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Thispaperexploresa theoryof learningwhichemphasisessocialinteractionandcultural
context. Thetheorycontrastswith individualistictheoriesof learning,wherethelearneris ei-
therseenaspassively receiving largesetsof examplesandperformingsomesortof induction
to arrive at abstractconceptsandskills, or asa geneticallypre-programmedorganismwhere
the role of the environmentis restrictedto settingsomeparameters.I focusthe discussion
on thequestionhow meaningis constructed,in otherwordshow peoplego from information
to knowp o�edge. I am particularlyinterestedhow groundedmeaningarises,i.e. meaning
anchoredin sensori-motorexperiences.This is thequestionraisedearlier(in Chapter1) in
thediscussionon how informationturnsinto knowledge.I amalsointerestedin how shared
meaningscanbedevelopedthroughcommunicationandnegotiation.Themeaningsusedby
a speakercannotdirectly be observed by the listener, so how cana listenerwho doesnot
know themeaningof wordsever learnthem?

The paperexploressocialandcultural learningusinga novel methodology, namelythe
constructionof arti�cial systems,i.e. robots,that implementcertaintheoreticalassumptions
andhenceallow us to examinewith greatprecisionhow certainlearningmechanismswork
andwhat they canachieve or not achieve. Someimplicationsfor educationarepresented
towardstheend.

7.1 The Origins of Meaning

It hasbeenarguedthatoneof themainobjectivesfor children,particularlyin primaryschool,
is learninghow to createmeaning.Thisstartsfrom a �rst magicalmomentaroundtheagent
of 18 months[16], but continuesthroughoutchildhood.As pointedout by Loris Malaguzzi
(seeChapter3 by CarlaRinaldi), thechild is a semiologistwho inventsnew meanings,and
negotiateswords to talk aboutthesemeaningswith friends or parentsand teachers.Also
later in secondaryschoolandhighereducation,the acquisitionof new meaningsandways
to communicatethemis a crucial skill. For example,it could bearguedthatall signi�cant
advancesin sciencearisefrom conceptualbreakthroughs.My objective is to understandthis
creative semiologicalprocessin muchmoredetail so that we canhelp children to acquire
crucialsemiologicalskills.

Let me startby summarisingthe intensedebatesthat have takenplacein the cognitive
scienceliteratureoverpastdecadesonthisquestionof theoriginsof meaning.Thesedebates
echothenature/nurturedebateandthediscussionof a constructivist synthesisintroducedby
Johnsonin thiscontribution(seeChapter5).

Labelling versusSocialGrounding

Therearebasicallytwo mainlinesof thinkingon thequestionof how languageandmean-
ing arebootstrapped:individualistic learningandsociallearning. In thecaseof individual-
istic learning,thechild is assumedto have experienced,asinput,a largenumberof example
caseswherespeechis pairedwith speci�c situations.They eitheralreadymasteringtheneces-
saryconceptsor areableto extractthroughaninductive learningprocesswhatis essentialto
andrecurrentin thesesituations,in otherwordsto learntheappropriatecategoriesunderlying
language,andthenassociatethesecategorieswith words.This is known ascross-situational
learning[13]. Othershave proposeda form of contrastive learningbasedon thesamesortof
data,drivenby thehypothesisthatdifferentwordshave differentmeanings[8]. This typeof
individualistic learningassumesa ratherpassive role of the languagelearnerandlittle feed-
backgivenby thespeaker. It assumesno causalin�uence of languageon conceptformation.



7. SocialLanguageLearning 135

Figure 7.1: Children can solve problemsthroughsocial interactionswhich noneof them
cansolve individually. Interactingtogetherwith thephysicalworld is part of play. It is as
necessaryandinsightful asinstructionallearning.(mw)

I call it thelabellingtheorybecausethelanguagelearneris assumedto associatelabelswith
existingcategories.

The labelling theoryis remarkablywidespreadamongresearchersstudyingtheacquisi-
tion of communication,andrecentlyvariousattemptshavebeenmadeto modelit with neural
networksor symboliclearningalgorithms[4]. It is known that inductionby itself is a weak
learningmethod,in the sensethat it doesnot give identicalresultsfrom thesamedataand
mayyield irrelevantclusteringcomparedto humancategories.To counterthisargument,it is
usuallyproposedthatinnateconstraintshelpthelearnerzoomin on theimportantaspectsof
theenvironment.

In thecaseof sociallearning,interactionwith otherhumanbeingsis consideredcrucial
([5], [35], [30]). Learningis not only groundedin reality througha sensori-motorapparatus
but alsosociallygroundedthroughinteractionswith others.The learningevent involvesan
interactionbetweenat leasttwo individualsin asharedenvironment.They will henceforthbe
calledthe learnerandthemediator. Themediatorcouldbea parentandthe learnera child,
but children(or adults)cananddo teacheachotherjust aswell. Given the crucial role of
themediator, I alsocall sociallearningmediatedlearning.Thegoalof the interactionis not
reallyteaching,whichis why I usethetermmediatorasopposedto teacher. Thegoalis rather
somethingpracticalin theworld, for example,to identify anobjectoranaction.Themediator
helpsthegoalto beachievedandis oftentheonewhowantsto seethegoalachieved.

Themediatorhasvariousroles:They setconstraintsonthesituationto makeit moreman-
ageable(scaffolding), give encouragementon the way, provide feedback,andact uponthe
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consequencesof the learner's actions.Eventhoughlanguageis beinglearned,thefeedback
is not directly aboutlanguage,and is certainlynot aboutthe conceptualisationsimplicitly
underlyinglanguage.The latter arenever visible. The learnercannottelepathicallyinspect
the internalstatesof thespeakerandthemediatorcannotknow which conceptsarealready
known to thelearner. Insteadfeedbackis pragmatic,thatmeansin termsof whetherthegoal
hasbeenrealisedor not. Considera situationwherethemediatorsays:“Give methatpen”,
andthelearnerpicksupapieceof paperinsteadof thepen.Themediatormightsay:“No, not
thepaper, thepen”,andpoint to thepen.This is anexampleof pragmaticfeedback.It is not
only relevant to succeedsubsequentlyin the task,but suppliesthe learnerwith information
relevant for acquiringnew knowledge. The learnercangraspthe referentfrom thecontext
andsituation,hypothesisea classi�cationof the referent,andstorean associationbetween
theclassi�cationandtheword for futureuse.While doingall this, the learneractively tries
to guessthe intentionsof themediatorof which therearetwo sorts.Thelearnermustguess
whatthegoal is that themediatorwantsto seerealised(like `pick up thepenon thetable'),
andthelearnermustguesstheway thatthemediatorhasconstruedtheworld [20]. Typically
thelearnersusethemselvesasamodelof how themediatorwouldmakeadecisionandadapts
thismodelwhena discrepancy arises.

Sociallearningenablesactive learning.The learnercaninitiate a kind of experimentto
testknowledgethat is uncertain,or �ll in missingholes. The mediatoris availableto give
direct concretefeedbackfor the speci�c experimentdoneby the learner. This obviously
speedsup thelearning,comparedto apassive learningsituationwherethelearnersimplyhas
to wait until examplesarisethatwouldpushthelearningforward.

The Relation betweenLanguageand Meaning

The debatebetweenindividualistic versussocial learningis relatedto the equally hotly
debatedquestionasto whetheror not thereis a causalrole for languagein conceptlearning.
Fromtheviewpointof thelabellingtheory, theacquisitionof conceptsoccursindependently
of andprior to languageacquisition,eitherbecauseconceptsareinnate(nativism)or because
they areacquiredby an inductive learningprocess(empiricism)[17]. So thereis no causal
roleof language.Conceptualisationandverbalisationareviewedasoperatingin independent
moduleswhich have no in�uence on eachother[14]. The acquisitionof wordsis seenasa
problemof learninglabelsfor alreadyexistingconcepts.

Concerningthenthe issueof how the conceptsthemselvesareacquired,two opposing
schoolsof thoughtcanbe found: nativism andempiricism. Nativists like Fodor [14] claim
that concepts,particularlybasicperceptuallygroundedconcepts,areinnateandso thereis
no learningprocessnecessary. They basetheir argumentson thepovertyof thestimulus[6],
thefundamentalweaknessof inductive learning,andthelack of clearcategorial or linguistic
feedback. Empiricistsclaim that conceptsare learned,for exampleby statisticallearning
methodsimplementedasneuralnetworks[10]. Thusa largenumberof situationsin which
a redcolouredobjectappearsareseenby thelearner, andclusteredinto `naturalcategories'.
Thesenaturalcategoriesthenform the basisfor learningword meaning. An intermediate
positionis foundwith constructivists,whoseeasteadyinterplaybetweengeneticconstraints
andlearningprocesses(seeChapter5 by Johnsonand[11]), but still view the learnervery
muchasindividually bootstrappingtheir knowledge.

The alternative line of thinking, which is often adoptedby proponentsof social learn-
ing, claimsthat thereis a causalrole for culturein conceptacquisitionandthat this role is
particularly(but notexclusively) playedthroughlanguage.Thishasbeenarguedbothby lin-
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Figure7.2: Fromtheviewpointof a socialapproachto learning,interactionbeweenlearners
andmediatorsis absolutelycrucial,particularlyfor theacquisitionof language.(mw)

guistsandphilosophers.In linguistics,thepositionis known astheSapir-Whorf thesis.It is
basedonevidencethatdifferentlanguagesin theworld notonly usedifferentwordformsand
syntacticconstructionsbut that the conceptualisationsunderlyinglanguageareprofoundly
differentaswell [34]. Languageacquisitionthereforeis believed to go handin handwith
conceptacquisition[3]. Moreover language-speci�cconceptualisationschangeover time in
a cultural evolution process,which in turn causesgrammaticalevolution that may induce
furtherconceptualchange[18].

This doesnot meanthat thereareno similaritiesbetweentheunderlyingconceptualisa-
tionsof differentlanguages.For example,thedistinctionbetweenobjects(things,people)on
theonehandandevents(actions,statechanges)on theotherappearsuniversal[37]. Simi-
larly many categorialdimensionslike space,time,aspect,countability, kinshiprelations,etc.,
arelexicalisedin almostall languagesof theworld, eventhoughtheremaybedifferencesin
how this is done. Thus,somelanguageslexicalisekinship relationsasnouns(like English:
father)andothersasverbs[12]. But profoundconceptualdifferencesin the way different
languagesconceptualiserealityarenothardto �nd ([34], [3]) andthey alsoshow up in other
cognitive taskssuchasmemorytests[9]. For example,theconceptualisationof theposition
of thecar in “the caris behindthetree” is just theoppositein mostAfrican languages.The
front of thetreeis viewedasbeingin thesamedirectionasthefaceof thespeakerandhence
the car is conceptualisedasin front of the treeasopposedto behindthe tree [18]. These
examplessuggestthat differenthumanculturesinvent their own waysto conceptualisere-
ality andpropagateit throughlanguage,implying a strongcausalin�uence of languageon
conceptformation.Notethatacausalin�uenceof languageacquisitiononconceptformation
doesnot imply that all conceptsundergo this in�uence or that thereareno conceptsprior
to the beginning of languageacquisition. In fact, thereareprobablymillions of concepts
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usedin sensori-motorcontrol,socialinteraction,emotion,etc.,which arenever lexicalised.
Themainpoint hereis that for thoseconceptsunderlyingnaturallanguagecommunication,
this causalin�uence not only exists but is necessary, i.e. theseconceptsnecessarilyhave a
culturaldimension.

Ludwig Wittgensteinis thebestknown philosophicalproponentof a causalin�uence of
languageon meaning. His position is in a senseeven more radical than the Sapir-Whorf
thesis.Hearguedthatmeaningsareanintegratedpartof thesituatedcontext of use.Thusthe
word “ball” not only includesa particularconceptualisationof reality in orderto refer to a
certaintypeof objectbut is alsoamovein alanguagegame,indicatingthatthespeakerwants
a particularactionto be carriedout. Moreover the meaningof “ball” is not abstractat all,
i.e. somethingof thesort `sphericalshapedphysicalobjectof a uniform colour', but is very
context-dependent,particularlyin the �rst stages.This point hasalsobeenmadeby Quine
whoarguedthatbasicnotionssuchasobject-hoodonly graduallyarise.Childrendonotstart
with thepre-givencleanabstractcategoriesthatadultsappearto employ.

7.2 How to Study Learning?

Thereis a longtraditionin psychologythatstudieslearningby observinglearningbehaviour,
particularlythatof children,or by performingexperimentsin which humansubjectshave to
learnsomethingandtheir performanceis monitored. More recently, researchin Arti�cial
Intelligencehasadvancedsuf�ciently or it to becomepossibleto useanalternativeapproach.
It is now possibleto takea particularlearningmethodclaimedto be effective for a certain
task,turn it into anarti�cial system(typically acomputerprogram),feedit with thedatathat
a humanlearneris supposedto have, andseewhetherthe learningmethodis up to thetask.
Often the learningmethodor its implementationattemptto be faithful to humanbehavioral
dataor compatiblewith whatis known aboutthebrain.

The Methodologyof the Arti�cial

This methodologyhasalsobeenappliedto thequestionof meaningandlanguageacquisi-
tion (see[4]). However, thesemodellingeffortssofar mainlyuseanindividualisticapproach
with passive,observationallearning.Precisemodelsfor sociallearningarelacking.In theab-
senceof suchmodels,it is dif�cult to comparethedifferentpositionsin thedebateseriously
without sliding into rhetoric. The �rst goalof my work hasthereforebeento developcon-
cretemodelsof sociallearningandcomparetheir behavior to individualisticlearning.What
is alsolackingareexperimentsto testthecultural in�uence of languageonmeaningcreation
andpropagation.And so my secondgoalhasbeento developprecisemodelsshowing that
culturalin�uence andcontext-dependentmeaningcreationareindeedthemostplausibleand
effectiveway for individualsto bootstrapthemselvesinto a languageculture.

Previous work in the computationalmodelling of languagelearninghasbeenentirely
basedon softwaresimulations.Giventheenormouscomplexity of thecognitive processing
requiredfor language,even for handlingsinglewords,computersimulationsare the only
way onecantestformal models.But if onebelievesin the importanceof embodiment,so-
cial interaction,andthenecessityof groundinglanguagein theworld, we mustgo onestep
further anduseautonomousmobile robots. We can thentry to setup experimentswhere
autonomousrobots,in stronginteractionwith humansandgroundedin the world through
a physicalsensori-motorapparatus,develop language-likecommunicationsystems.If the
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robotsmanageto dothis,thenwehavediscoveredaplausiblewayin which languageis boot-
strapped.Recentdramaticadvancesin roboticstechnologyhavemadethisapproachfeasible,
even thoughof courseit requiresbuilding very complex systems,andthe remainderof this
paperis basedon experiencegainedwith suchexperiments.

To many social scientists,the ideaof usingautonomousrobotsfor testingtheoriesof
cognitionandcommunicationis veryunusualandthey areveryscepticalthatanythingcould
comeoutof it. But thereareimportantadvantages:

1. The experimentsforce us to makeevery claim or hypothesisaboutassumedinternal
structuresandprocessesveryconcreteandsoit is clearhow thetheoreticalassumptions
havebeenoperationalised.

2. We canusereal-worldsituations,i.e. physicalobjects,humaninteractions,etc.,to get
realisticpresuppositionsandrealisticsourcesof input. This is particularlyimportant
whenstudyingsociallearning,whichreliesheavily ontheinterventionof themediator,
groundedin reality.

3. We canextract dataaboutinternalstatesof the learningprocess,which is not possi-
ble with humanbeings. Internalstatesof childrengoing througha developmentalor
learningprocesscannotbeobservedat all.

4. We caneasilyexaminealternative hypotheses.For example,we cancomparewhatan
individualisticinductive learningprocesswouldachieve with thesamedataasa social
learningprocess.

But thereareobviously alsoimportantlimits to thismethodology:

1. We cannotbegin to pretendthat robotic experimentsmodelchildrenin any realistic
way, nor theenvironmentsin which they typically operate.But ourgoal is to compare
theoriesof how languageandcommunicationdevelop,sorealismis notanissue.

2. It is an extraordinarychallengeto build andmaintainphysicalrobotsof the required
complexity. For practicalreasons(limitationsof cameraresolution,memoryandpro-
cessingpower availableon board)we cannotalwaysusethe bestknown algorithms
available today. This puts limits on what canbe technicallyachieved today and so
experimentsneedto bedesignedwithin theselimits.

AIBO' s �rst words

Togetherwith a numberof collaborators,in particularFredericKaplan,I have beenusing
variouskindsof robotsin experimentsthattry to reconstructthevery beginningof language
andmeaning. The experimentsdiscussedfurther in this paperare basedon an enhanced
versionof the Sony AIBO

� �

robot (see�gure 7.3). This robot is fully autonomousand
mobilewith morethana thousandbehaviors,coordinatedthrougha complex behavior-based
motivationalsystem. The AIBO features4-leggedlocomotion,a camerafor visual input,
two microphones,anda wide varietyof bodysensors,aswell ason-boardbatteriesandthe
necessarycomputingpower. We have chosenthis platformbecausetheAIBO is oneof the
mostcomplex autonomousrobotscurrentlyin existencebut neverthelessreliableenoughfor
systematicexperimentsdue to the industrial standardsto which it hasbeendesignedand
built. Moreover theAIBO is designedto encourageinteractionwith humans,which is what
we needfor experimentsin socialhuman-robotinteraction.It comeswith a very wide range
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Figure7.3: Ourrobotis anenhancedversionof thecommerciallyavailableAIBO. It is linked
to anadditionalcomputerthrougha radioconnection.

of capabilitieswhich arenecessaryto establishtheconditionsfor socialinteraction,suchas
theability to look atanobjectasa wayto draw attentionof thespeakerto theobject.

Theexperimentsdiscussedfurtherin thispaper, describedin moredetail in [31] work on
an enhancedversionof the AIBO becausethereis not enoughcomputingpower on-board
to do them. We decidedto keepthe original autonomousbehavior of the robot andbuild
additionalfunctionality on top of it. Our systemthusactsasa cognitive layer which inter-
fereswith thealreadyavailableautonomousbehavior, without controlling it completely. A
secondcomputerimplementsspeechrecognitionfacilities which enableinteractionsusing
spokenwords. In orderto avoid recognitionproblemslinked with noise,themediatoruses
an externalmicrophoneto interactwith the robot. The computeralsoimplementsa proto-
col for sendingandreceiving databetweenthecomputerandtherobot througha radiolink.
The mediatormust take into accountthe global “mood” of the robot as generatedby the
autonomousmotivationalsystem. For example,it is possiblethat a sessionbecomesvery
ineffectivebecausetherobotis in a “lethargic” mood.

By usingreal-worldautonomousrobots,ourexperimentsdiffer from othercomputational
experimentsin word learning(suchas [24]) in which situation-wordpairs arepreparedin
advanceby thehumanexperimenter, andevenmorefrom moretraditionalconnectionistword
learningexperiments,wheremeaningsareexplicitly given by a human.Herewe approach
muchmorecloselytheconditionsof a oneyearold child who is moving aroundfreely with
no preconceptionof what the meaningof a word might be. In fact, we tacklea situation
which is evenmoredif�cult thanthatof achild,becauseweassumethattherobothasnotyet
acquiredany conceptsthatcouldpotentiallybeusedor adaptedfor languagecommunication.
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7.3 LanguageGames

In previouswork wefoundthatthenotionof agame,andmorespeci�cally a languagegame,
is a very effective way to framesocialandcultural learning[30]. A gameis a routinised
sequenceof interactionsbetweentwo agentsinvolving a sharedsituationin theworld. Psy-
chologicalresearchinto the transitionfrom pre-linguisticto linguistic communicationhas
foundclearevidencefor animportantroleof game-likeinteractions,whichinitially arepurely
basedon gestures,beforeincludingvocalisationsthat thenbecomewords[15]. Theplayers
in alanguagegamehavedifferentroles.Therearetypically variousobjectsinvolvedandpar-
ticipantsneedto maintaintherelevant representationsduringthegame,e.g.,whathasbeen
mentionedor implied earlier. The possiblestepsin a gamearecalledmoves. Eachmove
is appropriatein circumstancesdeterminedby motivationsandlong termobjectivesandthe
opportunitiesin theconcretesituation,just like a move in a gameof chess.Gamesaremuch
moreall-encompassingthanbehaviors in thesenseof behavior-basedrobots[32]. They may
runfor severalminutesandinvokemany behaviorsandcognitiveactivitieson theway. They
maybeinterruptedto beresumedlater.

Competencesin a languagegame

Hereis anexampleof a gameplayedwith a child while showing picturesof animals:

Father: What does the cow say? [points to cow] Moooo.
Child: [just observes]
Father: What does the dog say? [points to dog] Woof.
Child: [observes]
Father: What does the cow say?

[points to cow again and then waits ... ]
Child: Mooh
Father: Yeah!

The learnerlearnsto reproduceandrecognisethe soundsof the variousanimalsandto as-
sociatea certainsoundwith a particularimageanda particularword. Theexampleis very
typical, in thesensethat(1) it involvesmany sensorymodalitiesandabilities(sound,image,
language),(2) it containsa routinisedset of interactionswhich is well entrenchedafter a
while, so that it is clearwhat is expected,(3) the learnerplaysalongandguesseswhat the
mediatorwantsand the mediatorsetsup the context, constrainsthe dif�culties, andgives
feedbackon successor failure. (4) The meaningof wordslike `cow' and`dog' or `mooo'
and`woof' involvesbotha conceptualaspect(classi�cationof theanimalsandimitationsof
the soundthey make)anda gameaspect(movesat the right moment). Every parentplays
thousandsof suchgameswith their childrenand,equally important,after a while children
playsuchgamesamongthemselves,particularlysymbolicgames.

Gameslike theoneabovearetypicalfor childrenaroundtheageof two. Thisexamplefo-
cusesexclusively onlanguagelearning.Normallygamestry to achieveaspeci�c cooperative
goalthroughcommunication,wherelanguageplaysanauxiliary role,suchas:

� Getthelistenerto performa physicalaction,for examplemove anobject.

� Draw theattentionof the listenerto anelementin thecontext, for example,anobject
thatshewantsto seemoved.

� Restrictthecontext, which is helpful for drawing attentionto anelementin it.
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Figure7.4: Languagegamesreston a rich substrateof competencesconcernedwith turn-
taking,faceidenti�cation, andsharingattention.Theseareacquiredthroughplay in the�rst
yearsof life. (Pictureby JanBelgrado)
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� Transmit informationaboutone's internalstate,for exampleto signal the degreeof
willingnessto cooperate.

� Transmitinformationaboutthe stateof the world, for exampleasrelevant for future
action.

For all thesegamestheremustbe a numberof prerequisitesfor social interactionlike the
following:

1. Becomeawarethatthereis a personin theenvironment,by recognisingthatthereis a
humanvoiceor ahumanbodily shape.

2. Recognisethepersonby facerecognitionor speakeridenti�cation.

3. Try to �gure out what object the speakeris focusingattentionon, independentlyof
language,by gazefollowing andeye tracking.

4. Usethe presentsituationto restrict the context, predictpossibleactions,andpredict
possiblegoalsof thespeaker.

5. Give feedbackat all timeson which objectyou arefocusing,for exampleby touching
theobjector looking at it intently.

6. Indicatethatyouareattendingto thespeaker, by looking upat thespeaker.

Thesevariousactivitiesareoftenassociatedwith having a`theoryof mind' [1]. It is clearthat
theseprerequisitesaswell asthosespeci�cally requiredfor the languageaspectsof a game
requiremany cognitive capabilities:vision, gesturing,patternrecognition,speechanalysis
andsynthesis,conceptualisation,verbalisation,interpretation,behavioral recognition,action,
etc.Thispaperwill notgo into any technicaldetailhow thesecapabilitieshavebeenachieved
in our robots(in most casesby adoptingstate-of-the-artAI techniques)nor how they are
integrated. It suf�ces to know that we have a large library of componentsanda scripting
languagethathandlesthe integrationandschedulingin real-timeof behaviors to implement
interactive dialogs. We do not pretendthat any of thesecomponentsachieveshumanlevel
performance,far from it. But they areenoughto carryoutexperimentsaddressingtheissues
raisedin this paperandobserversareusuallystunnedby the level of performancealready
achieved.

The Classi�cation Game

We havebeenexperimentingwith variouskindsof languagegames,mostnotablyaguess-
ing game[29], in which the listenermustguessan objectin a particularcontext througha
verbaldescriptionthatexpressesapropertyof theobjectwhich is not truefor any of theother
objectsin thecontext. Anothergamewehavestudiedintenselyis theclassi�cationgame,and
thatgamewill beusedasa sourceof illustration in therestof thepaper. Theclassi�cation
gameis similar to theguessinggame,exceptthat thereis only a singleobjectin thevisual
imageto beclassi�ed.

Figure7.5 givesan ideaof thedif�culties involvedin playing a classi�cationgameand
they dramaticallyillustrate the dif�culties that childrenmustencounterwhenconstructing
their �rst meanings.All theseimageshave beencapturedwith AIBO' s camera.Dif ferent
ambientlighting conditionsmaycompletelychangethecolourre�ection of anobject.An ob-
ject is almostneverseenin its entirety. It canhavea complex structuresothatdifferentsides
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Figure7.5: Dif ferentviewsof a redball ascapturedby therobot'scamera.

aretotally different. Consequentlysegmentationandsubsequentclassi�cation is extremely
dif�cult. For example,theredball maysometimeshave a light patchwhich lookslike a sec-
ondobjector fusesomuchwith thebackgroundthat it is hardlyrecognisable.We feel that
it is extremelyimportantto startfrom realisticimagestakenduringa real-worldinteraction
with therobotanda human.By takingarti�cial images(for examplepre-segmentedimages
underidenticallighting conditions)many of thereal-worldproblemsthatmustbesolvedin
bootstrappingcommunicationwould disappear, diminishingthestrengthof theconclusions
thatcanbedrawn.

Learning Classes

Obviouslytheclassi�cationgamemustrelyonacognitivesubsystemthatis ableto classify
objects.Therearemany possiblewaysto implementsuchasystemandmany techniquesare
known in Arti�cial Intelligenceliteratureasto how to learntherequiredclasses.I believethat
it is not so importantwhich learningtechniqueis used,ratherhow themethodis integrated
within thetotal behavior of thelearner.

The �rst questionto beaddressedin building a classi�catorysystemis how to segment
objects.Twentyyearsof researchin computervision haveshown thatobjectsegmentationis
notoriouslydif�cult. It is evenbelievedto beimpossible,unlessthereis alreadya relatively
cleartemplateof theobjectavailable.Edgedetection,3-dsegmentation,coloursegmentation,
segmentationbasedon changefrom oneimageto thenext, etc.,all yield possiblesegments
but noneis foolproof. Sothelearneris confrontedwith a chickenandegg problem.Thereis
nowayto know whatcountsasanobject,but withoutthisknowledgeit is virtually impossible
to performsegmentation.By not relying on prior segmentationwe resolve this paradox.It
implieshoweverthatinitially conceptsfor objectswill behighlycontext-sensitive,asopposed
to clearPlatonistabstractions.This situated,context-sensitive natureof objectknowledgeis
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in line with Wittgenstein'spointof view andhasalsobeenarguedonempiricalgrounds.
Thesecondquestionconcernsthemethoditself. Wehaveusedaninstance-basedmethod

of classi�cation([2]), whichmeansthatmany different̀ views' arestoredof anobjectsituated
in aparticularcontext, andclassi�cationtakesplacebyanearestneighboralgorithm:theview
with theshortestdistancein pair-wisecomparisonto theinput imageis consideredto bethe
`winning' view. We cannnotreally saythat the memory“represents”objects,becausethe
robothasnonotionyetof whatanobjectis, andits memoryalwaysstoresanobjectwithin a
certaincontext.

Instance-basedlearningwasusedfor two reasons:(1) It supportsincrementallearning.
Thereis nostrict separationbetweena learningphaseanda usagephase.(2) It exhibitsvery
quickacquisition(oneinstancelearning),which is alsoobservedin children.Acquisitioncan
of coursebefollowedby performancedegradationwhennew situationsarisethatrequirethe
storageof new views. Oncetheseviews have beenstoredaswell, performancequickly goes
up again.This typeof learningbehavior is very differentfrom thatof inductive learningal-
gorithms(suchastheclusteringalgorithmdiscussedlater)whichshow randomperformance
for a long timeuntil theright classeshave beenfound.

Word learning

To play theclassi�cationgame,therobotmustalsohaveacognitivesubsystemfor storing
andretrieving the relationbetweenobjectviews andwords. Eachassociationhasan asso-
ciatedscore,which representspastsuccessin usingthat associationasspeakeror listener.
Whenspeaking,therobotalwayschoosestheassociationwith thehighestscoresothatthere
is a positive feedbackloop betweenthe successof a word and its subsequentuse. Word
learningtakesplaceby reinforcementlearning[33]: whentheclassi�cationconformsto that
expectedby thehumanmediator, thereis positive feedback,andthescoreof theassociation
thatwasusedgoesup. At thesametime, thereis lateralinhibition of alternative hypotheses.
Whenthereis a negative outcomeof thegame,thereis negative feedback.Thescoreof the
associationthatwasusedis decreased.If thereis a correctionfrom themediator, the robot
storesanew associationbetweentheview andthecorrectingword,but only if theassociation
did notalreadyexist.

Scripts

The robot hasa script, implementedas a collection of loosely connectedschemas,for
playing the classi�cationgame.Hereis a typical dialog basedon this script,startingwhen
therobotsitsdown.

1. Human: Stand.
2. Human: Stand up.

The robot hasalreadyacquirednamesof actions. It remainsunderthe in�uence of its au-
tonomousbehavior controller. Forcingtherobot to standup is a way to makeit concentrate
onthelanguagegame.Becausespeechsignalshavebeenheard,therobotknowsthatthereis
someonein theenvironmenttalking to it. Thehumannow shows theball to therobot(�gure
7.6a).

3. Human: Look
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Figure7.6: Dif ferentstepsin a languagegame.

Theword“look” helpsto focusattentionandsignalsthebeginningof a languagegame.The
robotnow concentrateson theball, startstrackingit, andsignalsfocusby looking at theball
(�gure 7.6a) andtrying to touchit (�gure 7.6b). It furthersignalsattentionby looking �rst
at the speaker(�gure 7.6 c) andthen backat the ball (�gure 7.6 d). In fact, theseareall
emergentbehaviors of theobjecttracker. Theotherautonomousbehaviors interactwith the
schemassteeringthelanguagegame.

4. Human: ball

Therobot doesnot yet know a word for this object,so a learningactivity starts.The robot
�rst asksfor feedbackof theword to makesurethatthewordhasbeenheardcorrectly.

5. Aibo: Ball?
6. Human: Yes

Ball is thecorrectwordandit is associatedwith aview of theobjectseen.
Note that several thingscould go gonewrong in this episodeand the humanmediator

would typically spontaneouslyprovide additionalfeedback.For example,the wrong word
might be hearddue to problemswith speechrecognition,the robot might not be paying
attentionto the ball but, becauseof its autonomousbehaviors, might have startedto look
elsewhere,etc.By maintainingatightly coupledinteraction,themediatorcanhelpthelearner
andthis is theessenceof sociallearning:constrainingcontext, scaffolding (thehumansays
“ball” not “this is theball” whichwouldbemuchmoredif�cult), andpragmaticfeedback.
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Figure7.7: Evolution of theclassi�cationsuccessfor four differenttrainingsessions.

7.4 Experimental Results

We have implementedall the necessarycomponentsto have the robot play classi�cation
gamesof thesortshown in theseexamplesandexperimentedfor severalmonthsin human-
robot interactions.The objectswe usedwerean AIBO imitation calledPoo-Chi,a yellow
object,Smiley, a red ball, etc. The experimentswereperformedon successive days,under
verydifferentlighting conditions,andagainstdifferentbackgroundsin orderto obtainrealis-
tic data.Theseexperimentshaveshown thattheframework of languagegamesis effectiveto
enablethelearningof `the�rst words' andtheclassi�catoryconceptsthatgowith it.

SuccessfulLearning of `the �rst words'

Figure7.7 presentsthe evolution of the averagesuccessfor four sessions,eachstarting
from zeroknowledge(no wordsandno concepts).The successof a gameis recordedby
the mediator, basedon the answerof the robot. We seethat for all the runs the success
climbsregularly to successfulcommunication.It is interestingto notethatfrom thevery �rst
gamestheclassi�cationperformanceis veryhigh. It only takesa few examplesto beableto
discriminatesuccessfullythe threeobjectsin a given environment. But astheenvironment
changes,confusionmayariseandnew learningtakesplace,pushingup performanceagain.
This is a propertyof theinstance-basedlearningalgorithm.

Exp1 Exp2 Exp3 Exp4
Averagesuccess 0.81 0.85 0.81 0.80

Table7.1: Averagesuccessduringthetrainingsessions

If we averagethe classi�cation successover the whole training session,we obtain an
averageperformancebetween0.80and0.85(table1), whichmeansthatonaveragetherobot
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usesan appropriatename8 times out of 10. This includesthe period of training, so the
learningis extraordinarily fast. A closerlook at the errorsthat the robot makes(table2),
shows that therobotmakesfewer classi�cationerrorsfor theredball thanfor theothertwo
objects.This is dueto thefocusof attentionmechanismavailablefor trackingredobjects.It
easestheprocessof sharingattentionon thetopicof thegameandasaconsequenceprovides
the robot with dataof betterquality. The lack of this capability for the otherobjectsdoes
howevernotcausea failure to learnthem.

word/meaning Poo-chi RedBall Smiley Classif.success
Poo-chi 34 8 9 0.66
RedBall 0 52 4 0.92
Smiley 6 2 49 0.86

Table7.2: This tableshows theword/meaningsuccessratefor oneof thesessions.

It is obviously possibleto makethe perceptionandcategorisationin theseexperiments
morecomplex. Insteadwehave adoptedthesimplestpossiblesolutionsin orderto makethe
experiments- which involve real-timeinteractionwith humans- possible.If morecomplex
methodshadbeenadoptedthey wouldnot �t on theavailablehardwareandthedialogwould
no longerhavea real-timecharacter.

Comparisonwith non-sociallearning

Two counter-argumentshave beenadvancedagainsttheneedfor strongsocialinteraction
on �rst word learning: (1) unsupervisedlearninghasbeenclaimedto generatenaturalcat-
egorieswhich can then simply be labelledwith the words heardwhen the samesituation
occurs(thelabellingtheory),and(2) someresearchershave proposedthatinnateconstraints
guidethelearnerto theacquisitionof theappropriateconcepts.

To examinethe �rst counter-argumentFréd́eric Kaplanhasdonean experimentusinga
databaseof imagesrecordedfrom 164interactionsbetweenahumanandarobotdrawn from
thesamedialogsasthoseusedin sociallearning.Theexperimentconsistedof usingoneof
thebestavailableunsupervisedclusteringmethod(theEM method)in orderto seewhether
any naturalcategoriesarehiddenin the data. The EM algorithmdoesnot assumethat the
learnerknows in advancethenumberof categoriesthatarehiddenin thedata,becausethis
would indeedbe an unrealisticbias which the learnercannotknow. Unsupervisedneural
networkssuchas the Kohonenmap would give the same,or worse,resultsthan the EM
algorithm.

As the resultsin table3 show, the algorithmindeed�nds a setof clustersin the data;
eightto beprecise.But theclustersthatarefoundareunrelatedto theclassi�cationneeded
for learningthewordsin thelanguage.Theobjectsareviewedundermany differentlighting
conditionsandbackgroundsituations,andthe clusteringre�ects thesedifferentconditions
morethanthespeci�c objectsthemselves.

Clusters C0 C1 C2 C3 C4 C5 C6 C7
Poo-chi 9 0 2 11 6 20 0 3
RedBall 6 2 13 6 0 24 3 2
Smiley 5 2 5 2 12 25 3 3

Table7.3: Objectsandtheirclusters,obtainedfrom unsupervisedlearning.
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If we had to assigna nameto a singlecluster, Poo-Chiwould be assignedto C3, the
redball to C2 andSmiley to C5. With this schemeonly 30%of the instancesarecorrectly
clustered.If we associateeachclusterwith its bestname(asshown in table4), it wouldnot
be muchbetter. Only 47% would be correctlyclustered.We suspectthat the clusteringis
moresensitive to contextual dimensions,suchasthe light conditionsor backgroundof the
objectratherthantheobjectitself.

Cluster Bestname
C0 (Poo-chi) 9
C1 (RedBall, Smiley) 2
C2 RedBall 13
C3 Poo-chi 11
C4 (Smiley) 12
C5 Smiley 25
C6 (RedBall, Smiley) 3
C7 (Poo-chi,Smiley) 3

Table7.4: Clustersandnamesthatbestcorrespondwith them.

An additionalpoint is that the EM clusteringmethods,asany otherclusteringmethod,
arrive at differentclustersdependingon the initial conditions(randomseeds).Thereis not
necessarilya singlesolution,andthealgorithmmight getstuckinto a local minimum. This
implies that different individuals, that all useunsupervisedlearningto acquirecategories
areunlikely to endup with thesamecategories,which makestheestablishmentof a shared
communicationsystemimpossible.

The conclusionof this experimentis clear. Without the causalin�uence of language,a
learningalgorithmcannotlearnthe conceptsthat arerequiredto be successfulin language
communication.Note that theclusteringexperimentmakesuseof very gooddata(because
they wereacquiredin a socialinteraction). If anagentis presentedwith a seriesof images
takenwhile it is simply roamingaroundin theworld, a clusteringalgorithmproduceseven
moreirrelevantclassi�cations.

I now turn to thesecondcounterargument,namelythatinnateconstraintscouldguidethe
learningprocess.Thequestionhereis whattheseconstraintscouldbe.Thereis nothingin the
observed visualdatathat givesany indicationwhatsoever thatwe aredealingwith objects.
As mentionedearlier, therobotis notevencapableof properlysegmentingtheimage(which
would requiresomesort of templateandhencealreadyan ideaof what the object is). It
thereforeseemsmuchmoreplausiblethatthesocialinteractionhelpsthelearnerzoomin on
whatneedsto belearned.

Theseexperimentsonly give a glimpseof our methodologyat work andwe, aswell as
othercolleaguesin this �eld, have donemuchmore. What is importantis that we canex-
aminethe implicationsof different theoreticalassumptionsby varying componentsof the
arti�cial system,feedit differentdata,put it into anotherenvironment,etc.Eachtimewecan
carefully monitor the resultsof the experimentsandexaminethe causalrelationbetweena
theoreticalassumptionandobservedbehavior. Thisapproachthereforeintroducesanexperi-
mentalmethodologyinto thestudyof learningwhich is notpossiblewith humansubjects.
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7.5 Implications

Whatcanwe learnfrom this kind of experimentthat is relevantfor thefutureof learning?I
believe therearethreeimportanttake-homelessons.

The Natureof Early Word Learning

First, theseexperimentstell ussomethingaboutthenatureof learning,moreconcretelythe
learningof the very �rst wordsandtheir associatedmeanings.They show that thereis not
a singlemagicalmechanismbut that thekey lies in the integrationof many differentskills,
rangingfrom sharingattention,turn-taking,vision,andcategorisationto wordlearning.They
alsoshow thatit is notenoughto look at theindividual in isolation.

The interactionwith a mediatoris crucial andgamesarea goodway to structurethese
interactions.I believe thatmediationis importantfor thefollowing reasons:

1. The languagegameconstrainswhatneedsto be learned.In thespeci�c examplede-
velopedhere,this is knowledgefor classifyingobjects.So,ratherthanassumingprior innate
constraintson the kinds of conceptsthat shouldbe learnedor assumingthat unsupervised
clusteringgenerates̀naturalcategories', the social learninghypothesissuggeststhat con-
straintsareprovidedby thelanguagegamesinitiatedby mediators.

2. The languagegameguaranteesa certainquality of thedataavailableto thelearner. It
constrainsthecontext, for examplewith wordslike “listen” or throughpointinggestures.This
helpsto focustheattentionof thelearner. Adequatedataacquisitionis crucialfor any learning
methodandthemoremobileandautonomousthelearner, thelessobviousthisbecomes.

3. The languagegameinducesa structurefor pragmaticfeedback.Pragmaticfeedback
is in termsof successin achieving thegoalof the interaction,not in termsof conceptualor
linguistic feedback.

4. Thelanguagegameallowsthescaffolding of complexity. Thegameusedin thispaper
usesa single word like “ball” for identifying the referent. Oncesingle words have been
learned,morecomplex gamesbecomefeasable.We have alreadyexperimentedwith games
for learningnamesof actionsor morecomplex descriptionsof scenes.

5. Social learningenablesactive learning. The learnerdoesnot needto wait until a
situationpresentsitself that provides good learningdatabut can actively provoke sucha
situation.Wehaveparticularlyusedthis for theacquisitionof speech.Therobot�rst asksfor
thecon�rmation of a wordformbeforeincorporatinga new associationin its memory.
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Figure7.8:Theemphasisonlearner-centeredlearningandIT-basedlearningtoolsusedonan
individual basis,shouldnot makeus forget the importantrole of interactionasa motorand
enhancerof learningprocesses.

TeachingPractices

Our researchresultsaretoo recentto have hadany impacton educationalpractice.How-
ever I believe that they arepotentially far reaching. The child needsto learnto becomea
semiologist,capableof inventingnew meaningsfor dealingwith reality andof externalising
meaningsthroughwordsor otherrepresentations,andso betterunderstandingthis process
canhelpto enrichor givea theoreticalfoundationfor teachingpractices,particularlyfor �rst
languageteaching.Themainmessageof this paperis thatour vision of `meaningcreation'
processesneedsto shift from the traditionalnativist or empiriciststance,which assumesa
passive learnerconfrontingin isolationreality, towardstheview of anactive beingengaged
in meaningconstructionin asocialfashion.

It alsobecomesobviouswhy children(andadults)have suchgreatdif�culty to acquirea
secondlanguagewithin a traditionalschoolenvironment,whereasthey learnit (seemingly)
effortlesslyin groundedsocialinteractionwith others.The`school'styleof learninglanguage
differsin threewaysfrom thesociallearningof languagemodeledin ourroboticexperiments

1. Grounding: Traditional languageteachingusually takesplacein a de-contextualised
setting,without any groundingin the realworld. This makesit very dif�cult to form
meanings,i.e. to mapinformationto knowledge.

2. Mediation:Whenthereis asingleteacherin front of aclassroomof 30or morepupils,
it is notpossibleto havetheone-on-oneinteractionthatis necessaryfor sociallearning.
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3. Active learning:Our researchshows thatthelearnermustbeableto taketheinitiative,
testingout differenthypothesesand�lling in missingholes.In a classroomcontext it
is verydif�cult to achieve this form of active learning.

This is not meantto be a criticism of teachers.It is remarkablewhata teachercanachieve
giventhe`unnatural'circumstancesof a classroom.

Learning Tools

The methodologyof building arti�cial systemsfor investigatingissuesin the theory of
learninghasanadditionalbene�t. It canpotentiallyleadto new new educationaltechnolo-
gies,throughrobotsor arti�cial animatedagentsin virtual environmentsthatarefun to in-
teractwith, but at thesametime inducemomentsof sociallearning. Robotslike theAIBO
excitechildrenenormouslyandinducethemto variousformsof socialplay (seealsothenext
chapterby KerstinDautenhahn).This suggeststhat robotscould potentiallybe a platform
in whichgrounded,situatedlearningmaybeembedded,includingactivities in meaningcon-
struction.Robotscouldeitherplay therole of mediatorfor helpingto learncertainconcepts
andthelanguagethatgoeswith them,or thelearnercouldplay theroleof mediatorandthus
beforcedto re�ect ontheirown conceptsor language.Experimentshavenotyetbeendonein
thisdirection,andthey would in any caserequiremany moreadvancesin modelinglearning
processesonrobots.But thepotentialseemsundeniable.
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Group Discussion7
The SocialLearning of Language

The Problem of Grammar

Johnson:You showedushow robotscouldacquirebasicperceptuallygroundedconcepts
andthewordsfor them,but whataboutgrammar?

Steels:Well I didn't have time to talk aboutgrammar, but that is anotherdirection in
which I am working very intensely. We are settingup experimentsin which robotsplay
languagegameswith eachotherandbuild upnotonly conceptsandnamesfor theseconcepts
but also grammaticalconventionsfor expressingthings like predicate-argumentstructure,
determination,time, aspect,modality, topic-commentstructure,etc. I do not believe in the
Chomskyan ideathat thereis a kind of abstractsystemthatexists prior to the �rst dataand
in whichparametersarethensetbasedon linguisticevidence.InsteadI believe thatgrammar
is somethingthatarisesgradually, that is constructedby thechild. Considerthedistinction
betweennounsandverbs. Even assumingthey weregiven innately, how would you know
whetherawordlike “�ets” (bike)in Dutchwasanounor averb,unlessyoualreadyknow the
language?Moreover the languagedatais confusingbecauseeventhough“�ets” is basically
a noun, it canalsobe usedasa verb (as in “ik �ets naarhuis” (I bike home)). And how
would you explain that thereare languagessuchasMundari, an Austro-Asiaticlanguage,
which do not makea distinctionbetweennounsandverbs. Any lexicalisedpredicatecan
beusedasa verb in thesensethat it canbe usedaspredicationandtakestenseandaspect
markers,agreement,voice, etc., and asa noun, in which caseit takescasemarkersand is
usedreferentially. Wordsthereforedenoteboth thingsandevents.For examplelutur means
bothearandlisten,andkumRua thief andto steal.

SoI believe thatgrammar, eventhebasicgrammaticalnotionslike nounsandverbs,are
constructedby languageusersandthatchildrenhaveto performthisconstructiveeffort them-
selves,usingtheir genericcognitive apparatus.They have to usemechanismslike analogy,
generalisation,etc. I don't believe thereis a stronginnatesystemthatspeci�esthat thereis
somethinglike nounsandverbsin a language.I realisethatwehave anenormousamountof
work aheadof usto actuallyproveall this throughexperimentsof thesortI have shown you,
but this is my plananyway.

Rinaldi: Thedevelopmentof onelanguagecanbein�uenced by thedevelopmentof an-
otherlanguage,of the interactionbetweendifferentlanguages.In the Reggio approachwe
talk aboutthehundredlanguagesof children,whichareall differentrepresentationsthey use
to copewith reality. And we know from our practicethat children`discover' andconstruct
theselanguages.Are youworking on theinteractionbetweendifferentmodesof representa-
tion?

Steels:This is a very interestingideabut we have not doneanything on it. Your point is
very well takenbecauseif you look at themany languagesof expressionandthe feedback
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relationshipbetweenthem, one could bootstrapthe other, and in this way they could all
graduallybeconstructed.This is a fantasticideato expandour researchprogram.

Rinaldi: Wewouldbevery gratefulfor a deeperunderstandingof all this in Reggio.

NatureversusNurtur e

KenMogi: This wholequestionof natureversusnurturedoesn't seemvery productive to
me.In thisparticularexperimentthatyoudid, therobotis programmedtoplaythegame.This
is in somesensegeneticallydetermined.Without this kind of determination,therewouldbe
nogame.

Steels:Yes,of course.This is true. But theclaim of nativistsis muchstrongerthanthat.
Considercolour. Psychologistslike Sheppardwouldsaythatthefocalpoints,theprototypes,
for thebasiccolourslike blue,green,red,etc.,areinnatelygiven. Also for phonetics,they
would saythat phoneticcategories,like whethera consonantis voiced(as/d/) or unvoiced
(as/t/), which allow a distinctionbetweendifferentspeechsounds,areinnatelygiven. The
argumentis not whetheryou needa geneticdeterminatestructureof somesort,clearlyyou
do,theargumentis about“What arethey?”, “How language-speci�carethey? And thenyou
have thosetaking a strongstancethat concepts,grammaticalconventions,etc., are innate.
And I amsaying:they arenot.

Mogi: I'm nota linguist. But I seeChomsky andhis colleaguesasstrawmenin research
nothwithstandingthat strawmenare fun, I think it is fair to saythat genesandexperience
work together.

Steels:Of course.But you mustagreethatone's theoryof learningis going to bevery
differentif you assumethat colour categoriesare innate,that they' re �x ed anduniversally
shared,what I calledthe labelling theory, or if you assumethat colour conceptsareshaped
by ecology, culture,andlanguage.As long aswe do not go into detailaboutwhatis exactly
innate,we canargueuntil we fall asleep.

Mogi: My questionis: canyoustateagainwhatis innatein this system?
Steels:Therearea numberof genericabilities, e.g. the ability to categorize, to usean

associativememory, to visuallyextractfeaturesfrom theenvironment,to shareattention,etc.
What is not innateis which categoriesthereare, what wordswill be used,which word is
linked to which meaning. It is like neuralnetworks. They have the capability to arrive at
somegeneralisationbut youdon't put in whatthegeneralisationis goingto be.

Punset:Themostconvincing argumentof StevenPinker's theoryis that it is impossible
for childrento learna languagein lessthanthreeyears,andit hasconvincedlots of people.
Childrenat thatagecanonly handlevery simplecalculationproblems.But languageseems
extraordinarilycomplex andchildrencando it.

Steels:I believe thatchildrentakemuchmoretime thanthreeyearsto learna language!
If you interactwith threeyearoldsyouhave theimpressionthey mastera lot of languagebut
if youprobedeeperyou �nd they usea lot of cannedphraseswithout reallyhaving meanings
well establishedor without masteringthe propergeneralisations.For example,if you ask
a four year old aboutthe coloursof their clothesthey can answerperfectly becausethey
have beenplayinggamesto namethesecolours.But if you askcoloursof unknown objects
they can't do it. Colour words, just to takethis example,only stabilisearoundthe ageof
eight or so. For grammarit is muchmoredramatic. Many childrencannotproducewell-
formedcomplex sentences(with dependentclauses,etc.) until sixteenyears. Many adults
cannotproperlywrite out their thoughts.I stronglyresistthe ideathat languagelearningis
�nished at threeyearsold. InsteadI believe that we learnandinvent languageall our life
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Figure7.9: Groupdiscussion.How far canwelearnanything from building arti�cial systems
for thepracticeof education?Fromleft to right CarolineNevejan,BernardAllien, Luc Steels,
andMarleenWynants.

andconsequentlythatteachinglanguage,writing, etc.,mustbebasedonthisassumption.We
mustteachchildrento beactive participantsin thelanguagecommunityinsteadof assuming
thatall they haveto dois setanumberof parametersin aninnatelanguageacquisitiondevice.

Punset:But woulda theorybasedon learningnot taketoomuchtime?
Steels:No, we have donemany simulationsandthingsgo often surprisinglyfast. For

example,in thedomainof speechtherearemany constraintsthatnaturallylimit whatbehav-
iors the learnercanacquire. For exampleconstraintscomingfrom the articulatorysystem
(tongue,vocalchords,shapeof mouth,etc.)restrictthekindsof soundsyoucanmake.These
constraintsdon't have to be innatelygiven in your brain. They don't have to be learned.
Somesoundssimply cannotbemade.Therearemany otherconstraintswhich pushlearners
naturallytowardscertaintypesof solutions.Theargumentsusuallygivenfor innatenessare
argumentsfrom ignorance,wedon't understandhow childrencanlearnit soit mustbeinnate.
But if wework harderat it, I believe thatwe canunderstandthelearningprocess.

Hedegaard: In learninglanguage,we�nd thatchildrenhavetwo strategies,onefor learn-
ing namesof objectsandanotheronefor learningnamesfor action.Have youdoneanything
onactions?

Steels:Yes, I did not talk aboutit but we have experimentson this. The basicidea is
thattherobotcomeswith a repertoireof behaviorsorganisedin a networkandtriesdifferent
actionsto �nd outwhich oneis to beconnectedwith acertainname.

Hedegaard:I don't meanlearningtheaction.I meannamingtheaction.
Steels:Yes. But the learningof theaction,andtheconceptualisationandthenamingof

it, they all go together. Of courseall this is very dif�cult, but we're trying to do it.

CollectiveLearning

Nevejan: Canyou saymoreaboutyour experimentsin which groupsof robotstogether
developedasharedsetof wordsandmeanings,withouthumanintervention?

Steels: Yes, this is our way to investigatethe impact of culture on meaningcreation
andlanguage.We createda set-upwith a limited numberof `robotic bodies'ableto make
contactwith the world througha pan-tilt camera,and a large open-endedgrowing set of
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`agents',softwareentities,that could usethesebodiesto interactwith eachotherabouta
sharedsituationin theworld. Theagentsplayeda guessinggame,anotherkind of language
game,in which thespeakerhadto draw theattentionof thehearerto anobjectbeforethem
by usingwords.In theexperiment,theagentsdid not have any a priori conceptsor any pre-
givenlexicon. They constructednew meaningstodistinguishtheobjectsin theirenvironment,
namedthesemeaning,andabove all negotiatedsharedmeaningsfor the words. Thereis a
lot to sayaboutthis experiment,which ran for several monthsand involved thousandsof
agents,but thekey point is thatit showedthatlanguagecanemergethroughacollectiveself-
organisingprocesswheneachof theparticipantsin thecommunityhastheability to construct
their own meaningsandwordsandat thesametimeadapttheir constructionsto thatusedby
others.

Wynants:Collective learning,sharinga vision in orderto learnandto develop together
is fundamentalto thedevelopmentof cognition. JustineCassellaccentuatesthe importance
of self-ef�cacious storytellingabouttheself, throughcollaborationwith otherchildrenand
throughthedevelopmentof realprojects.It helpschildrenseetheir own powerandpossibil-
ity, to establishtheir belief that they canhave aneffect on theworld aroundthem.Or in the
wordsof psychologistJohnDewey: “I think thatevery kind of learningtakesplacethrough
theparticipationof theindividual in thesocialconsciousnessof humankind.”


