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Abstract. The papersurveys recentwork on modelingthe origins of commu-
nication systemsin groupsof autonomousdistributed agents.It is shown that
five principlesgleanedfrom biology are crucial: reinforcementlearning,self-
organisation,selectionism,co-evolution through structuralcoupling, and level
formation.
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1 Introduction

It is by now well acceptedthatwecandiscovernew computationalandproblemsolving
paradigmsby studyingnaturalsystems,particularlycomplex dynamicalsystems.This
strategy wasstill a dream15 yearsago[11] but hasbornerich fruits. Novel computa-
tional problemsolving paradigmsnow exist basedon analogieswith spinglasses,ge-
neticevolution, immunesystemdynamics,collective insectbehavior, DNA, biochem-
ical reactions,and last but not leastneuralnetworks.In eachcase,a setof primitive
elementsandtheir behavior is defined,an interactionis setup with the environment,
andthecollective behavior is studiedthatemergesfrom interactionsbetweentheindi-
vidual elementsandtheenvironment.A specificproblemis solvedby mappingit into
theinitial statesof acomplex systemanddefiningthedynamicssuchthatasolutioncor-
respondsto oneof its attractors.For example,the traveling salesmanproblemcanbe
mappedonto theinitial stateof a spin-glasssystem,andafter thespin-glassdynamics
hasoperated,afinal solutioncanbereadfrom theresultingstate.Thesameproblemcan
alsobemappedinto DNA strings[1] or theinitial statesof otherdynamicalsystems.

About5 yearsago,anumberof researchersstartedto adoptthissamestrategy with
respectto language(see[13] for review of earlierwork). Thebasicideais thata com-
munity of languageusers(furthercalledagents)canbe viewedasa complex adaptive
systemwhich collectively solvesthe problemof developinga sharedcommunication
system.To do so,thecommunitymustreachanagreementon a repertoireof forms(a
soundsystemin thecaseof spokenlanguage),a repertoireof meanings(theconceptu-
alisationsof reality),andarepertoireof form-meaningpairs(thelexiconandgrammar).
Communicationis not a generalcomputationalproblemof course(althoughneitheris
thetravelingsalesman)but neverthelessa problemof greatinterest.



First of all thereis a stronginterestfrom a scientificpoint of view. Findingthekey
how communicationsystemsof the complexity of humannatural languagesemerge
may help to solve the problemhow humanlanguageitself may have originatedand
evolved.This longstandingfascinatingquestionis receiving increasingattentionlately
([5], [6]), but only clearscientificmodelsthat explain how languageevolved (asop-
posedto enumeratingconditionswhy languageevolved) canbe expectedto steerus
away from themany speculationsthatmadethefield suspectfor a long time. By clear
scientificmodelsI meanthatthecognitivestructuresandinteractionbehaviors of each
agentis specifiedandthatit is shown how they collectively leadto a language.

Second,thereis an interestbecauseof possibleapplications.On theonehand,au-
tonomousartificial agentswhich needto coordinatetheir activity in open-endedenvi-
ronmentscouldmakeuseof thesemechanismsto developandcontinuouslyadapttheir
communicationsystems[14]. Ontheotherhand,understandinghow languagedevelops
andevolvesis probablyouronly hopeto ever getto technologicalartefactsthatexhibit
human-level languageunderstandingandproduction.Humanlanguagesareconstantly
changinganddiffer significantly from onespeakerto the next andfrom onecontext
to the next. So, we needlanguagetechnologieswhich exhibit the sameadaptivity as
humans.

The restof the paperreviews someof theexperimentsconductedso far. They al-
wayshave thesameform: (1) They involvea populationof (artificial) agents,possibly
robots.(2) The agentsengagein interactionssituatedin a specificenvironment.Such
an interactionis calleda game.(3) Eachagenthasa sensori-motorapparatus,a cog-
nitive architecture,anda script determininghow it interactswith others.(4) Thereis
an environment(possiblythe real world) which consistsof situationsthat areideally
open-ended.Thesituationin modelingtheevolution of communicationsystemsis dif-
ferentfrom thatof usingspinglassesor othernaturaldynamicalsystems.Spinglasses
aremuchsimplersystemsandhave beenthoroughlystudiedin the naturalsciences,
whereshow humansacquire,interpretandproducelanguageremainsto a greatextent
amystery.

2 Imitiation games for the emergence of sound system

The work of De Boer [3] is oneof the bestexampleshow a repertoireof forms may
becomeagreeduponin a distributedgroupof agents.Thiswork focusesexclusively on
theemergenceof vowels.Clearuniversaltendenciesexist for vowel systems[10] and
it wasalreadyshown thatthey aredueto functionalandsensori-motorconstraints[8].
Thequestionbeingaddressedin thenew experimentsis how agentscancometo share
a systemof vowelswithout having beengivena pre-programmedsetnor with central
supervision.

In theroboticsimulations,thesensori-motorapparatusof theagentsconsistsof an
acousticanalyseron the one hand,which extract the first formantsfrom the signal,
andan articulatorysynthesiseron theotherhand.The agentsplay an imitation game.
Oneagentproducesa randomsoundfrom its repertoire.Theotheragent(theimitator)
recognisesit in termsof its own repertoireandthenreproducesthe sound.Then the
first agentattemptsto recognisethesoundof theimitator againandif it is similar to its



own, the gameis a successotherwisea failure. This setupthereforeadoptsthemotor
theoryof perceptionwherebyrecognitionof asoundamountsto theretrieval of amotor
programthatcanreproduceit.

To achieve this task,theagentsin theDe Boerexperimentusetwo cognitivestruc-
tures:The vowels aremappedaspoints into a spaceformedby the first, secondand
third formants(seefigure 1) anda nearest-neighboralgorithm is usedto identify an
incomingsoundwith the soundsalreadystoredasprototypes.Theseprototypeshave
anassociatedmotorprogramthatcanbeusedto reproducethesound.Whenanimita-
tion gamesucceeds,thescoreof theprototypegoesup,which meansthat thecertainty
that it is in the repertoireincreases.Therearetwo typesof failure. Either the incom-
ing soundis nowherenearany of thesoundsalreadyin therepertoire.In thatcaseit is
addedto theprototypespaceandtheagenttriesto find its correspondingmotorprogram
by a hill-climbing process,producingandlisteningto itself. Alternatively, the incom-
ing soundis nearan existing soundbut the reproductionis rejectedby the producing
agent.Thismeansthattheimitator doesnotmakesufficiently fine-graineddistinctions.
Consequentlythe failure canberepairedby addingthis new incomingsoundasa new
prototypeto therepertoireandassociatingit with amotorprogramlearnedagainbyhill-
climbing. In orderto getnew soundsinto the repertoire,agentsoccasionally”invent”
a new soundby a randomchoiceof the articulatoryparametersandstoreits acoustic
imagein the prototypespace.Soundswhich have consistentlylow scoresarethrown
outandtwo soundsthatareveryclosetogetherin theprototypespacearemerged.

Quiteremarkably, thefollowingphenomenaareperceivedwhenaconsecutiveseries
of gamesis playedby apopulationof agents:(1) A repertoireof sharedsoundsemerges
throughself-organisation(seefigure 1). (2) The repertoirekeepsexpandingas long
as thereis pressureto do so. (3) Most interestingly, the kinds of vowel systemsthat
emergehavethesamecharacteristicsasthoseof naturalvowel systems.Theexperiment
thereforenotonly showsthattheproblemcanbesolvedin adistributedfashionbut also
thatit capturessomeessentialpropertiesof naturalsystems.

Fig. 1. Exampleof the evolution of a vowel system.Vowels are representedin formantspace
(first andsecondformant).We seethatprogressively coherenceaswell asincreasedcomplexity
emerges.



Threeprincipleshave beenused:Reinforcementlearning[18] basedon feedback
aftereachgame.It is usedto reinforcea vowel in therepertoireof an individualagent
or dismissit. Reinforcementlearningin itself doesnot explain however how thegroup
arrivesata sharedsolution.Thereis asecondprincipleatwork: self-organisation.Self-
organisation(in thesenseof Nicolis andPrigogine[9]) ariseswhenthereis a positive
feedbackloop in an opennon-linearsystem.Concretelythereis a positive feedback
betweenuseandsuccess.Soundsthatare(culturally)successfulpropagate.Themorea
soundis usedthemoresuccessit hasandit will beusedeven more.Self-organisation
explains that the group reachescoherence,but not why thesespecificvowels occur
andnot others.For this we needa third principle,namelyselectionism.Thescoresof
vowelsthatcanbesuccessfullydistinguishedandreproducedgivena specificsensori-
motorapparatushave a tendency to increaseandthey hencesurvive in thepopulation.
Novel soundsor deviationsof existing sounds(which automaticallygetproduceddue
to theunavoidablestochasticity)createvariation,andsensori-motorconstraintsselect
thosethatcanbere-producedandrecognised.Thecloserwe canmodelhumannatural
sensori-motorbehavior themorerealisticthevowel systemsbecome.

3 Discrimination games for evolving meaning repertoires

Anotherseriesof experimentshasdemonstratedhow a meaningrepertoiremayemerge
in a population.Onceagain,apopulationof agentsis definedwhich play aconsecutive
seriesof games.The gamesare typically discriminationgames.An agentperceives
somepart of reality, for examplethrougha cameraand low level segmentationand
featuredetection,andselectsoneof theobjects(morepreciselysegmentsin thevisual
image)asthetopic. Theagentthentriesto distinguishthetopic from theotherobjects
in thecontext, for exampleby findingacategory, or a logicalcombinationof categories,
thatis valid for the topic but not for theotherobjectsin thecontext. Thussupposethe
scenecontainsa red triangleto theleft of theimage,a greensquareto theright, anda
redsquareabove it. Supposethattheredtrianglehasbeenchosenastopic,thenpossible
distinctivefeaturesare:red,triangle,objectto theleft, or a conjunctivecombinationof
them.

In the experimentsreportedin [17] the agentsstart from a visual imagecaptured
by a camera.The cognitive structurebeing usedconsistsof discriminationtreesfor
everysensori-motorchannelavailableto theagent(figure2). Thetreedividesasensory
channelup into finer andfiner subregions.New divisionsaregeneratedby randomly
selectingachannelandmakingafurthersubdivision,somewhatlike leavesgrowing on
a treein a randomfashion.Dataabouteachsegmentin thescenefalls into a subregion
on eachof thechannelsanda distinctivesubregion (andhencea category) is identified
if thedataof thetopicfalls into it but not thedataof any otherobjectin thescene.Each
categoryhasascorereflectinghow muchit hasbeenusedsuccessfully. Whencategories
havenosuccessthey areeventuallypruned.Experimentswith roboticagentsconfronted
with realworldenvironmentshaveshown thatastablerepertoireof categoriesbuildsup.
Thecategorial repertoiresarenot necessarilyidenticalin eachagentandthey continue
to expandor contractwhentheenvironmentchanges.



Fig. 2. Thediscriminationtreesdevelopedby two physicallyembodiedagents(left) and(right).
Thetopof thefigureshowsthetreesafterplaying100gamesandbottomafter200games.

Othersimilar experimentsuseotherkinds of categorial mechanisms(for example
prototypesor adaptive subspaces[4]. What is importantthereforeis not the specific
learningmechanism,but ratherthe ideaof organisingthe repertoireformationprocess
in termsof a seriesof games.We seethat someof the samemechanismshave been
put to work asfor emergentsoundsystems:Reinforcementlearning,becausetheenvi-
ronmentgivesfeedbackon which categoriesaredistinctiveandthis is usedto maintain
or eliminatethem,andselectionism,becausethe spontaneouslygeneratedcategorial
distinctionsundergo selectionpressurefrom the environmentand the discrimination
taskitself. Thereis no self-organisationbecauseeachagentconstructsindividually his
own repertoirewhich will only be similar to theextent that theagentsarein thesame
environmentandusethesamesensori-motorapparatus.

4 Naming games for form-meaning repertoires

Otherwork hasfocusedon how a sharedsetof form-meaningrelationscould collec-
tively be built up by a populationof agents(seee.g.[5], [12]). Onceagainthereis a
populationof agents.They play naminggames.The agentshave two componentsin
theircognitivearchitecture:A mechanismfor categorisation,suchasthediscrimination
treesdiscussedearlier, anda lexicon which consistsof a two-wayassociative memory
storingform-meaningpairs.The agentsdo not have a generaloverview nor can they
inspecteachothers’lexicons.

Whenthespeakerhasameaningto express,helooksup in his lexiconwhatthepre-
ferredword is. Theheareruseshis own lexicon to retrieve themostexpectedmeaning.
Thegamesucceedswhenthemeaningretrievedby theheareris compatiblewith thatof



thespeaker. Thereis lateralinhibition: thescoresof theassociationsthatwereusedgo
up andthoseof competingassociationsgo down. Whenthe gamefails, scoresof par-
ticipatingassociationsgo down. In somesimulations,speakerandhearerhave access
to eachother’s meanings,which violatesthe ”no-telepathy”assumption.In otherex-
periments,this is not thecaseandspeakerandheareronly indirectlycanlearnwhether
thesamemeaningwasused.This introducesadditionaldifficultiessuchasword-sense
ambiguity(oneword with multiple meanings)in additionto synonymy (onemeaning
multiplewords).

Figure3 (from [15]) givesa typical exampleof experimentalresultsin which an
increasingpopulationof distributedagentscollectively createasharedlexicon by play-
ing naminggames(anddiscriminationgamesasdiscussedin theprevioussubsection).
Theagentsin this casearerobotsperceiving geometricscenesin the form of colored
geometricfigurespastedon thewhite boardin front of them.We clearlyseea winner-
take-allsituationin which oneworddominatesaftera struggleagainstalternatives.We
alsoseethatword-senseambiguitygetsdamped.This is moredifficult becauseoften
morethanonemeaningis compatiblewith thesamesituationandagentshave to wait
until a situationarisesthatdisambiguatestheword-meaningrelation.
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Fig. 3. A meaning-formdiagramwhich graphsfor a specificmeaningall thepossibleformsand
theirscore.A winner-take-allsituationis clearlyobserved.

Analysing this experimentwe seethe samethreeprinciplesas in earlier experi-
ments.Thereis clearlyagaina form of reinforcementlearningwhich is now basedon
successor failure in the languagegameasa whole. The gamesucceedsif the hearer



identifiestheobjectthat thespeakerhadin mind.Thereis self-organisationdueto the
positivefeedbackloopbetweenuseandsuccess:Whenaword-meaningpair is success-
ful, thescoregoesup.Agentsprefertheword thathasthehighestscorefor producing
andinterpreting,hencewordsthathave moresuccesswill beusedandthis leadsagain
towardsgreatersuccess.Selectionismalsoplaysa role herebecausethesensori-motor
apparatusof theagentandthesituationsthey encounteractsasselectionistforces.For
example,a word-meaningpair for which themeaningcannotreliablyberecognisedby
thehearerwill have lesschanceof survival.

A fourthprinciple,alsowidelyusedin biology,playsanadditionalrolenow, namely
structuralcoupling (Maturanaand Varela) leadingto co-evolution betweenmeaning
repertoiresandlexicons.Specificallya meaningformationrepertoire(suchasthe one
discussedin theprevioussubsection)is coupledto the lexicon formationrepertoirein
two ways:New categoriesmaybe generatedat any time to be successfulin discrimi-
nation.This obviously influenceswhatword-meaningpairsmayarise.But conversely,
successin thelanguagegameinfluencesthescoreof thecategoriesused,sothecategori-
sationprocessbecomestunedto bebetteradaptedto thelanguagein theenvironmentof
theagents.Thisway theontologiesof thedifferentagentsbecomesimilar eventhough
thereis no telepathyandit is not innatelygiven.

5 Experiments in the origins of grammar

Several researchers,mostnotablyBatali [2], Kirby [7] andSteels[16],[17] have been
conductingexperimentsto explain how languageswith thegrammaticalcomplexity of
humannaturallanguagesmay emerge. This requiresa scale-upalongall dimensions
(form, meaning,andform-meaningassociation)and it is thereforenot surprisingthat
many openquestionsremain.I briefly discussexperimentsconductedby Batali [2] asa
representativeexample.

Theexperimentonceagainstartsby settingup a populationof agents.They have a
cognitivearchitecturewhich consistsof a repertoireof meaningstructuresanda gram-
marableto relate(structured)meaningswith expressionsthathaveasyntacticstructure.
Thecomputationalandlearningmechanismsusedby Bataliarebasedonrecurrentneu-
ral networksbut other typesof learningsuchasmemory-basedlearningor grammar
inductioncouldequallywell be used.The agentsplay a languagegamein which the
speakerconceivesof a meaning,useshis grammarto translatethatto a form, andthen
transmitsthat to thehearer. Thehearerparsestheform andinterpretsit into a possible
meaning.In theBataliexperimentthe(unrealistic)assumptionis madethatspeakerand
hearersharemeaningindependentof language,but otherexperiments(suchas [17])
do not makethis assumptionandagentsonly get indirect feedbackwhetherthemean-
ing they guessedwastheright one.If thegamefails (themeaningsarenot equal),the
networksof theheareradaptsto bemoresuccessfulin futuregames.Batali hasshown
thatsyntacticstructuresindeedemerge whena consecutive seriesof gamesis played.
The syntacticstructuresaresurelynot of the samecomplexity assyntacticstructures
foundin humanlanguagesandthegrammardoesnot exhibit thesometimesvery regu-
larsystematicityfoundin naturallanguages,but neverthelesscompositionalityis clearly



visible: new sentencescouldbeconstructedby thecombinationof partsbuilt up from
earliersentences.

The Batali experiment(and other experimentsin emergent grammarsuchas the
onesreportedin [16]) usethesameprinciplesasdiscussedin earlierexperiments:rein-
forcementlearningby theindividual to tunein to theconventionspresentin thepopu-
lation,self-organisationbasedon a positive feedbackloop betweenuseandsuccessto
getcoherence,selectionismconstrainedby theenvironments,thesensori-motorappa-
ratusandthecognitivearchitectureof theagents,andco-evolutionbetweensyntaxand
semanticsthroughstructuralcoupling.But thestudyof grammaralsointroducesanew
phenomenon,namelylevel formation,resultingin hierarchicalstructuresandcompo-
sitionality. Levels form becausepartial structurescanbe reusedandthusform stable
islandswithin larger structures.Level formationis alsofound in many biological sys-
tems.For example,whena symbioticrelationdevelopsbetweenorganismsthey may
evolve into a dependentrelationshipleadingto a new higherlevel organism.

6 Conclusions

Althoughweareonly atthebeginningof theevolutionaryapproachto linguisticsbriefly
sketchedin thispaper, it is alreadyquiteclearthatsomegeneralprinciplesareemerging
to understandhow a groupof distributedagentsmightautonomouslygeneratecommu-
nicationsystemsof thecomplexity of humannaturallanguage.Theseprinciplesare:re-
inforcementlearning,self-organisation,selection,co-evolution throughstructuralcou-
pling,andlevel formation.It is notsurprisingthatall theseprincipleshavebeeninspired
bybiology.Theview thatemergesfrom thisresearchis thatlanguagecanbestbeseenas
alivingsystemthatis continuouslyevolving andadaptingin aculturalprocessbasedon
thedistributedactivity of its users.Consequentlythecomputationalinvestigationsinto
geneticevolution,antpathformation,neuralnetworks,andotherbiologicalsystemsare
an importantsourceof insight.This view is in starkoppositionto theChomskyanap-
proachto linguistics,which suggeststhatlanguageis a largely innatestaticabstraction
uniformly presentin the population.The paradigmshift implicit in thework reported
hereis asprofoundandimportantastheshift in biology from typologicalthinking to
thepopulationthinking thatstartedtheDarwinianrevolution.
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