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Abstract. The papersuneys recentwork on modelingthe origins of commu-
nication systemsin groupsof autonomoudistributed agents.lt is shavn that
five principles gleanedfrom biology are crucial: reinforcementiearning, self-
organisation,selectionismco-evolution through structuralcoupling, and level
formation.
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1 Introduction

It is by now well acceptedhatwe candiscover new computationahndproblemsolving
paradigmdy studyingnaturalsystemsparticularlycomplex dynamicalsystemsThis
stratgy wasstill a dream15 yearsago[11] but hasbornerich fruits. Novel computa-
tional problemsolving paradigmaow exist basedon analogieswith spinglassesge-
netic evolution, immunesystemdynamics collective insectbehaior, DNA, biochem-
ical reactionsandlast but not leastneuralnetworks.In eachcase,a setof primitive
elementsandtheir behaior is defined,an interactionis setup with the ervironment,
andthe collective behaior is studiedthatemegesfrom interactionsetweerthe indi-
vidual elementsandthe ervironment.A specificproblemis solved by mappingit into
theinitial statesof acomple systemanddefiningthedynamicssuchthatasolutioncor-
responddo oneof its attractors For example,the traveling salesmamproblemcanbe
mappedonto theinitial stateof a spin-glassystemandafterthe spin-glasslynamics
hasoperatedafinal solutioncanbereadfrom theresultingstate Thesameproblemcan
alsobe mappednto DNA strings[1] or theinitial statesof otherdynamicalsystems.

About5 yearsago,anumberof researcherstartedto adoptthis samestratgy with
respecto languagesee[13] for review of earlierwork). The basicideais thata com-
munity of languageusers(further called agents)canbe viewed asa comple adaptve
systemwhich collectively solvesthe problemof developinga sharedcommunication
system.To do so,the communitymustreachan agreemenbn a repertoireof forms (a
soundsystemin the caseof spokenanguage)a repertoireof meaninggthe conceptu-
alisation9of reality), andarepertoireof form-meaningairs(thelexicon andgrammar).
Communicatioris not a generalcomputationaproblemof course(althoughneitheris
thetraveling salesmanbput nevertheless problemof greatinterest.



Firstof all thereis a stronginterestfrom a scientificpoint of view. Findingthe key
how communicationsystemsof the compleity of humannaturallanguagesemege
may help to solve the problemhow humanlanguageitself may have originatedand
evolved. This longstandingascinatingquestionis receving increasingattentionlately
(5], [6]), but only clear scientific modelsthat explain how languageevolved (asop-
posedto enumeratingconditionswhy languageevolved) can be expectedto steerus
away from the mary speculationshatmadethe field suspecfor alongtime. By clear
scientificmodelsl meanthatthe cognitive structuresandinteractionbehaiors of each
agents specifiedandthatit is shavn how they collectively leadto alanguage.

Secondthereis aninterestbecausef possibleapplications On the onehand,au-
tonomousartificial agentswhich needto coordinatetheir activity in open-endeervi-
ronmentsould makeuseof thesemechanism$o developandcontinuouslyadapttheir
communicatiorsystemg14]. Ontheotherhand,understandindpow languagedevelops
andevolvesis probablyouronly hopeto ever getto technologicabrtefactshatexhibit
human-leel languageunderstandingnd production.Humanlanguagesreconstantly
changingand differ significantly from one speaketto the next and from one context
to the next. So, we needlanguagetechnologiesvhich exhibit the sameadaptvity as
humans.

The restof the paperreviews someof the experimentsconductedso far. They al-
wayshave the sameform: (1) They involve a populationof (artificial) agentspossibly
robots.(2) The agentsengagen interactionssituatedin a specificervironment.Such
aninteractionis calleda game.(3) Eachagenthasa sensori-motoapparatusa cog-
nitive architectureanda script determininghow it interactswith others.(4) Thereis
an ernvironment(possiblythe real world) which consistsof situationsthat areideally
open-endedThesituationin modelingthe evolution of communicatiorsystemss dif-
ferentfrom thatof usingspinglasser othernaturaldynamicalsystemsSpin glasses
are much simpler systemsand have beenthoroughlystudiedin the naturalsciences,
whereshow humansacquire interpretandproducelanguagaemainsto a greatextent
amystery

2 Imitiation gamesfor the emergence of sound system

The work of De Boer[3] is oneof the bestexampleshow a repertoireof forms may
becomeagreeduponin a distributedgroupof agentsThiswork focusesexclusively on
the emegenceof vowels. Clearuniversaltendenciexist for vowel systemdq10] and
it wasalreadyshown thatthey aredueto functionalandsensori-motoconstraintg48].

Thequestiorbeingaddresseth the new experimentss how agentsancometo share
a systemof vowelswithout having beengiven a pre-programmedetnor with central
supervision.

In therobotic simulationsthe sensori-motoapparatu®f the agentsonsistsof an
acousticanalyseron the one hand, which extract the first formantsfrom the signal,
andan articulatorysynthesiseon the otherhand.The agentsplay animitation game.
Oneagentproducesa randomsoundfrom its repertoire.The otheragent(the imitator)
recognisest in termsof its own repertoireand thenreproduceghe sound.Thenthe
first agentattemptgo recognisehe soundof theimitator againandif it is similarto its



own, the gameis a succes®therwisea failure. This setupthereforeadoptsthe motor
theoryof perceptiorwherebyrecognitionof a soundamountgo theretrieval of amotor
programthatcanreproducet.

To achieve this task,the agentdn the De Boer experimentusetwo cognitive struc-
tures: The vowels are mappedas pointsinto a spaceformed by the first, secondand
third formants(seefigure 1) and a nearest-neighbaalgorithmis usedto identify an
incoming soundwith the soundsalreadystoredas prototypes.Theseprototypeshave
anassociatednotor programthat canbe usedto reproduceghe sound.Whenanimita-
tion gamesucceedshe scoreof the prototypegoesup, which meanghatthe certainty
thatit is in the repertoireincreasesTherearetwo typesof failure. Either the incom-
ing soundis nowherenearary of the soundsalreadyin therepertoireln thatcaseit is
addedo the prototypespaceandtheagentriesto find its correspondingnotorprogram
by a hill-climbing processproducingandlisteningto itself. Alternatively, theincom-
ing soundis nearan existing soundbut the reproductionis rejectedby the producing
agent.This meanghattheimitator doesnot makesuficiently fine-grainedistinctions.
Consequentlyhe failure canbe repairedby addingthis new incomingsoundasa new
prototypeto therepertoireandassociatingt with amotorprogramlearnedagainby hill-
climbing. In orderto getnew soundsinto the repertoire,agentsoccasionally’invent”
anew soundby arandomchoiceof the articulatoryparametersand storeits acoustic
imagein the prototypespace.Soundswhich have consistentlylow scoresarethrown
outandtwo soundghatarevery closetogethetrin the prototypespacearemeged.

Quiteremarkablythefollowing phenomenarepercevedwhenaconsecutie series
of gameds playedby a populationof agents(1) A repertoireof sharedsoundsmepges
through self-omganisation(seefigure 1). (2) The repertoirekeepsexpandingas long
asthereis pressurdo do so. (3) Most interestingly the kinds of vowel systemghat
emegehavethesamecharacteristicasthoseof naturalvowel systemsTheexperiment
thereforenot only shavsthatthe problemcanbesolvedin adistributedfashionbut also
thatit capturesomeessentiapropertieof naturalsystems.
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Fig. 1. Exampleof the evolution of a vowel system.Vowels are representedn formantspace
(first andsecondiormant).We seethatprogressiely coherencaswell asincreasedcompleity
emepges.



Threeprincipleshave beenused:Reinforcementearning[18] basedon feedback
aftereachgame.lt is usedto reinforcea vowel in the repertoireof anindividual agent
or dismissit. Reinforcementearningin itself doesnot explain however how the group
arrivesata sharedsolution.Thereis asecondorincipleatwork: self-oganisationSelf-
organisation(in the senseof Nicolis andPrigogine[9]) ariseswhenthereis a positive
feedbackioop in an opennon-linearsystem.Concretelythereis a positive feedback
betweeruseandsuccessSoundghatare(culturally) successfupropagateThemorea
soundis usedthe moresuccesst hasandit will be usedeven more.Self-oiganisation
explains that the group reachescoherenceput not why thesespecific vowels occur
andnot others.For this we needa third principle, namelyselectionismThe scoresof
vowelsthat canbe successfullydistinguishedandreproducedjiven a specificsensori-
motor apparatudhiave atendeny to increaseandthey hencesurvive in the population.
Novel soundsor deviations of existing soundgwhich automaticallyget produceddue
to the unaroidablestochasticity)createvariation,and sensori-motoconstraintsselect
thosethatcanbere-producedndrecognisedThe closerwe canmodelhumannatural
sensori-motobehaior the morerealisticthe vowel systemdecome.

3 Discrimination gamesfor evolving meaning repertoires

Anotherseriesof experimentshasdemonstratetiow a meaningepertoiremayemege
in a population.Onceagain,a populationof agentds definedwhich play a consecutie
seriesof games.The gamesare typically discriminationgames.An agentperceves
somepart of reality, for examplethrougha cameraandlow level sggmentationand
featuredetectionandselectoneof the objects(morepreciselysggmentsin the visual
image)asthetopic. The agentthentriesto distinguishthe topic from the otherobjects
in thecontet, for exampleby finding a cateory, or alogical combinatiorof cateories,
thatis valid for the topic but not for the otherobjectsin the context. Thussupposehe
scenecontainsa redtriangleto theleft of theimage,a greensquareto theright, anda
redsquareabove it. Supposehattheredtrianglehasbeenchoserastopic,thenpossible
distinctivefeaturesare:red, triangle,objectto theleft, or a conjunctive combinationof
them.

In the experimentsreportedin [17] the agentsstartfrom a visual image captured
by a camera.The cognitive structurebeing usedconsistsof discriminationtreesfor
every sensori-motochannebvailableto the agent(figure2). Thetreedividesa sensory
channelup into finer andfiner subrgjions. New divisionsare generatedy randomly
selectinga channelandmakinga furthersubdiision, somevhatlike leavesgrowing on
atreein arandomfashion.Dataabouteachsegmentin the scenefalls into a subreion
on eachof the channelsanda distinctive subrgion (andhencea catgory) is identified
if thedataof thetopicfalls into it but notthedataof ary otherobjectin thesceneEach
catgjory hasascorereflectinghow muchit hasbeenusedsuccessfullywhencateories
have nosuccesshey areeventuallypruned Experimentsvith roboticagentsonfronted
with realworld ervironmentshave shavn thata stablerepertoireof catgoriesbuilds up.
The categyorial repertoiresaarenot necessarilydenticalin eachagentandthey continue
to expandor contractwhentheenvironmentchanges.
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Fig. 2. Thediscriminationtreesdevelopedby two physicallyembodiedagentdleft) and(right).
Thetop of thefigure shows the treesafterplaying 100gamesandbottomafter 200 games.
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Othersimilar experimentsuseotherkinds of cateorial mechanismgfor example
prototypesor adaptve subspace$d]. What is importantthereforeis not the specific
learningmechanismbut ratherthe ideaof organisingthe repertoireformationprocess
in termsof a seriesof games.We seethat someof the samemechanismsave been
putto work asfor emegentsoundsystemsReinforcementearning,becauséhe ervi-
ronmentgivesfeedbackon which categyoriesaredistinctiveandthis is usedto maintain
or eliminatethem, and selectionismpbecausdhe spontaneouslgeneratedateorial
distinctionsundego selectionpressurerom the environmentand the discrimination
taskitself. Thereis no self-omganisatiorbecauseachagentconstructsndividually his
own repertoirewhich will only be similar to the extentthatthe agentsarein the same
ervironmentandusethe samesensori-motoapparatus.

4 Naming gamesfor form-meaning repertoires

Otherwork hasfocusedon how a sharedsetof form-meaningrelationscould collec-
tively be built up by a populationof agents(seee.qg.[5], [12]). Onceagainthereis a
populationof agents.They play naminggames.The agentshave two componentsn
theircognitivearchitectureA mechanismior cateorisation,suchasthediscrimination
treesdiscussectarlier andalexicon which consistsof a two-way associatie memory
storingform-meaningpairs. The agentsdo not have a generaloverviev nor canthey
inspecteachothers’lexicons.

Whenthespeakehasa meaningo expresshelooksupin his lexicon whatthepre-
ferredwordis. The heareruseshis own lexicon to retrieve the mostexpectedmeaning.
Thegamesucceedsvhenthemeaningetrievedby the heareiis compatiblewith thatof



thespeakerThereis lateralinhibition: the scoresof theassociationshatwereusedgo
up andthoseof competingassociationgjo down. Whenthe gamefails, scoresof par
ticipating associationgjo down. In somesimulations speakerand hearerhave access
to eachother’s meaningswhich violatesthe "no-telepathy”assumptionin otherex-
perimentsthisis notthe caseandspeakeandheareronly indirectly canlearnwhether
the samemeaningwasused.This introducesadditionaldifficulties suchasword-sense
ambiguity (oneword with multiple meanings)n additionto synorymy (one meaning
multiple words).

Figure 3 (from [15]) givesa typical exampleof experimentalresultsin which an
increasingpopulationof distributedagentscollectively createa sharedexicon by play-
ing naminggameganddiscriminationgamesasdiscussedn the previous subsection).
The agentsin this casearerobotsperceving geometricscenesn the form of colored
geometridigurespastedon the white boardin front of them.We clearly seea winner
take-allsituationin which oneword dominatesaftera struggleagainstalternatives.We
alsoseethatword-sensexmbiguity getsdamped This is more difficult becauseften
morethanonemeaningis compatiblewith the samesituationandagentshave to wait
until a situationarisesthatdisambiguatethe word-meaningelation.
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Fig. 3. A meaning-formdiagramwhich graphsfor a specificmeaningall the possibleforms and
theirscore A winnertake-allsituationis clearly obsened.

Analysing this experimentwe seethe samethreeprinciplesasin earlier experi-
ments.Thereis clearly againa form of reinforcementearningwhich is now basedon
succes®r failure in the languagegameasa whole. The gamesucceedsf the hearer



identifiesthe objectthatthe speakehadin mind. Thereis self-oganisatiordueto the
positivefeedbackoop betweeruseandsuccessWhenaword-meaningpairis success-
ful, the scoregoesup. Agentsprefertheword thathasthe highestscorefor producing
andinterpreting,hencewordsthathave moresuccessvill be usedandthis leadsagain
towardsgreatersuccessSelectionismalsoplaysarole herebecauseghe sensori-motor
apparatusf the agentandthe situationsthey encountemlactsasselectionisforces.For
example,aword-meaningair for which the meaningcannotreliably be recognisedy
thehearemwill have lesschanceof survival.

A fourth principle,alsowidely usedn biology, playsanadditionalrole now, namely
structuralcoupling (Maturanaand Varela) leadingto co-evolution betweenmeaning
repertoiresandlexicons. Specificallya meaningformationrepertoire(suchasthe one
discussedn the previous subsection)s coupledto the lexicon formationrepertoirein
two ways: New catgjoriesmay be generatedt ary time to be successfuln discrimi-
nation.This obviously influencesvhatword-meaningairsmay arise.But conversely
succesi thelanguagegyameinfluenceghescoreof thecateyoriesused sothecateyori-
sationprocesdecomesunedto bebetteradaptedo thelanguagen theernvironmentof
theagentsThis way the ontologiesof the differentagentdecomesimilar eventhough
thereis no telepathyandit is notinnatelygiven.

5 Experimentsin theoriginsof grammar

Several researcheranostnotablyBatali [2], Kirby [7] and Steels[16],[17] have been
conductingexperimentso explain how languagesvith the grammaticacompleity of
humannaturallanguagesnay emege. This requiresa scale-upalong all dimensions
(form, meaning,andform-meaningassociationpndit is thereforenot surprisingthat
mary openquestionsemain.| briefly discussxperimentonductedy Batali [2] asa
representatie example.

The experimentonceagainstartsby settingup a populationof agentsThey have a
cognitive architecturevhich consistsf a repertoireof meaningstructuresanda gram-
marableto relate(structuredneaningith expressionshathave a syntacticstructure.
Thecomputationahndlearningmechanismsisedby Bataliarebasecn recurrenineu-
ral networksbut othertypesof learningsuchas memory-basedearningor grammar
inductioncould equallywell be used.The agentsplay a languagegamein which the
speakerconcevesof a meaninguseshis grammarto translatethatto a form, andthen
transmitsthatto the hearer The hearemparsegshe form andinterpretsit into a possible
meaningln the Batali experimentthe (unrealistic)assumptioris madethatspeakeand
hearersharemeaningindependenbf languagebut other experiments(suchas[17])
do not makethis assumptiorandagentsonly getindirectfeedbackwhetherthe mean-
ing they guessedvastheright one.If the gamefails (the meaningsarenot equal),the
networksof the heareradaptgdo be moresuccessfuin future gamesBatali hasshavn
that syntacticstructuresndeedemege whena consecutie seriesof gamess played.
The syntacticstructuresare surely not of the samecompleity assyntacticstructures
foundin humanlanguagesndthe grammardoesnot exhibit the sometimesery regu-
lar systematicityfoundin naturallanguagedhut neverthelesgompositionalityis clearly



visible: new sentencesould be constructedy the combinationof partsbuilt up from
earliersentences.

The Batali experiment(and other experimentsin emegent grammarsuchasthe
onesreportedn [16]) usethe sameprinciplesasdiscussedhn earlierexperimentsrein-
forcementearningby theindividualto tunein to the corventionspresentn the popu-
lation, self-olganisatiorbasedon a positive feedbacKoop betweeruseandsuccesso
getcoherenceselectionisnmconstrainedy the ervironments the sensori-motoappa-
ratusandthe cognitive architectureof the agentsandco-evolution betweersyntaxand
semanticghroughstructuralcoupling.But the studyof grammaralsointroducesanew
phenomenonnamelylevel formation, resultingin hierarchicalstructuresand compo-
sitionality. Levels form becausepartial structurescan be reusedandthusform stable
islandswithin larger structuresLevel formationis alsofoundin mary biological sys-
tems.For example,whena symbiotic relation developsbetweenorganismsthey may
evolveinto a dependentelationshipeadingto a new higherlevel organism.

6 Conclusions

Althoughweareonly atthebeginning of theevolutionaryapproacho linguisticsbriefly

sketchedn this paperit is alreadyquite clearthatsomegeneraprinciplesareemeging

to understandhow a groupof distributedagentsmight autonomouslygenerateommu-
nicationsystemsf thecompleity of humannaturallanguageTheseprinciplesare:re-

inforcementearning,self-olganisationselection co-evolution throughstructuralcou-

pling, andlevel formation.It is notsurprisingthatall theseprincipleshave beeninspired
by biology. Theview thatemegesfrom thisresearchs thatlanguageanbestheseeras
aliving systenthatis continuouslyevolving andadaptingn aculturalprocessasedn

thedistributedactivity of its users. Consequentlyhe computationalnvestigationsnto

geneticevolution, antpathformation,neuralnetworks andotherbiologicalsystemsre
animportantsourceof insight. This view is in starkoppositionto the Chomslkan ap-

proachto linguistics,which suggestshatlanguages a largely innatestaticabstraction
uniformly presentn the population.The paradigmshift implicit in the work reported
hereis asprofoundandimportantasthe shift in biology from typologicalthinking to

the populationthinking that startecthe Darwinianrevolution.
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