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Abstract

Behavior-basedoboticshasalwaysbeeninspiredby earliercyberneticavork
suchasthatof Grey Walter. It emphasisethatintelligencecanbeachievedwithout
the kinds of representationsommonin symbolicAl systems.The paperargues
thatsuchrepresentationsmightindeednot be neededor mary aspectof sensori-
motorintelligencebut becomea crucialissuewhenbootstrappindgo higherlevels
of cognition. It proposes scenaridn theform of evolutionarylanguagegameshy
which embodiedagentsdevelopsituatedgroundedepresentationadaptedo their
needsandthe corventionsemeging in the population.
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1 Intr oduction

In the nineteersixties,Arti cial Intelligenceadopteda knowledge-basedr symbolic
approacho the synthesiof intelligence by operationalisingnodelsfrom logic, gen-
eratie linguistics,andcognitive psychology This paradigmstill dominatego a large
extent mostof A.l. researctand practice[RussellandNorvig, 1995. It hasledto a
streamof very interestinginsightsand powerful arti cial systemsparticularlyin the
domainof knowledgeengineeringandmorerecently’semantic'webapplications.

But in the nineteeminetiesanalternatie paradigm known asthe behaior-based
approachemeged, trying to put the study of arti cial intelligenceon biological, in-
steadof logical or psychologicalgroundqSteels,1994. As apointof departurethis
paradigmmadecontactagainwith the work of earliercyberneticianslike Grey Wal-
ter. Many biological conceptssuchasembodimentadaptationemegence,ecology
evolution, andself-oiganisation proved to be highly relevant for autonomousobots
operatingin real-timein a highly dynamicervironment[PfeiferandScheier2000.
However, pushingthe behaior-basedparadigmin the direction of higher cognition
hasbeenmoredif cult.

Thispaperrst sketchesurown initial experimentsn behaior-basedoboticsand
dravs someof the majorlessondearnedwith this approachlt thenraiseghe question



how the paradigmcouldtouchonthe issuedor which the knowledge-basegaradigm
hasbeensuccessfulparticularlyintelligenttasksthatseemto imply necesssarilgome
form of conceptualisatiomndrepresentationFor thesetasks,the behaior-basedap-
proachhasnot yieldedvery corvincing resultsso far. This raisestwo questions:(1)
How canembodiedcognitive agentsonstrucrepresentationendsharehemwith oth-
ers?In thespirit of thebehaior-basedpproachtherepresentationsannoteimposed
in atop-dovn mannetby designerdut needto evolve dynamically (2) Whatis therole
of communicatiorandlanguagen bootstrappingepresentationalapacitiesPerhaps
languagéds the key motor that allows agentsto develop and shareconceptualisations
of theworld.

The paperthen presentsvery brie y somerecentexperimentsaddressinghese
guestions. They shov how populationsof embodiedautonomousagentsgiven the
appropriaténteractive behaiors canindeedconstructsharedexternalrepresentations
to communicateabouttheir ervironmentandthusbootstraptheir cognitive capacities.
Throughoutthe paper | emphasiseonceptualhdwancesratherthantechnicaldetail,
which canbefoundin thereferences.

2 The Behavior-basedApproachto Robotics

Work in behaior-basedapproachesoboticsusuallyshavs threecharacteristicsThere
is rst a basiccontrol layer with embodieddirect couplingsbetweensensorsandac-
tuators. Thenthereis a secondayer in which motivationalvariablesare introduced
to controlwhenthesebehaiors shouldbecomeactie, thusleadingto a hierarchical
system.Finally thereis a stagein which the collective dynamicsof a groupof robots
becomesxploited.

2.1 GreyWalter Revisited

Around 1990, David McFarland,the Oxford ethologist,and myself starteda project
attheA.l. laboratoryin BrusselqVVUB) to reconstructGrey Walter's EImerandElsie
turtle experimentiWalter, 1950. We built therobotswith digital asopposedo analog
technologyand usedLego-technicswith addedsensorsand actuatorsto have great
exibility in designandconstructionsee gure 2, 1), but the basicobjective andalso
the generalbehaioral architectureof the robotswasthe same. The robots moved
aroundrandomlyexploring their ernvironmentandusedphototaxiso guidethemseles
towardssourcef light. They hada batteryanda way to monitor how muchenegy
wasleft. Eachrobot hada chaging rod on top. It could slidein a chaging station
detectablehroughvisible light andthusrechage itself.

In the spirit of Grey Walter andthe early cyberneticiansthe robotshada reper
toire of behaiors in the form of dynamicalsystemsthat establisheda direct cou-
pling betweensensingand acting. Here are someexamplesof thesebehaiors (see
[Steels1994):



Figurel: A close-upfrontalview of arobotusedn ourreconstructiorof the Grey Wal-
ter experiment. It shaws the touchsensorgnountedon the bumpers,andthe infrared
andvisible light sensorsTherobotwasbuilt out of Lego-technicshada custom-made
digital “brain brick' ascomputationalengineand a chaging rod on top to rechage
itself.

ForwardMovement:Thiswasrealisedby afeedbaclcontrolsystemwhich main-
tainedacertainspeedmeasuredby awheelcounter)y increasingr decreasing
thespeedntheleft or right mountedmotors.

Touch-base®bstacleAvoidance: This wasimplementedby pulling down the
motor speedfrom the left or right motors dependingon touch sensingusing
contactswitchesmountedon the left, front, or right side of the robot. Forward
movementandtouch-basewbstacleavoidanceoperatingin parallel enableda
robotto wanderaroundrandomlyin thearena.(see gure 3)

Infra-redbasedObstacleAvoidance: This wasimplementedy modulatingthe
motorspeeddependingnhow muchinfra-red,which wasactively projectedy
thesensolat a certainfrequeng, wasrecevedback. Theactive infraredsensors
weremountedon thefront, the left andtheright sideof therobot.

Visible light orientation:This wasimplementedy modulatingthe left andright
motor speedin sucha way that the left and right photosensoreceved equal
amountsof visible light. Whentherewasmorelight on theleft, the right motor
wasincreasedndthe left motor speeddecreasedWhentherewasmoreon the
right, the left motorwasincreasedndtheright motorspeeddecreased.

Chaging behaior: This meantsitting still, i.e. suppressingnovement,while



Figure2: A view of theecosystemvith two of therobots.It containsachaging station
with alight mountedon top (shovn on theright in the picture)andcompetitordan the
form of blackboxeswith alight mountedin themthattook avay enegy o wing into
the system(oneis shavn behindtheroboton theleft).

rechaging batteries Thisbehaior systemwasactivatedwhenthecontactswitch
mountedon the chaging rod closed.In o w of enepgy into the batterywasmon-
itored andthe behaior madeinactive whenthe batterywasfull or whenthere
wasno moreenegy left insidethe chaging stations battery

Therewasno centraliseccoordinationof thesebehaiors, nor ary kind of internal
centralworld model. All behaiors wereactive in parallelandeachinteractedwith a
dynamicallychangingenvironmentin realtime. The coordinationtook placeimplic-
itly, throughthe ervironmentandthroughthe cumulatize impacteachbehaior exer
cisedontheactuatorsFor example,afterthetouch-basedbstacleavoidancebehaior
systemhadpulleddown thespeedtheforwardmovementbehaior systemwouldauto-
maticallybringit backupto thedefaultspeed Phototaxigowardsthe chaging station
requiredtwo behaior systemsforward maovementandvisuallight orientation.When
operatedn parallel, thesebehaiors bring the robot nearthe chaging station. The
robotthenusuallyhits the sidesof the chaging station,because¢helight is too diffuse
to dock with visible light alone. But obstacleavoidancethen pusheghe robot avay
from the chaging stationagainandphototaxispullsit backtowardsthestation,sothat
eventually (usually after one or two trials) the robotindeedendsup in the chaging
station.



Figure3: A typical exampleof wanderingbehaior in the arenaresultingfrom a par
allel combinationof forward movementand obstacleavoidance. Behavior of robots
couldbe monitoredby anoverheadcameraandtrackingprograms.

2.2 Motivated Behaviors

OnceGrey Walter's designavereoperationalyve addedanimportantadditionalingre-
dient,directlyinspiredby McFarlandsinsightsfrom ethologicaresearclin animalbe-
havior [McFarlandandBosser1994. Therobots'behaiors neededo be motivated,
which meantthatwe neededo conceve of anecologyin which thesebehaiors were
necessarand hencemeaningful. Why indeedwould a robot get out of the chaging
stationif stayingguarantee@ternallife? Sowe introducedcompetitordor theenegy
in the chaging stationin the form of boxesin which a light wasmounted( gure 2).
Thelight takesaway someof the enegy thatis o wing into thetotal systemandthere-
foreif arobotremaingnsidethe chaging stationthereis lessandlessenegy available
for it. However, if therobotpushesagainstabox, its light dimsandthusmoreenegy
o wsinto the chaging stationsothatit becomeswvailablefor the next rechage. The
robothasadriveto surviveandits behaiors have becomemeaningfulwith a particular
ecosystem.

Eliminating the competitorsrequireda single new behaior: infrared phototaxis
(with infraredatanotherfrequeng thanthatemittedby theactive infraredsensorsised
for obstaclevoidance) Figure4 shovsanexampleof theinternalstatesof sensorgand
actuatorsaastherobotis moving towardsa box andthenstartspushingagainstit. The
thick graphsaretracingtheleft andright motor speedsTherobotpicksup speeduntil
the defaultspeedis reached. It movesforward into a straightline until the infrared
sensorstartto sensenfrared. Thenazig-zagmovementstartsastherobotattemptgo
keepitself orientedtowardsthe sourceof theinfraredlight. If therobotis nearthebox,



Figure 4: Snapshobdf the infrared sensorsand the motor speedsas the robotis ap-
proachingaboxandstartspushingt. Thick graphslot theleft andright motorspeeds.
Theotherthreegraphsplot theinfraredsensors.

it will hit it, atwhich momentthe obstacleavoidancebehaiors becomeactive andthe
robotretracts Butthetaxisbehaior systeris still active andpullstherobotoncemore
againstthe box. This keepsgoing on until theinfraredlight of the box diminishes at
which time the attractiondiminishesandthe robot moveson in a randomdirection.
So the box pushingbehaior is emegent. It is not explicitly presentasa separate
subsystenin the behaioral repertoireof the robot. It is a side effect of a numberof
simplerbehaiors operatingtogetheiin this particularervironment[Steels,1991].

Handlingthe competitorsalsointroduceshe needfor internalmotivationalstates
that regulate whetherthe behaiors connectedwith looking for the chaging station
shouldbecomeactive or whetherthe robot shouldseekout the competitorsand dim
its lights. Motivational statesare internal dynamicalvariables. For example, the
“chaging-motivatiori variableis a function of the enegy left in the battery Moti-
vational statesmodulatethe responséntensity of behaior systems. Thuswhenthe
chaging-motivationbecomesigher(astheenegy in thebatterygetslower),behaiors
relevantto phototaxigowardsvisible light becomemoreresponsie. Usingdynamical
behaioral controlasopposedo discreteactionselectionafterlogic styleplanningen-
abletherobotto remainopportunitistc. For example,if the robotis alreadyattracted
to thechaging stationbut passes box ontheway; it may still pushagainstt.



The dynamicalmotivational architecturethat hasbeenpioneeredin this project
goesbeyond Grey Walter's experiments.lt hasbecomea standardeatureof moreso-
phisticatecbehaior-basedobots. For example,in KISMET [Breazeal 1998, which
is an animatecheadthat attemptso maintaina turn-takinginteractionwith a human,
thereis a layer of motivationalvariablesin function of the ongoinginteractionwith
a human. Similarly Sory's AIBO [Fujita andKitano, 1999, which is a dog-like pet
robotfeaturingabouta thousandehaiors eachvery tightly coupledto theworld, fea-
turesa large numberof motivationalvariablesre ecting the physicalstateof therobot
andthe needto trackthe emotionalstatesof peopleinteractingwith it.

2.3 Collective Dynamics

We usedthe ecosystenasa platformfor learning,boththelearningof basicbehaiors
(using selectionisfSteels,195Q or re-enforcementechniquedBirk, 1998) andthe
learningof correctparametergor eachof the behaiors. | will briey reporton one
suchlearningexperiment,becauseof its surprisingresultsand alsobecauset intro-
ducesanimportantadditionalingredientwith respecto Grey Walter's original designs,
namelycollective dynamicsandself-oiganisation.

In the experiment,the robotsgo throughcycles, doingwork (i.e. pushingagainst
theboxes)andrechaging themseles. But the parameterisationf thesecycleshasto
belearned Althoughit is possibleo developmathematicaodelsof optimalbehaior
basedon the notion of costandutility [McFarlandandBosser1994, it is impossible
in practiceto calculatethe parameterén advancebecausehe rechaging behaior of
the batteries(on the robot andin the chaging station)aswell asthe exact behaior
of arobot (how long it would takefor exampleto reachthe chaging stationfrom a
particularposition)areall unknovn in advanceandunpredictable.

Learninghasbeenimplementedhroughsimple parameteiadaptation:Whenthe
robot's batteryis full andthereis still enegy left in the chaging station,the “work'’
parameterwhich in uences how eagerlya robotengagesn taxis towardsthe boxes,
is diminishedslightly so thatlesswork is donein the next cycle. Whennot enough
enepy is left in the batterieswhile rechaging, this is a sign that more work needed
to be doneandthat the work parametethereforehasto be increased.Basedon this
simple adaptve stratgy, a robotgraduallyoptimisesits cyclic behaior in tunewith
theervironment.

Whenwe let two robotsroamin the sameervironmentwith this kind of adaptie
behaior, someunexpectedatherdramaticemegentbehaiors couldbeobsered. One
might expectthatthe robotsevolve towardsa balancedvorkload,in otherwordsthat
they shareequallythe amountof work neededo have adequateenegy for survival.
Indeedthis is a possibleattractorof this dynamicalsystemandthe learningstratey
nds this globaloptimum.But sometimesve alsosav a situationemegein which one
robotwould performdoubleasmuchwork asanothemone. Apparentlythiswasalsoan
attractorof the samedynamicalsystem.How couldsucha situationever arise?

Supposeave have two robotsA andB. A, dueto inevitablestochastid¢actors,works
slightly less,which causedessenegy to be availablefor B. B increasests work pa-



rameterandthereforeworksslightly moreon his next cycle. But this providesslightly

moreenegy for A which hencedecidego work evenlesson his next cycle. Sothere
is a positive feedbacKoop: Thelessonerobotworks,the morethe otheroneis forced
to work. This progressiely bringsthe robotstowardsa new stablesituationbut one
in which robot A performsmuchlesswork thanrobotB! A socialinequalitysponta-
neouslyemegesbetweertherobots. Thereis obviously anupperlimit becaus®ther

wise B would nolongersurvive andA would die aswell.

This experimentdramaticallyillustratesan insight which is very commonin re-
searchin complex dynamicalsystemsnamelythat a setof local behaiors may give
rise to certainforms of organisationwhenthey are appliedby mary elementsin a
sharedenvironment[Langton,1995. This principle of self-oganisatiorhasyielded
arich hanestof explanationsn mary areasof biology, including morphogenesiand
collective animalbehaior [Camazineetal., 2001 and hassincebeenexplored with
greatsophisticationby several researcherinterestedin collective robotics, seee.g.
[Melhuish,2001.

2.4 Insights and Limitations

What are the major insightscoming out of this researchas well asthe limitations?
Theself-sufciency experimentsketchedibove is an exampleof the "behaior-based'
approachto Al introducedin 1989 [Steels,1989. The approachhassincebecome
in widespreaduse[Arkin, 1999. It setsoutan arti cial life' routetowardsarti cial
intelligence[SteelsandBrooks,1994 andin mary aspectgevivessomeof the key
intuitionsof early cyberneticgBraitenbeg, 1984. Whatarethekey "dogmas'of this
behaior-basedapproach?

1. Embodimenanddynamics:The behaior-basedapproactstartsfrom the phys-
ical body operatingin a concreteervironment. Sensingand actuatingis not
simply a matterof inputandoutputfor a programrunningwithouttime or space
constraints.Insteadthe primary objective is smoothbehaior in real-timeand
within theresourcedmposedy therobot. Programsarenolongerdiscretedeci-
sionmakershut dynamicalsystemghatestablisha moreor lessdirectcoupling
betweercontinuoussensingandcontinuousactuating.

2. Situatednessand ecology: It is necessaryo setup the ervironmentin sucha
way that behaiors becomecontetualisedand are motivated,so that they can
be learnedor chosenin view of actualneeds]ike individual or group survival.
This emphasi®n the concreteandsituatednatureof behaior andknowledgeis
sharedby researcheri situatedcognition[Clancey, 1997.

3. Emegentbehavior: Puttingtogethersimplebehaiorsin interactionwith a spe-
ci ¢ ervironmentmay give rise to unexpectedcompleity. Sucha stratey is
differentfrom a hierarchicatop-donn designnormally practisedn engineering
wherecomponentse ect afunctionaldecompositionEmegentbehaior tends



to be morerobustandadaptedo the ervironmentandbringsus a stepcloserto
explain how intelligencemayevolve.

4. Adaptationand evolution: Organisms(and autonomousgobots)mustcontinu-
ously adaptthemselesto their ervironment,becauséhis ervironmentis open-
endedandlikely to changesometimesn dramaticways. Ratherthanassuming
a kind of maturesteadystatethat canbe implementedoy handor obtainedby
an optimisationprocessthe behaior-basedapproachemphasisesever ending
adaptationEvery componenbf thesystemmustbedesignedothatit canadapt
itself atary moment.Theoptimalbehaior is alwaystransient.Short-termadap-
tationleadsto long-termevolution.

5. Collectivedynamicsandself-oganisation:In amulti-agentsystemagentform
acoupleddynamicalkystemn whichindividualsin uence thewholeandin turn
getin uenced by it. Self-omganisationis a typical exampleof this. It involves
a positive feedbackloop which re-enforcesspontaneousuctuations in agent
behaior sothatglobalcoherencarisegPrigogineandStengers1984.

The behaior-basedapproacthaspaid off in the sensethat mary physicalrobots
have now beenbuilt basedon theseprinciples. They operatein realtime in thereal
world with hardwareand softwareof relatively low compleity [Arkin, 1999. The
robotskKISMET [Breazeal 1999 andAIBO [Fujita andKitano, 1999 mentionedear
lier areparticularlynicerecentexamples.Theastonishindhumanoidrobotswhich are
currentlybecomingoperationalsuchastheSory SDRhumanoid$K uroki etal., 2001,
aresimilarly rootedin thebehaior-basecapproach.

3 Representations

The questionto be raisednext is: How canwe go further? Behaior-basedrobots
exhibit smoothintegrationwith dynamicervironmentsbut they fall far shortof human
intelligencein a very importantrespect,namelythe useof representationsSeveral
behaior-basedoboticists(mostnotablyRodne Brooks[Brooks,1991)) have agued
explicitly againstrepresentationandit is thereforeno surprisethat no real progress
hasbeenmadeon this front. De-emphasisingepresentationhasworked well for
embodiedsituatedbehaior, but fails to addressssuegelatedto higherlevel cognition,
suchascommunicatiorin naturallanguageor episodicmemory

Why hastherebeenthis aversionto representations?The rst point of critique
(similarto thatraisedby philosopherdike Searle)s thatmary of theinternalrepresen-
tationsassumedh A.l. systemsarenotgroundedn reality, i.e. no processs proposed
thatrelatestheserepresentationt® theworld througha sensori-motoapparatusThus
theprocessingemaingn the symbolicdomainandhumanamustsupplyandinterpret
theinitial representationsOf course,it is in principle possibleto groundsymbolic
representationgsoneof the rst Al robotsShakeg [Nilson, 1984 hasdemonstrated,
but further experimentswith machinevision andreal world robot control have shavn



thatthis is very dif cult to doit in areliableway. Many proposednternalrepresen-
tationsturn out to require (human-leel) intelligenceor take so muchtime that they
becomenon-computablén practice. The secondcritique is thata centralisedexecu-
tive operatingover a global symbolicworld modelis too slow andbrittle to allow the
exible, fast, reactive control neededor physicallyembodiedagents.Soit hasbeen
proposedthat control emeges from the dynamicinteractionof independenbeha-
ioral componentsvhoseactivationis modulatedy eventsin theworld andby internal
motivationalstates. This stratgy makesthe centralisedrich internalrepresentations
assumedby symbolicA.l. super uous[SteelsandBrooks,1994.

But doesall this meanthat the notion of representatiohasto be thrown out with
the proverbial bathwater?l don't think so. The rst thing to noteis that originally
the termrepresentatiomlid not have the sameconnotationsastoday Representation
meantexternal representationphysicalobjects like images sculpturespretendplay,
languagesentencesetc. Representationact as a stand-infor objectsin the world
[Gombrich,1963. They imply a conceptualisationf the world, which is expressed
usingthe propertiesof the mediumandthe setof emeging corventionsin the group.
It is only morerecentlyunderthein uence of logic andearly A.l. work thatrepresen-
tationshave becomeviewed assomethingpurelyinternal.

Researctby Piagetand othershasshown that differentforms of representation
all ariseroughly aroundthe sametime andif oneform of representation-makinig
impairedothersareaswell [Piaget,1970. Moreover the ability to constructandin-
terpret(external) representationeasbeenshownn to be crucial in the developmentof
the child. If it doesnot happenit is an early indicator of mentalretardation. These

ndings suggesthat representation-makinmight be a crucial bootstrappingdevice
for higermentalfunction. At somepoint externalrepresentation-makinigecomesn-
ternalisedo form thebasisof thinking, in the senseof innerdialogsor mentalimaging
[Steels,2003. Sointernalrepresentationdo not comebeforeexternalrepresentations
but follow or co-esolve with them.

Theremainderof this paperreportson experimentsfocusingon the rst step.We
try to nd out whetherbehaior-basedprinciples can be appliedto the emegence,
adaptationevolution andself-olganisatiorof externalrepresentations.

3.1 EmergentRepresentations

How canwe explain how new representationsiay emege in a groupof agents?Let
meexploreananalogywith architecturabktructuregseealso[K eller, 1994). Consider
agrasdawn in theform of asquareébetweertwo buildingsonauniversitycampusThe
buildingsareondiagonallyoppositesides.Thereis apatharoundthesquarebut people
who needto go from onebuilding to anothey naturally takethe shortestpath,which
cutsright throughthelawn. Eventhoughthe gardenehasplanteda nice smoothgrass
lawn (andperhapsput up alittle signsaying Don't stepon the grass'),a naturalpath
arisessooneror laterasthegrassstartsto fadeaway in the placesvherepeoplestepon
it. Thegardenercantry to ght this, but is probablybetteroff creatinga real pathby
clearlymarkingthenaturallyemeging pathwith somesortof materialstructureandby
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usinggravel onthepathsothatthe grasawill notgrow. Now everybody evensomeone
who hasnhever beenon campuswill recognisenstantlythatthisis thelogical pathto
take.

The rst characteristiof the path,which it shareswith representations general,
is thatit is a materialstructure. (External)representationare never purely abstract
mathematicaéntities. Secondthe primary purposeof the pathis to organisehuman
activity concernedvith the solutionof aparticularproblem.In this case peopleneedo
gofrom onebuilding to theotherandthe pathhelpsthemto do so. Sothepathregulates
behaior to achieve a particulargoal. Thatis what makesit meaningful. The sameis
true for representationsRepesentationsare primarily viewed hete as organisersof
activity ratherthanabstiact modelsof someaspecbf reality.

How could sucha pathemege? Initially we canimaginea phasein which a set
of naturallyoccurringprocessegpeoplecrossingthe lawn) generatessa side effect
a physicalstructurein the ervironment(an areawherethereis lessgrass).Oncethis
hasstarted a positive feedbacloop setsin: The morethe physicalstructureorganises
the actvity, the lessgrassremainson the pathandthe betterit thereforeplaysits role
asorganiserof this actiity. Sooneverybodycrosseghe lawn usingthis path. The
interventionof the gardenefurtherenforceghisrole.

Thepathhasacollectivedimension.Many peopleareinvolved,bothin establishing
thepathandin usingit afterwards Sothepathhasbecomeavehicleof communication.
Its physicalappearancsignalsthatthisis the way to crossthelawn. Peopleusingthe
pathandthusestablishingor re-establishingt indirectly tell otherpeoplethat this is
thenormalwayto crossthelawn. If thegardenedelineateshe path,hecommunicates
evenmoreexplicitly thatit is OK to crossthelawn usingthe path.

Besidesorganisingactity and enablingcommunicationthe pathillustratesan-
otherimportantrole of representationslt actsasa recordof the actiities of people
andthusasa memoryfor how peopletendto crossthe lawn. The pathitself is not
thememory it is the catgyorisationandinterpretatiorof the paththat makesit func-
tion asmemory | do notregardmemoryasakind of storehousén which objectsare
putfor futureretrieval, but asanactive processcateyorisingandre-catgorisingstruc-
turesor eventsasbeing meaningfulwith respectto certaingoals[Rosen eld,1989,
[Clancey, 1997.

Our urbanervironmentshave plenty of structuredike the pathandarchitectsand
urbanistsarevery muchawareof this. They analysethe desiredor naturallyoccuring
social and physicalactuities of inhabitantsandtry to invent structuresthat support
this activity [Alexanderetal., 1977. Thisis not alwaysdonecorrectly unfortunately
We have all beenfound strugglingwith doorknobswhich hadsomeestheticabstract
quality but were cognitively impenetrable We all know buildings or urbanstructures
thathave beenre-appropriatedy inhabitantgo satisfyquite differentpurposegrom
thoseintendedby thedesigners.

But to what extent are other external representationdike languageutterancesor
graphicalksigns,representations3upposehereis aroadon which you canturnleft or
right. Thetrafc policewantyou to go to the left only. Oneway they could achiere
this is to introducean obstacleso that you cannotgo right. This obstacleactsasa
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representatiogimilarto the pathonthelawn. Anotherway howeveris to hanganotice
above the streetwhich sayssomethindike “left turnonly'. Thephraseleft turnonly'

hasthe samepowersastheroadblock. Therecouldalsobetraf c signs,oneshaving

a blueleft arrov andanotheronearedright arrov crossecut. Again they have the
sameeffect as blocking the road. Thereis of coursean importantdifference. The
words'left turnonly' or the signswith arrons organiseactiity becauseheir meaning
is corventionally known and accepted. This makesit much easierto establishsuch
representationandeasiertto changeheir meaning.

Note that the cognitive behaior of humanbeingshasitself a causalimpact on
whetherthe organisationatole of the pathis achieved or not. Graduallythe pathis
catgjorisedasthe bestway to crossthelawn andthis enforceghe path. We canlook
atrivers,how they form, why someof themmeanderetc. But this cognitive activity
hasnoimpactwhatsoger on theriveritself. The causaforce cuttingout theriver bed
is purely physical. This makestheriver no longera representationThe intervention
of a cognitive agentis essentiafor a materialstructureto becomea representation.
The structuremusttrigger catgorisationandthenactionselectionwhich dependn
the outcomeof this catejorisation. That is why the pathon the grasslawn is similar
to wordsin a language.lts meaningis cognitively established.Of coursethereis a
naturalrelation betweenthe meaningandthe materialstructureof the path. Thatis
why this pathis a "naturalrepresentation'.In the caseof languagethe meaningis
establishedy convention, althoughit is not necessarilyentirely arbitrary Analogy
mayplay animportantrolein expressingnew ideaswith existing words. Drawingsand
threedimensionamodelsaresomevherein betweenThey visually re ect thematerial
form of whatis representetiut do not have the samecausaforce. Analogyis now the
mainway in which the meaningof therepresentatiobecomeglearto anobserer.

3.2 NewExperiments

The ideassketchedn the previous subsectiorhave informeda seriesof experiments
[Steels, 20017 which all have the samestructure:

1. We setup a populationof agentsby introducingseveral robotsin the sameen-
vironmentand by “teleporting’ softwarestatesinto theserobot bodiesso that
we canhave very large (sometimeghousand®f) agents.This way we canex-
perimentwith populations(which is absolutelynecessaryo explore collective
dynamics)without giving up the situatednesandembodiment.We have used
mary differenttypesof robot platforms,including the Lego robotsusedin the
self-sufciency experimentdiscussecearlier [SteelsandVogt, 1997, movable
camerasn the “Talking Heads'experiment[Steelset al., 2003 5, andthe Sory
AIBO robot[SteelsandKaplan,2003.

2. The agentsengagdn interactionswith eachotherthusestablishinga collective
dynamics.For example,oneagentdrans the attentionto an objectin the envi-
ronment. This canbe achieved without verbalcommunicationfor exampleby
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Figure5: The Talking Headsexperimentwasa large-scalexperimentin which a pop-
ulationwith thousand®f agentausedmovablecamerago captureémagesof the envi-
ronmentandplay languagegamesaboutthem

gesturing,or with a representationpamelyby exchanginga soundor a struc-
turedsequencef soundsWhentheinteractioninvolvesverbalelementave call
it alanguagegame.Agentstaketurnsbeingspeakeandhearer

3. In the baginning of the experiment,the agentsdo not have ary sharedexternal
representatiorsystem(i.e. a lexicon) nor ways of cateorising and conceptu-
alising reality assemantidasisfor constructingexternalrepresentationdf an
interactionfails, they expandtheir categyorial repertoire developnen conceptu-
alisations,or inventa nev word or grammaticalconstruction.The “speaker'is
the onethat choosesvhatto sayandmay invent new representationatorven-
tions while doing so. He will however try to maximisecommunicatie success
by keepinga scoreof the succes®f eachconstructionin the pastandchoosing
constructionswith the highestsuccess.The “hearer'either alreadysharesthe
samecorvention andthe interactionsucceedsor the hearerattemptsto detect
the corventionsandconceptualisationasedby the speaker So,aspartof each
interactionthe agentsadapttheir internalstructurego becomebettercommuni-
catorsin the future.

Thefollowing phenomenaould be obseredin theseexperimentyseereferences
for technicaldetails).

1. The populationof agentshave beenshavn to establisha communicationsys-
tem basedon the exchangeof symbolicrepresentationévordsor syntactically
structuredsequencesf words). Communicatie succesEanbe measuredand
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typically risesrapidly (dependingon the size of the populationandthe number
of meaninggo be expressed]Steelsetal., 2003.

. Themainmechanisnby which conventionsbecomeshareds self-oiganisation,
appliedin a way thatis similar to the ocking and pathformation shavn on

autonomousobots[Mataric,2003. Therearerandom uctuationsin the sense
that differentagentsconstructand choosewaysof expressingsomethingpartly

basednrandomchoicesr choicesn uencedby theirindividualdevelopmental
history. But thereis a positive feedbackoop betweeruseandsuccessCorven-

tionswhich areusedmorehave moresuccessndwill thereforebechosemmore.

Consequentlawinnertakeall effectis seenwhereonecornventionprogressiely

dominategsee gure 6).

. Agentsfeaturemechanismgsuchasradial basisfunction networksor the ran-
dom expansionof discriminationtrees)which expandor adapttheir cateyorisa-
tions and conceptualisationsThesemechanism®perateon anindividual basis
andthereis no guaranteg¢hatagentswho do not interactwith eachotherarrive
atthe samerepertoireof cateories. Typically they do not. Whatwe have seen
however is thattheserepertoiremeverthelessanbecomesharedhroughcom-
munication,namelydueto a structuralcoupling betweenconceptalisatiorand
verbalexpression.

. Finally we obsenre evolution, not at a geneticbut at a culturallevel. For exam-
ple, aword may becomeassociatedavith a nev meaning,a word thathadmul-
tiple meaningsnay becomedisentangledoasto hase onemeaninga meaning
may becomeexpressedwvith anothemword, etc. All thisis dueto the inevitable
stochasticityof situatedembodiedanguagegamesandthein ux of new mem-
bersin the population[SteelsandKaplan,1999.

Theseexperimentsshav how autonomousgentscanconstructheir own external

representation@articularlyin the mediumof sound)andhow theserepresentations
maybecomecorventionalisedandthussharedn a group,without prior designnor ary
global control. On the other hand,this is only the rst part of the story What we
still needto shaw is how theseexternalrepresentationsiayledto the signi cant boot-
strappingeffect that we seein humandevelopmentwhererepresentationgravings,
languagepretendplay) area primary motor of cognitive development.This canonly
beachievedby usingtherepresentationsmeging from communicatiorfor othertasks,
including "knowledge-basediasks,suchasplanning,thinking, or memory Theseare
taskswhich have sofar remainedrmly in the province of symbolicA.l. but the path
sketchedheresuggests new routeto approacthem.

4 Conclusions

Thebehaior-basedapproacho A.l., which hasits directrootsin arevival andrecon-
structionof the early cyberneticavork sowell illustratedby Grey Walter, hasleadto a
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Figure6: A meaning-forndiagramwhichgraphgor aspeci ¢ meaningall thepossible
formsandtheir frequeny of use.A winnertake-allsituationis clearlyobsered. The
x-axisshowvslanguageggamesandy-axisthefrequeng of particularforms.

new practicefor building autonomousobots. This new practiceemphasiseembodi-
mentandatight couplingbetweerthe behaior of therobotandthe ervironment.The
behaior is realisedby a networkof dynamicalbehaior systemslt emphasiseadap-
tation, evolution, and self-olganisatiorasways of generatingcomplex behaior from
simplecomponents.

Thispapereportedon oneof theearlyexperimentsn behaior-basedA.l. andthen
sketcheda line of researchwhich attemptsto go beyond physicalbehaior towards
cognitionvia anexplorationof adaptie (external)representationdt turnsoutthatthe
samebiologically-inspredmechanismsvhich have informedbehaior-basedobotics
arerelevantfor evolving adaptve representationdMuch remainsto be doneof course
andtherearemary openquestiongemaining but resultsalreadyachievzed shav a new
fruitful pathtowardsembodiedarti cial intelligence.
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