotfeaturingabouta thousandbehaviorseachvery tightly coupledto theworld, fea-
turesa largenumberof motivationalvariablesre�ecting thephysicalstateof therobot
andtheneedto tracktheemotionalstatesof peopleinteractingwith it.

2.3 CollectiveDynamics

Weusedtheecosystemasa platformfor learning,boththelearningof basicbehaviors
(usingselectionist[Steels,1950] or re-enforcementtechniques[Birk, 1998]) andthe
learningof correctparametersfor eachof the behaviors. I will brie�y reporton one
suchlearningexperiment,becauseof its surprisingresultsandalsobecauseit intro-
ducesanimportantadditionalingredientwith respectto Grey Walter'soriginaldesigns,
namelycollectivedynamicsandself-organisation.

In theexperiment,the robotsgo throughcycles,doingwork (i.e. pushingagainst
theboxes)andrecharging themselves.But theparameterisationof thesecycleshasto
belearned.Althoughit is possibleto developmathematicalmodelsof optimalbehavior
basedon thenotionof costandutility [McFarlandandBosser, 1994], it is impossible
in practiceto calculatethe parametersin advancebecausetherecharging behavior of
the batteries(on the robot andin the charging station)aswell as the exact behavior
of a robot (how long it would takefor exampleto reachthe charging stationfrom a
particularposition)areall unknown in advanceandunpredictable.

Learninghasbeenimplementedthroughsimpleparameteradaptation:Whenthe
robot's batteryis full andthereis still energy left in the charging station,the `work'
parameter, which in�uenceshow eagerlya robot engagesin taxis towardsthe boxes,
is diminishedslightly so that lesswork is donein the next cycle. Whennot enough
energy is left in the batterieswhile recharging, this is a sign that morework needed
to be doneandthat the work parameterthereforehasto be increased.Basedon this
simpleadaptive strategy, a robot graduallyoptimisesits cyclic behavior in tunewith
theenvironment.

Whenwe let two robotsroamin thesameenvironmentwith this kind of adaptive
behavior, someunexpectedratherdramaticemergentbehaviorscouldbeobserved.One
might expectthat the robotsevolve towardsa balancedworkload,in otherwordsthat
they shareequally the amountof work neededto have adequateenergy for survival.
Indeedthis is a possibleattractorof this dynamicalsystemandthe learningstrategy
�nds thisglobaloptimum.But sometimeswealsosaw asituationemergein whichone
robotwouldperformdoubleasmuchwork asanotherone.Apparentlythiswasalsoan
attractorof thesamedynamicalsystem.How couldsucha situationever arise?

Supposewehavetwo robotsA andB. A, dueto inevitablestochasticfactors,works
slightly less,which causeslessenergy to be availablefor B. B increasesits work pa-

7



rameterandthereforeworksslightly moreonhis next cycle. But thisprovidesslightly
moreenergy for A which hencedecidesto work even lesson his next cycle. So there
is a positivefeedbackloop: Thelessonerobotworks,themoretheotheroneis forced
to work. This progressively bringsthe robotstowardsa new stablesituationbut one
in which robot A performsmuchlesswork thanrobotB! A social inequalitysponta-
neouslyemergesbetweentherobots.Thereis obviously anupperlimit becauseother-
wiseB wouldno longersurviveandA woulddie aswell.

This experimentdramaticallyillustratesan insight which is very commonin re-
searchin complex dynamicalsystems,namelythat a setof local behaviors may give
rise to certainforms of organisationwhen they are appliedby many elementsin a
sharedenvironment[Langton,1995]. This principle of self-organisationhasyielded
a rich harvestof explanationsin many areasof biology, includingmorphogenesisand
collective animalbehavior [Camazineetal., 2001] andhassincebeenexploredwith
greatsophisticationby several researchersinterestedin collective robotics,seee.g.
[Melhuish,2001].

2.4 Insights and Limitations

What are the major insightscoming out of this researchas well as the limitations?
Theself-suf�ciency experimentsketchedabove is anexampleof the`behavior-based'
approachto AI introducedin 1989 [Steels,1989]. The approachhassincebecome
in widespreaduse[Arkin, 1998]. It setsout an `arti�cial life' routetowardsarti�cial
intelligence[SteelsandBrooks,1994] and in many aspectsrevivessomeof the key
intuitionsof earlycybernetics[Braitenberg, 1984]. Whatarethekey `dogmas'of this
behavior-basedapproach?

1. Embodimentanddynamics:Thebehavior-basedapproachstartsfrom thephys-
ical body operatingin a concreteenvironment. Sensingand actuatingis not
simplya matterof inputandoutputfor aprogramrunningwithout timeor space
constraints.Insteadthe primary objective is smoothbehavior in real-timeand
within theresourcesimposedby therobot.Programsareno longerdiscretedeci-
sionmakersbut dynamicalsystemsthatestablisha moreor lessdirectcoupling
betweencontinuoussensingandcontinuousactuating.

2. Situatednessand ecology: It is necessaryto setup the environmentin sucha
way that behaviors becomecontextualisedandaremotivated,so that they can
be learnedor chosenin view of actualneeds,like individual or groupsurvival.
This emphasison theconcreteandsituatednatureof behavior andknowledgeis
sharedby researchersin situatedcognition[Clancey, 1997].

3. Emergentbehavior:Puttingtogethersimplebehaviors in interactionwith a spe-
ci�c environmentmay give rise to unexpectedcomplexity. Sucha strategy is
differentfrom a hierarchicaltop-down designnormallypractisedin engineering
wherecomponentsre�ect a functionaldecomposition.Emergentbehavior tends
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to bemorerobustandadaptedto theenvironmentandbringsusa stepcloserto
explain how intelligencemayevolve.

4. Adaptationand evolution: Organisms(andautonomousrobots)mustcontinu-
ouslyadaptthemselvesto their environment,becausethis environmentis open-
endedandlikely to change,sometimesin dramaticways.Ratherthanassuming
a kind of maturesteadystatethat canbe implementedby handor obtainedby
an optimisationprocess,the behavior-basedapproachemphasisesnever ending
adaptation.Everycomponentof thesystemmustbedesignedsothatit canadapt
itself atany moment.Theoptimalbehavior is alwaystransient.Short-termadap-
tationleadsto long-termevolution.

5. Collectivedynamicsandself-organisation:In amulti-agentsystem,agentsform
acoupleddynamicalsystemin which individualsin�uencethewholeandin turn
get in�uenced by it. Self-organisationis a typical exampleof this. It involves
a positive feedbackloop which re-enforcesspontaneous�uctuations in agent
behavior sothatglobalcoherencearises[PrigogineandStengers,1984].

The behavior-basedapproachhaspaidoff in the sensethat many physicalrobots
have now beenbuilt basedon theseprinciples. They operatein real time in the real
world with hardwareandsoftwareof relatively low complexity [Arkin, 1998]. The
robotsKISMET [Breazeal,1998] andAIBO [Fujita andKitano,1998] mentionedear-
lier areparticularlynicerecentexamples.Theastonishinghumanoidrobotswhichare
currentlybecomingoperational,suchastheSony SDRhumanoids[Kuroki etal., 2001],
aresimilarly rootedin thebehavior-basedapproach.

3 Representations

The questionto be raisednext is: How can we go further? Behavior-basedrobots
exhibit smoothintegrationwith dynamicenvironmentsbut they fall far shortof human
intelligencein a very importantrespect,namelythe useof representations.Several
behavior-basedroboticists(mostnotablyRodney Brooks[Brooks,1991]) have argued
explicitly againstrepresentationsandit is thereforeno surprisethat no real progress
hasbeenmadeon this front. De-emphasisingrepresentationshasworked well for
embodiedsituatedbehavior, but fails to addressissuesrelatedto higherlevel cognition,
suchascommunicationin naturallanguageor episodicmemory.

Why hastherebeenthis aversionto representations?The �rst point of critique
(similar to thatraisedby philosopherslike Searle)is thatmany of theinternalrepresen-
tationsassumedin A.I. systemsarenotgroundedin reality, i.e. noprocessis proposed
thatrelatestheserepresentationsto theworld througha sensori-motorapparatus.Thus
theprocessingremainsin thesymbolicdomainandhumansmustsupplyandinterpret
the initial representations.Of course,it is in principle possibleto groundsymbolic
representations,asoneof the�rst AI robotsShakey [Nilson, 1984] hasdemonstrated,
but furtherexperimentswith machinevision andrealworld robotcontrolhave shown
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that this is very dif�cult to do it in a reliableway. Many proposedinternalrepresen-
tationsturn out to require(human-level) intelligenceor takeso muchtime that they
becomenon-computablein practice. The secondcritique is thata centralisedexecu-
tive operatingover a globalsymbolicworld modelis too slow andbrittle to allow the
�e xible, fast, reactive control neededfor physicallyembodiedagents.So it hasbeen
proposedthat control emerges from the dynamicinteractionof independentbehav-
ioral componentswhoseactivationis modulatedby eventsin theworld andby internal
motivationalstates.This strategy makesthe centralisedrich internal representations
assumedby symbolicA.I. super�uous[SteelsandBrooks,1994].

But doesall this meanthat thenotionof representationhasto be thrown out with
the proverbial bathwater?I don't think so. The �rst thing to note is that originally
the term representationdid not have the sameconnotationsastoday. Representation
meantexternal representation:physicalobjects,like images,sculptures,pretendplay,
languagesentences,etc. Representationsact as a stand-infor objectsin the world
[Gombrich,1963]. They imply a conceptualisationof the world, which is expressed
usingthepropertiesof themediumandthesetof emerging conventionsin thegroup.
It is only morerecentlyunderthein�uence of logic andearlyA.I. work thatrepresen-
tationshave becomeviewedassomethingpurelyinternal.

Researchby Piagetand othershasshown that different forms of representation
all ariseroughly aroundthe sametime and if one form of representation-makingis
impairedothersareaswell [Piaget,1970]. Moreover the ability to constructandin-
terpret(external) representationshasbeenshown to be crucial in thedevelopmentof
the child. If it doesnot happenit is an early indicatorof mentalretardation.These
�ndings suggestthat representation-makingmight be a crucial bootstrappingdevice
for higermentalfunction. At somepoint externalrepresentation-makingbecomesin-
ternalisedto form thebasisof thinking,in thesenseof innerdialogsor mentalimaging
[Steels,2003]. Sointernalrepresentationsdonotcomebeforeexternalrepresentations
but follow or co-evolvewith them.

Theremainderof this paperreportson experimentsfocusingon the�rst step.We
try to �nd out whetherbehavior-basedprinciplescan be applied to the emergence,
adaptation,evolution andself-organisationof externalrepresentations.

3.1 EmergentRepresentations

How canwe explain how new representationsmayemerge in a groupof agents?Let
meexploreananalogywith architecturalstructures(seealso[Keller, 1994]). Consider
agrasslawn in theform of asquarebetweentwo buildingsonauniversitycampus.The
buildingsareondiagonallyoppositesides.Thereis apatharoundthesquarebut people
who needto go from onebuilding to another, naturallytakethe shortestpath,which
cutsright throughthelawn. Eventhoughthegardenerhasplanteda nicesmoothgrass
lawn (andperhapsput up a little signsaying`Don't stepon thegrass'),a naturalpath
arisessooneror laterasthegrassstartsto fadeaway in theplaceswherepeoplestepon
it. Thegardenercantry to �ght this, but is probablybetteroff creatinga realpathby
clearlymarkingthenaturallyemergingpathwith somesortof materialstructureandby
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usinggravel onthepathsothatthegrasswill notgrow. Now everybody, evensomeone
who hasnever beenon campus,will recogniseinstantlythat this is the logical pathto
take.

The�rst characteristicof thepath,which it shareswith representationsin general,
is that it is a materialstructure. (External)representationsarenever purely abstract
mathematicalentities. Second,theprimary purposeof the pathis to organisehuman
activity concernedwith thesolutionof aparticularproblem.In thiscase,peopleneedto
gofrom onebuilding to theotherandthepathhelpsthemto doso.Sothepathregulates
behavior to achieve a particulargoal. That is whatmakesit meaningful.Thesameis
true for representations.Representationsare primarily viewed here as organisersof
activity ratherthanabstractmodelsof someaspectof reality.

How couldsucha pathemerge? Initially we canimaginea phasein which a set
of naturallyoccurringprocesses(peoplecrossingthe lawn) generatesasa sideeffect
a physicalstructurein theenvironment(an areawherethereis lessgrass).Oncethis
hasstarted,a positivefeedbackloopsetsin: Themorethephysicalstructureorganises
theactivity, the lessgrassremainson thepathandthebetterit thereforeplaysits role
asorganiserof this activity. Sooneverybodycrossesthe lawn using this path. The
interventionof thegardenerfurtherenforcesthis role.

Thepathhasacollectivedimension.Many peopleareinvolved,bothin establishing
thepathandin usingit afterwards.Sothepathhasbecomeavehicleof communication.
Its physicalappearancesignalsthatthis is theway to crossthelawn. Peopleusingthe
pathandthusestablishingor re-establishingit indirectly tell otherpeoplethat this is
thenormalwayto crossthelawn. If thegardenerdelineatesthepath,hecommunicates
evenmoreexplicitly thatit is OK to crossthelawn usingthepath.

Besidesorganisingactivity andenablingcommunication,the path illustratesan-
otherimportantrole of representations.It actsasa recordof the activities of people
andthusasa memoryfor how peopletend to crossthe lawn. The pathitself is not
thememory, it is thecategorisationandinterpretationof the paththatmakesit func-
tion asmemory. I do not regardmemoryasa kind of storehousein which objectsare
put for futureretrieval, but asanactiveprocess,categorisingandre-categorisingstruc-
turesor eventsasbeingmeaningfulwith respectto certaingoals[Rosen�eld,1988],
[Clancey, 1997].

Our urbanenvironmentshave plentyof structureslike thepathandarchitectsand
urbanistsarevery muchawareof this. They analysethedesiredor naturallyoccuring
social andphysicalactivities of inhabitantsand try to invent structuresthat support
this activity [Alexanderet al., 1977]. This is not alwaysdonecorrectly, unfortunately.
We have all beenfound strugglingwith doorknobswhich hadsomeestheticabstract
quality but werecognitively impenetrable.We all know buildingsor urbanstructures
thathave beenre-appropriatedby inhabitantsto satisfyquite differentpurposesfrom
thoseintendedby thedesigners.

But to what extent areotherexternal representations,like languageutterancesor
graphicalsigns,representations?Supposethereis a roadonwhichyou canturn left or
right. The traf�c policewantyou to go to the left only. Oneway they couldachieve
this is to introducean obstacleso that you cannotgo right. This obstacleactsasa
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representationsimilarto thepathonthelawn. Anotherwayhoweveris to hanganotice
above thestreetwhichsayssomethinglike `left turnonly'. Thephrasè left turn only'
hasthesamepowersastheroadblock. Therecouldalsobetraf�c signs,oneshowing
a blue left arrow andanotheronea red right arrow crossedout. Again they have the
sameeffect as blocking the road. Thereis of coursean importantdifference. The
words'left turnonly' or thesignswith arrows organiseactivity becausetheir meaning
is conventionallyknown andaccepted.This makesit mucheasierto establishsuch
representationsandeasierto changetheir meaning.

Note that the cognitive behavior of humanbeingshasitself a causalimpact on
whetherthe organisationalrole of the pathis achieved or not. Graduallythe pathis
categorisedasthebestway to crossthelawn andthis enforcesthepath. We canlook
at rivers,how they form, why someof themmeander, etc. But this cognitive activity
hasno impactwhatsoever on theriver itself. Thecausalforcecuttingout theriver bed
is purely physical. This makestheriver no longera representation.The intervention
of a cognitive agentis essentialfor a materialstructureto becomea representation.
Thestructuremusttriggercategorisationandthenactionselectionwhich dependson
theoutcomeof this categorisation. That is why thepathon the grasslawn is similar
to wordsin a language.Its meaningis cognitively established.Of coursethereis a
naturalrelationbetweenthe meaningandthe materialstructureof the path. That is
why this path is a `naturalrepresentation'.In the caseof languagethe meaningis
establishedby convention,althoughit is not necessarilyentirely arbitrary. Analogy
mayplayanimportantrole in expressingnew ideaswith existing words.Drawingsand
threedimensionalmodelsaresomewherein between.They visually re�ect thematerial
form of whatis representedbut donothave thesamecausalforce.Analogyis now the
mainway in which themeaningof therepresentationbecomesclearto anobserver.

3.2 NewExperiments

The ideassketchedin the previous subsectionhave informeda seriesof experiments
[Steels,2001] whichall have thesamestructure:

1. We setup a populationof agentsby introducingseveral robotsin the sameen-
vironmentand by `teleporting' softwarestatesinto theserobot bodiesso that
we canhave very large(sometimesthousandsof) agents.This way we canex-
perimentwith populations(which is absolutelynecessaryto explore collective
dynamics)without giving up the situatednessandembodiment.We have used
many differenttypesof robot platforms,including the Lego robotsusedin the
self-suf�ciency experimentdiscussedearlier [SteelsandVogt,1997], movable
camerasin the`Talking Heads'experiment[Steelset al., 2002] 5, andtheSony
AIBO robot[SteelsandKaplan,2002].

2. Theagentsengagein interactionswith eachotherthusestablishinga collective
dynamics.For example,oneagentdraws theattentionto anobjectin theenvi-
ronment.This canbe achieved without verbalcommunication,for exampleby
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Figure5: TheTalkingHeadsexperimentwasa large-scaleexperimentin whicha pop-
ulationwith thousandsof agentsusedmovablecamerasto captureimagesof theenvi-
ronmentandplay languagegamesaboutthem

gesturing,or with a representation,namelyby exchanginga soundor a struc-
turedsequenceof sounds.Whentheinteractioninvolvesverbalelementswecall
it a languagegame.Agentstaketurnsbeingspeakerandhearer.

3. In thebeginning of theexperiment,the agentsdo not have any sharedexternal
representationsystem(i.e. a lexicon) nor waysof categorising andconceptu-
alising reality assemanticbasisfor constructingexternalrepresentations.If an
interactionfails, they expandtheir categorial repertoire,developnew conceptu-
alisations,or invent a new word or grammaticalconstruction.The`speaker'is
the onethat chooseswhat to sayandmay invent new representationalconven-
tionswhile doingso. He will however try to maximisecommunicative success
by keepinga scoreof thesuccessof eachconstructionin thepastandchoosing
constructionswith the highestsuccess.The `hearer'eitheralreadysharesthe
sameconvention andthe interactionsucceeds,or the hearerattemptsto detect
theconventionsandconceptualisationsusedby thespeaker. So,aspartof each
interactiontheagentsadapttheir internalstructuresto becomebettercommuni-
catorsin thefuture.

Thefollowing phenomenacouldbeobserved in theseexperiments(seereferences
for technicaldetails).

1. The populationof agentshave beenshown to establisha communicationsys-
tembasedon the exchangeof symbolicrepresentations(wordsor syntactically
structuredsequencesof words). Communicative successcanbe measuredand
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typically risesrapidly (dependingon thesizeof thepopulationandthenumber
of meaningsto beexpressed)[Steelsetal., 2002].

2. Themainmechanismby whichconventionsbecomesharedis self-organisation,
appliedin a way that is similar to the �ocking and path formation shown on
autonomousrobots[Mataric,2003]. Therearerandom�uctuations in thesense
thatdifferentagentsconstructandchoosewaysof expressingsomethingpartly
basedonrandomchoicesor choicesin�uencedby theirindividualdevelopmental
history. But thereis a positivefeedbackloop betweenuseandsuccess.Conven-
tionswhichareusedmorehavemoresuccessandwill thereforebechosenmore.
Consequentlyawinner-takeall effectis seenwhereoneconventionprogressively
dominates(see�gure 6).

3. Agentsfeaturemechanisms(suchasradial basisfunction networksor the ran-
domexpansionof discriminationtrees)which expandor adapttheir categorisa-
tionsandconceptualisations.Thesemechanismsoperateon anindividual basis
andthereis no guaranteethatagentswho do not interactwith eachotherarrive
at thesamerepertoireof categories. Typically they do not. Whatwe have seen
however is that theserepertoiresneverthelesscanbecomesharedthroughcom-
munication,namelydueto a structuralcouplingbetweenconceptalisationand
verbalexpression.

4. Finally we observe evolution, not at a geneticbut at a cultural level. For exam-
ple, a word maybecomeassociatedwith a new meaning,a word thathadmul-
tiple meaningsmaybecomedisentangledsoasto have onemeaning,a meaning
maybecomeexpressedwith anotherword, etc. All this is dueto the inevitable
stochasticityof situatedembodiedlanguagegamesandthe in�ux of new mem-
bersin thepopulation[SteelsandKaplan,1998].

Theseexperimentsshow how autonomousagentscanconstructtheir own external
representations(particularly in the mediumof sound)andhow theserepresentations
maybecomeconventionalisedandthussharedin agroup,withoutprior designnorany
global control. On the other hand,this is only the �rst part of the story. What we
still needto show is how theseexternalrepresentationsmayledto thesigni�cant boot-
strappingeffect thatwe seein humandevelopment,whererepresentations(drawings,
language,pretendplay) area primarymotorof cognitive development.This canonly
beachievedby usingtherepresentationsemergingfrom communicationfor othertasks,
including`knowledge-based'tasks,suchasplanning,thinking, or memory. Theseare
taskswhich have sofar remained�rmly in theprovinceof symbolicA.I. but thepath
sketchedheresuggestsanew routeto approachthem.

4 Conclusions

Thebehavior-basedapproachto A.I., which hasits directrootsin a revival andrecon-
structionof theearlycyberneticswork sowell illustratedby Grey Walter, hasleadto a
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Figure6: A meaning-formdiagramwhichgraphsfor aspeci�c meaningall thepossible
formsandtheir frequency of use.A winner-take-allsituationis clearlyobserved. The
x-axisshows languagegamesandy-axisthefrequency of particularforms.

new practicefor building autonomousrobots. This new practiceemphasisesembodi-
mentanda tight couplingbetweenthebehavior of therobotandtheenvironment.The
behavior is realisedby a networkof dynamicalbehavior systems.It emphasisesadap-
tation,evolution, andself-organisationaswaysof generatingcomplex behavior from
simplecomponents.

Thispaperreportedononeof theearlyexperimentsin behavior-basedA.I. andthen
sketcheda line of researchwhich attemptsto go beyond physicalbehavior towards
cognitionvia anexplorationof adaptive(external)representations.It turnsout thatthe
samebiologically-inspiredmechanismswhich have informedbehavior-basedrobotics
arerelevantfor evolving adaptive representations.Much remainsto bedoneof course
andtherearemany openquestionsremaining,but resultsalreadyachievedshow a new
fruitful pathtowardsembodiedarti�cial intelligence.
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