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Abstract

We presentan implementedarchitecturefor simulatingthe evolution of naturallanguage. The
workbenchallows parameterizatioof alargenumberof assumptionghatresearcheri the eld work
with, allowing interactionsof parameterso be exploredin detail. The systemis basedon a social
ratherthangeneticmodelof languagesvolution, on the basisthat complec interactve structuredike
stockexchangesrelikely to lack geneticencoding.Rather the itemsselectedor continuedexistence
in this systemare mappingsbetweenphonemesequencesand underlyingmeanings. Representate

experimentenabledy the systemarediscussed.

|. INTRODUCTION

In recentyearstherehasbeenaresugenceof interestin languagesvolution, with agreatdeal
of work in computersimulationsof evolution dynamics[1], [2], [3], [4], [5], [6], [7], [8]. [9],
[10]. This paperpresentanimplementedvorkbenchfor experimentingwith simulatedevolu-
tion of languagan which a rangeof interestingparametersnay be explored. In the senseof
[11], oursis asystenfor parametetuningratherthanautomaticadaptve parametecontrol,be-
causdanguagesvolutionresearchs atthe stageat which paramatemdividuationandextensie
experimentatioraremostappropriate The adaptve controlscenariosliscussedby [11] arebest
suitedto matureevolutionarymodels after consensubasemepgedaboutwhatthe relevant pa-
rametersare,separatédrom whethertheir settingsare staticor dynamicallyadjusted.Recently
toolsfor monitoringtheevolutionarydynamicsof othersystemsave beenintroduced12], [13];
however, the systempresentedhereis tailoredto the speci ¢ sortsof researclyuestionghatare
currentin theliteratureon evolution of language.

The systemthat we presentis basedon a social model of languageevolution. Thatis, we
do not presumethat selectve advantageaccruingto languageusersforce a geneticencoding
of linguistic abilities. Encodingof linguistic functionsin the genomeis consistentwith our
approachbut not requiredby it. We take, instead the perspectie thatthe relevantlocationfor
selectionat the startof languageuseandsocialtransmissions in mappingshetweerphoneme
sequenceand meanings. Thus, we have a systemfor exploring parametershatimpacton a
socialmodelof evolution. Economicexchangemechanismsreanalogouslycomplex systems
of interactionwhoseunderlyingnatureare inherentlysocial ratherthan beingencodedn the

humangenome.Our rationalefor pursuingresearctwith sucha weakassumptions thateven
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if languages heavily encodedn the genomethroughselectve processesat the very start of
languageat mustprove socially effective, andit mustdo sovery quickly — if it takesthousands
of utterancedor the rst languageusersto have successfucommunicationsthenit canbe
expectedthatlanguagewill notlastasa culturalartifact, let aloneasa sourceof functionality
thatprovidesspealrsselectve advantages.

The workbenchhasbeenusedto explore a rangeof parametershat may have independent
or interactve impacton the potentialfor languagesvolution [14]. The systemcanbe usedto
studythe role of the size of the spaceof availablephonemicdistinctions,the size of the space
of entitiesdiscriminatedor effectively in nite discriminationwith variablegatherthanlabels),
the spaceof discriminatedeventtypes,the numberof corversationgamesembarled upon,the
durationof a corversationgamesequencea measuref attentionspanin termsof the number
of timesa pairing of phonemesvith meaningsnmustbe repeatedeforebeingencodedn long
term memory absoluteminimum levels of communicatie successprobability in task based
settingsthatary individual communicatre act mustbe successfuandif it mustbe successful,
theminimumlevel of successecessarysensitvity to receng versudrequeng effects,random
distribution of the meaningspaceor Zip an distribution of eventtypes. This article describes
the system,implementedn Prolog, throughits primary datastructuresand algorithms. The
sectionghatfollow justify the parameterghatareprovidedandindicatehow the datastructures
andalgorithmsare sensitve to acceptablevaluerangesfor thoseparametersWe do not here
embarkon systematiexplorationof interactionsamongthe variables,a separatehreadof our
researchbut illustratethe sortsof experimentghatmay be conductedvith the system.We also

indicatethe natureof our mostimmediateplansfor extendingthe system.

[l. PARAMETERS AND PROBES

The experimentssketchedin xIV andthoseconductedby [14], [15], [16] are basedon a
generalarchitecturefor simulatingsocialmodelsof languageevolution. The following setof
parameterss provided within the system;theseare outlinedin greaterdetail in xlI-A. In a
numberof caseqespeciallyrelatingto levels of feedbackanddegreesof assumedinderstand-
ing) the systemallows parametetuning wherepastsystemshave proceededrom hard-coded
assumptions.

Sizeof phonemespace
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Level of necessarguccess
Sensitvity to receng vs. frequeny

Figurel displaysthe TCL/TK userinterfacefor specifyingtheseparametersExperimentsn
tuningthe parametere the contet of the systemarereportedn [14], [15], [16].

In theremainderof this sectionwe provide anindicationof therationalefor parameteradi-
viduated(ll-A) andthe sortsof measureshataremadeto calculatethe degreeof convergence
within the system(lI-B). On the latterissue,the featuresof communicatye historiesthat we
monitorarethefollowing:

Level of understandin@chiezedin acommunication.
Averageunderstandingf last10 utterances
Averageunderstandingverall.

Numberof wordsuttered

Numberof word types

Homorymy ratio

Synorymy ratio

Figure2 providesgraphicaloutputover time of a numberof thesemeasuresysingthe input
parameteras speci ed in Figure1l. The y-axisrangesat intervals of 0.2 between0 and 1.6

indicatingratiosmeasurect eachstepin corversationgivenby the x-axis.

A. Speci cParametes

In this sectionwe provide more detailsaboutthe parametershat may be exploredin our
system We describeherehow the quantitiegparameterizedrerepresentetbr thealgorithmsto
processn greaterdetailin xIl1-A.

1) Sizeof phonemespace: A phonemeis modeledas a Prolog atom; arbitrary numbers
of atomscanbe constructedisingthe built-in relationname/2 . Spealerspair phonemesind
modelwordsaslists of phonemepairs. Clearly thereis a relationshipbetweenthe numberof
phonemes&ndthe numberof distinctwordsthatcanbe expressed By default (not via speci -
ableparameteryvhena spealerinnovatesa word for ameaningheword is a pair of phonemes.
Thepairis arbitrary—nothingconstrainghetupleof phonemen termsof possiblearticulation,
nor is therea requiremenof analogicalmappingfor re-useof ary expressions.Thus,innova-

tions may be consistentwith analogyto prior mappings,however analogyis not assumeds
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a mechanisnthat fundamentallydrivesinnovation. Becausehe choiceof waysto expressa
meaningis partly determinecdby pastexperienceandbecausespealer at timesactsashearey
thenbecauséeareranay sggmentsoundstreamgifferentlywordsmay have arbitrarylengths
(e.g.if soundstreamdor complex eventsgetinterpretedasreferringto singleparticipantswithin

thoseevents).Thesizeof the availablephonemespaces oneof the parametersvhoserangeof

settingsexploredby [14], [15], [16].

2) Sizeof entitypool: Thesizeof theentity pool hasdivergentdimensionsTherearethree
entity typesexisting in a hierarchy Either non-ngative integer suppliedand that numberof
arbitrary Prolog atomsare generatecand randomlyassignecamongthosetypes, or the atom
vars is supplied.In thelatter casewe canexplorethe proposal3] thatin protolanguagé¢here
areno propernamespnly predicationover discoursaeferentd15]. Whenthatis the setting,
thereis only onevariableof eachsortin thefringe of the hierarchyof entity-types.Predications
thenare madeover variableswithout assignmentunctionsanchoringvariablesinto the world
(of course assignmentunctionswould reinstallthe behaior of propernames) Becausave do
not yet facilitate discourserelationsacrosssentencesthereis no other palpabledifferencein
usingentity namesys. variables.

Obviously the valueswe measurdor utteranceaypes,homorymy andsynorymy will depend
not just on the numberof distinct phonemicforms mappedio meaningshut alsoon the total
numberof thingsthatcanbe discriminatedasindividuals. This canbe pursuedn two distinct
ways.Onespeci esa nite boundonthennumberof individualsdiscriminatedor corversation,
the other usingvariables effectively allows anin nite numberof individualsto be referredto
but constrainghe numberof sortsto three.

3) Sizeofrelationpool: Thereisa x edrangeof possibleaventtypes,abstractingverevent
namesandnamesof selectecaiguments.

1) Arity 1, Animateargument

2) Arity 2, Animatearguments

3) Arity 3, Humanargl,unconstraine@m2, Animatearg3

4) Arity 3, Animateargl,inanimatearg2, animatearg3

5) Arity 2, Humanargl, Relationarg2 (recursve)

6) Arity 1, unconstraine@mgument
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7) Arity 3, Humanargl, unconstraine@rg2, Relationarg3

Thesizeof therelationpool speci esnotthenumberof eventtypesin theabove sensebutthe
numberof eventnamedistributedover thosetypes. Thisis distinctyet againfrom the number
of eventparticularghatmayoccur xing aneventnamewith appropriatewrgumentsat particular
momentsn time. The eventtypesdiffer in their arity andin the constraintplacedon thetypes
of theiraguments Argumentsanbe animateor inanimateentities,animateentitiespotentially
furtherclassi edashuman.Argumentsanalsoberelationsaswell. Becausaaneventtypecan
embedan event(asin "Leslie believesthe boatarrived'), therecanbe arbitrarily mary distinct
events,withouta nite boundonthesizeof the spaceof possiblemeaningsNo tenseor aspec-
tual informationis encodedFurther thereis no discriminationof negationasaneventoperator
(thus,anthropomorphizinghereis only “seeing'and overlooking'; thereis no "not seeing'—
in broadstrokes, this is compatiblewith the assumption& the Mental Modelsliteratureabout
initial cognitive representationsf informationlacking negative information[17]).

4) Randonws. Zip an Distribution of EventTypes: At initialization, basedon the number
suppliedfor the parameteof therelationpool size,anumberof arbitraryrelationnamess con-
structedasPrologatomsandassignedo oneof the sevenpossiblesventtypes.Thedistribution
acrosghosetypesis random.Dependingon a binary choicefor a parameterelatedto this dis-
tribution, the consequenfrequeng of eventswith a particularrelation nameis either utterly
random,or basedon a Zip an distribution with respectto the numberof eventsenteredasa
parametein which eventfrequeng is inverselyproportionalto rank. In the latter caseprob-
abilities of generationare assignedo eachevent nameaccordingto the Zip an Distribution.
Accordingto the Zip an distribution, eventswith particularrelationnameswill occurwith dif-
ferentfrequenciego others—rankinghoseoccurrence$y frequeng, the highestranked event
namewill beroughlytwice asfrequentasthe next in rank, threetimesasfrequentasthe third
in rank,andsoon. The actualrelationshipsaredeterminedoy the numberof individual event
names.Thisweightingof eventsoccurswithoutgeneratingrny eventsanchoredo particularar-
gumentssoin nity of semanticspacads presered. Theintuition behindallowing theparameter
is thatobsened Zip an distributionsof linguistic typesmay partly resultfrom corresponding
systematicityin underlyingreality thatlinguistic typestendto beabout.[16] reportsin detailon

experimentsnvolving this parameter
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Theprobability of thetop rankedeventp(x,) is calculatedasfollows:

L

p(x1) = K

k=1
where' is thetotal numberof eventsto be generate@ndk is eventrank.

Theprobabilitiesof theremainingeventsarecalculatedasa functionof p(x):

P(X1)
r

p(xr) =

A full descriptioncanbefoundin [16].

In any case,ary givenrun of the systemneednot have an instanceof a relation namefor
eachof the possibleaventtypes.If no suchrelationnameexistsafterinitialization, thatomitted
possibleeventtype will never occur Similarly, theremay be mary differentrelationsof each
possiblesort. Eachrelationnamefor aneventtypecountstself asaneventtype,distinctfrom an
event(anoccurrencef aneventtype). Thisis just the sameasa humanlanguagenaving mary
differentverbsthat countastransitve, andmary instancesn the world of situationsdescribed
by theeventtypesthatcorrespondo theverbs.

Whensmallnumbersof entity typesarediscriminableandlarger numbersof relationtypes
areavailable,thenthereare chanceghata potentialeventtypeis constructedvhich cannever
berealizedbecauseo entity existswhich satis esits algumentconstraints.

An event happening,asin the instigationof a spealer's utteranceis modeledby random
selectionof a relationname(hencean eventtype), and randomselectionof elementsor the
arguments,subjectto the constraintthat the agumentshave the right semanticcateyory and
subjectotheZip an distributionconstrainif thatparameteis set. Thereis noin-built proclivity
for any onesortof eventtypeover ary other(whenthe Zip an distributionis not used)beyond
the xing of the seven abstractsorts,and randomdistribution of the parametricallyspeci ed
numberof relation namesover thosesorts. By construction,the numberof possibledistinct
combination®of eventwith argumentss in nite.

We seeit as extremelyimportantthat the spaceof possiblethingsto talk aboutnot be by
assumptionnite. Note that someresearclassumesnite meaningspaceg18]; similarly, the
architectureof [1] depend®n nite associatiomatrixmanipulation@ndhencenite boundson

thenumberof meanings[19] providessimulationsn which compositionalityemegeswithin a
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systemaboutwhich 100 meaningsare available. In our systemthereis no guaranteg¢hateven
with extremelylong runsthataneventwill recurwith identicalargumentgo therelation. It is
not possibleto ensuraultimatesuccesdy dependingnrepeatedssociationto a nite number
of possiblemeanings.

5) Iterations& Forgetting: Two parameterso the systemdetermineghe numberof corver-
sationsattempted.Thisis in conjunctionwith anotherparametethatrelatesto how frequently
associationdave to occurbeforethey arerememberedor re-use.Thus,the Attention spanis
the maximumnumberof utteranceshatanagentcansustainbeforeforgettingany associations
which have occurreda numberof timeslessthanor equalto the numbermprovidedastheforget-
ting thresholdamongeverythingsofar uttered.Thenumberof utterancegjivenastheattention
spanis oneepoch,andthe Number of epochsdeterminesow mary epochswill berun. These
parametergointly determinealower boundon the numberof wordsandword typesthatwill be
constructedluringa run. Whenutterancesaremade they arerememberedthatis, unlessthey
fall onthewrongsideof theforgettingthresholdat the endof anepoch).Whenspeakingabout
somethingnew, the spealer may take into accountpastspeakingsor pastinterprettings,and
similarly hearers.It is reasonabléo examinedifferentassumptionsboutinterlocutors'atten-
tion spansn rememberingastassociationslf aword type,anassociatiorbetweera phoneme
sequencenda meaning,occursonly oncein the courseof 100 corversationst could easily
be forgotten. The value setfor the forgettingthresholddetermineghe minimumfrequeng of
requiredrepetition.

6) MinimumUndeistandingThreshold: Onemight wantto assumehatthe rst utterances
of humanlanguagesvereguaranteedomeminimum level of understandingl], [20]. An op-
timist might even claim thatthe languageconstructedrom the very rst utterancedene tted
from perfectunderstandingf thoseutterances.Our own view is extremely negative on this
point. However, the systermonethelesallows thisassumptionio be paramaterizedT he effects
areinteresting. Extremepessimismaboutthe amountinterlocutorsinventinglanguageor the

rst time actuallyunderstanadioesnot doomthe systemto failure; underreasonabl@arameter
settings,even settingrequisiteunderstandingt 50% canleadto unrealisticallyhigh levels of
convergencen understandingyuite quickly.

7) Feedbak: In oursystemit is possibleto parameterizéwo relatedvalueswhich jointly

determinghe sortof feedbackavailableto a spealer. Recallthatwe speci cally do notassume

Septembeb, 2002 DRAFT



A WORKBENCHFORSIMULATING NATURAL LANGUAGE EVOLUTION 11

thatlearnersare presentedvith the exact meaningof the utterancdrom which they aretrying
to bootstraganguage A wealer assumptionthough,motivatedby task-orientedlialogis that
the dialog situationmay or may not provide feedbackparticularlythroughthe relatve success
of acommunicatre act. Thus,onevaluethatmay be speci edis the Probability that success
matters in any actcommunication.If the valueis 40%, thenthereis a 40% chancethat the
particulareventbeingtalked abouthasarny degreeof urgengy. Supposesomeparticularevent
landsin the 40% category, thenthe Level of necessarysuccessletermineshe amountof the
utterancehatmustbeunderstoodby theheareifor it to evenregisterashaving beenanutterance.
If it is not registeredthenit will notbeavailablein the knowledgebasefor re-use.Thelevel of
understandings measuredsthe percentag®f associationbetweenphonemesandmeanings
thatareidenticalfor both spealer and hearerwith referenceo the utteranceat hand. Clearly,
the most pessimisticsituationinvolves zero for both valuesasif languagecan emege there
it emegeswithout recourseto transparentneaningsand,in fact, without ary stipulationthat
communicatiorneedsto be successfubhsa prerequisitefor languageto develop. This is the
positionadoptedoy [6] in whichthecommunicatre systemis never measure@gainsiobjectve
functionsoin effectthe agentsdo not careif they communicateor not. In contrastthe system
of [21] assumeshat feedbackis essentiain all casesvherecommunicatiorfails. While we
do not dery thatactive participationin tasksandtaskassociatedlialogscangeneratdeedback
thatis demonstrablyuseful[22], onecannotsimply assumehis mechanisnat the very startof
languages cominginto existencearny morethanonecanassumehatparentatcorrectionsupply
sufcient negative evidencefor child languageacquisitionto avoid the unlearnabilityresultsfor
grammairinduction[23].

8) Sensitivityto recencyvs. frequency: A nal experimentalparametet is seteitherasr
for receny or f for frequeng. This accommodatesvo possibleways that agentsmight be
con gured whendecidinghow to re-associatphonemesequencewith meanings.A receny
basedagentwill tendto just re-usethe last associationwhile a frequeny basedagentwill
be stronglyin uenced (but asnotedabove, not determinedl by the greatesfrequenyg of past
association®f phonemeswith meanings. An agentwho is sensitve to receny ratherthan
frequeny hasaccesonly to local coordinationprocessesis only the mostrecentprior event

! Oneotherparameters justtheoutput le which recordsvariousprobesin sequencéor theomniscientsThis le is givenas
inputto gnuplotto producethe graphsincludedherein.
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canhave animpacton the currentone,while frequeng basedagentshave additionalaccesso

globalco-ordination24].

B. Speci cProbes

Figure 2 demonstratesn output of the systemmeasuringa numberof valuesthroughthe
courseof execution. We emphasizdéhat thesevaluesare visible to us as omniscientoutside
obsenrers, but becausef the parametesettingsused(including zero feedbackand zero pre-
requisiteunderstandingvith eachspeectlact), theinterlocutorsbehaior is not shapedy those
measure®f the systems dynamics. Here,asgenerally we measuredecentunderstandin@s
the averageunderstandingdpy utteranceover precedingl0 utterances.The understandindevel
of a particularutterancas computedasthe percentagef thetotal phoneme—meaninggirsthat
the spealer and heareragreedupon (even thoughthey did not know themseleswhetherthey
achievedagreement)The averageoverall understandingverageshis over all communications
andnotjustthe mostrecentl0. Homonomyis the percentag®f phonemesequencethatpoint
to morethanone meaning,andsynorymy is the percentag®f meaningghat have morethan
onename. Recallthat naturallanguagesat the lexical level, tendto toleratehomonomymore
thansynorymy. Theratio of the currentutterancdengthto thelongestutteranceo dategivesa
pictureof averageutterancecompleity. Any time this measurexceedshe valuel, the utter
ancelengthof the currentutterancenasexceededhe lengthof thelongestpreceedingitterance.
The nal quantitygraphedhereis a measureof the compleity of the utterancerelative to the
compleity of the event—theamountof the meaningsegmentatiorthathasits own segmentin
asequencef phonemes.

Giventhatwe're examiningthecreationof languageit is interestingo monitorthetotalnum-
ber of wordsutteredaswell asthe total numberof word-types.This is the normaltype-tolen
distinction,the total numberof utterancews. the total numberof distinctpairingsof phoneme
sequencewith meanings.Presumablythereis a relationshipbetweenthe phonemespaceand
the ratio betweentypesandtokens. Thatis, givena x ed numberof utterancesa numberof
possiblephonemedeadsto a proportionatespaceof pairingsbetweensequencesf phonemes
andmeaningshencea proportionatelysizedsetof typesandtype-tolenratio. However, other

meaningbasedassessment linguistic innovation arealsonecessaryEvidently, naturallan-

Septembeb, 2002 DRAFT



A WORKBENCHFORSIMULATING NATURAL LANGUAGE EVOLUTION 13

guagetolerateanorehomorymy thansynorymy,? eventhoughif onewererationally designing
a languageonewould preferthe alternatve relationshipasenhancinghe probability of being
understood giventhathomorymy increaseshe chance®f beingmisunderstoodwhile we ac-
cepta pointemphasizedecently[18] to the effect thathomorymy is mostacceptablevhenthe
intendedmeaning®f homorym setsis maximallydistinct,we nonethelestake it asanindepen-
dentvalidationof linguistic propertieswithin a simulationsystemfor the numberof synoryms
to be smallerthanthe numberof homoryms? In ary case,our systemdoesin fact allow for

bothhomorymy andsynorymy. Simulationsn which theagentsarepresenteavith bothwords
andmeaningguringthe lexicon learningprocessio not allow certainobsened phenomenaf

naturallanguagesuchaspolysemyor meaningevolution to arise[25].

C. Discussion

We have thusfar presentedhe backgroundassumptionsndarchitectureof our systemfor
simulatinglanguageevolution. Richerernvironmentsareeasyto imagine.Onewould like a sys-
temto beableto trackinformationstatesof multiple dialog participantsandto allow questions
andotherformsof dialog movesin additionto declaratve comments.In fact, [16] presentan
architecturdor dynamicagentinformation statesand questions.Nonethelessthe architecture
we provide doeshave a numberof importantfeatures.The conceptualiniverseof thingsto talk
aboutis essentiallyin nite, andinclusive of recursvely constructedvents. A rangeof param-
etersthat have proven interestingwithin the literatureto dateareincorporatedand have been

describedn detailabore.

[1l. REPRESENTATIONS AND ALGORITHMS
A. Data Structues

While we do notassumehatthereis transparencof meaningwe do assumehatagentshave
the samespaceof possiblemeaningsavailableto them,andthe samerangeof basicconcepts.

2By “synorymy', we meana statein which onemeaningcanbe denotecby a larger numberof basicexpressions.Natural

languagaloessupporta largeramountof synorymy atthe phrasalevel.

3Presumablythis is more urgentthanlearnabilitylimits on the numberof distinctways one might have of referringto one
meaning.

“We could, but have not yet, implementa mechanisnfor measuringlistinctnesof meaningsf homoryms giventherepre-
sentationghatwe describepresently
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We alsoassumehat agentsexist in the sameworld of conceptuahtoms. However, we do not
assumehatagentssegmenteventsinto constitueneventsin the sameway, eventhoughwe do
assumehatthey decomposeomplex eventsinto the samesetof conceptuabhtoms. Entities,
entity typesand event types are representeas Prolog atoms,their numbersare determined
by settingsto input parameters.Eventsthemseles are modeledas instancesof Prolog lists
pairingeventtypeswith aguments Entitiesareclassi edaseitherhuman,animalor inanimate,
with eventtypesselectingargumentsof type: human,animal,animatejnanimate gventtype or
without constraint.

In the currentimplementationthe following eventtypesarepossible:

1) Arity 1, Animateargument

2) Arity 2, Animatearguments

3) Arity 3, Humanamg1l, unconstrainedrg2,> Animatearg3

4) Arity 3, Animateargl, inanimatearg2, animatearg3

5) Arity 2, Humanargl, Relationarg2 (recursve)

6) Arity 1, unconstraine@mgument

7) Arity 3, Humanargl, unconstraine@rg2, Relationarg3

Basednthenumbergyivenasparametersacorrespondingumberof eventtypesandentities
is createdrandomlyassigninghemto thepossiblecategyories(unlessaZip an eventdistribution
is used;seebelow). RandomPrologatomsareconstructedor eachvaryingin form for human
readability An exampleeventis this: [ihdixos,spmg,davr,fizg] ; whereihdixos
was an atom constructedo correspondo an event type with an animate rst argument,an
inanimatesecondargumentandan animatethird agument® Note thatsomeeventtypesembed
relationsasarguments.Thesearerecursve eventslik e seeing,or knowing in Englishin which
anarbitraryeventis embeddedThus,althoughtherearea nite numberof eventsasprovided
by aninput parameterif oneor more of thoseeventtypesis of a sortthatallows embedding,
thenduring the courseof simulationin which eventshappenand spealerscommenton them,
individual eventsmay be arbitrarily comple. Thatis, in thelimit thereis anin nite numberof
possiblesventsevengiven nite speci cationof thenumberof eventtypes.Thisis distinctfrom

5An unconstrainedrgumentmay beary of the entity typesor, recursiely, aneventtype.
5Thosewerethepropertief spmg, etc.,in this particularrun—nothingaboutthatatomencodesnimag, andin anotherun

it might have hada differenttypeor not have beengeneratedt all.
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boundlessterability of a nite setof eventsandaccompaying probabilitiesof repeatedevent
types.

Perhapsnoreimportantis thatthe eventsdo notthemselesencodepredicateargumentstruc-
turein away thatthatwould prejudicelearningtowardsthe contet free grammarmplicit in a
predicateargumentrepresentatioof an eventwith the functor providing the left-handnonter
minal andthe agumentssupplyingthe right-handsideof a production.This is accommodated
asfollows (comparewith [26]). Whenaneventhappenghe spealer selectsarandomelement
of thesetof all sublistsof the event,eachcorrespondindo adistinctperspectie,anagentmight

have with respecto the exampleevent.

An event happens: [ihdixos,spmg,davr,fizg]
Possible  construal of the event: [[ihdixos],[spmg],[davr],[fi z9]]
Possible  construal of the event: [[ihdixos],[spmg,davr],[fizg 11

Theheareris not constrainedo have the sameperspectie on the eventasthe spealer, ground-
ing our approachn the perspectiesof the interlocutors,andso the extent of sharedmeaning
is dependenbn sharedperspeciie. This approachto the conceptuatepresentatiomf agents
is supported27] by work which suggestshat statisticallygoodmappingswill outnumbetbad
mappingsandthesystemwill learn.Thisis alsoconsistentvith thecontentior{25] thatindivid-
ualsshouldnot all have the samelinguistic competencé. In their experimentsthe conceptual-
izationsandlexiconsof theindividualagentsvereneverthe same.Evenif asharederspectie
obtainsthe hearemwill nothave accesdgo individualtype-tolenrelations,insteadt will mapthe
entireutterancdo the entireeventandthenattemptto interpretthe componentexical itemsand
inducewhatarny unknovn itemsmight mean.

Phonemesrealsoarbitraryatoms® A spealer, uponwitnessingsomeevent, usespairs of
phonemeso referto eachelemenbf theevent. At the outsetthisinvolvesinventedpairsfor the
associationbut overtime, pastexperienceanteracts.Thus,oneelemenbf constrainingstructure
imposedon the model(not yet parameterized)s thatspealerstry to talk aboutthe entirety of

"We assumenly thatagentsprobablyhadsimilar basicvocal andauditorycapacity but do not assumeary sharedinguistic

or perceptve competence.
8Notethatthey areatomsandnot letters—ifaninput parameterequiresnorephonemeshancanberepresentedy arbitrary

lettersof the English alphabetthen atomsare constructedrom longer sequencesyet in either case,as atomsthey do not
correspondo Englishletters.
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their perspectie on an eventplacedbeforethem. However, throughiterationbetweenbeinga

spealer anda hearera spealer may cometo preferamorecomplicatedvay of referring:

Event:  [jilufks,furk]

Uttered:  [[fjilufks],[[r,q],[r,VIILI[ furk] [le .yl 1
Heard:  [[[vmpk],[[r,a]l].[[furk].[[r.v Lle. vyl ]

Here an event occurred,and a spealer useda four-phonemecomple, [[r,q],[r,Vv]] to
pick outthe eventtype anda two phonemecomplex to pick out the agument.Thus,wordsare
modeledaslists of pairsof phonemesndarenot restrictedin length. Thereis sufcient space
for duality of patterningo emegewithoutits beingbuilt-in (seg[28]). Thephonemeairis the
minimum meaningbearingunit. If thetwo phonemesreidentical,thenphonememeaningis
thesameaspair meaningandthereis no duality of patterning.Theduality emegesbecause¢he
minimum meaningbearingunit is constructedrom arbitrary phonemeshat hold no meaning
on their own. Duality of patterningis built in to the extentthatthe chancethateachphoneme
will be pairedwith itself over a seriesof randomselectionds decreasingin inverserelationto
thesizeof thephonemespaceyetit remainsa possibility for self-pairing. Thereis no modelof
articulatoryconstraint®n possiblephonemepairings.

Thehearehasunobscure@ccesso thesamesventcommentean by thespealer. This mod-
elsthe sharingof cognitive possibilitiesamongcommunicatingagents.However, perspectial
divergenceis alsopossible.The hearercanpartitionthe eventdifferently; thus,our modeldoes
not requireagentsto shareperspecties. The onuson the heareris notto nd a phonemese-
guencefor eachpartof the perspectie on the event, but somethingn the conceptuakpacefor
eachphonemesequencéo mean.Anotherassumptiorthatis not parameterized thatthereis
no noise— while the hearemay segmentthe signaldifferently (asin the exampleabove), the
hearerhasperfectaccesgo the streamof phonemesittered. The lack of clarity is in whatthe
utterancemeans.In the abose exchange althoughthe hearertakesthe spealker asrelatingthe
soleparticipantin thejointly witnessedvent,the[furk] , to someotherentity associateavith
[[r,al] in the past,andthe entiretyof this meanings wrong,andalthoughthe sggmentation
is wrong leadingthe hearerto assumehat a distinct signalis at stale ([[r,v],[e,Y]] VS
[[e,y]] ) atleasttheintendeddenotatioris correct.

The asymmetryin responsibilitybetweenspealer and hearerdoesnot contradictthe Saus-
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sureanperspectie. Spealer is requiredto commenton everythingin its perspectie on the
event; heareris requiredto groundevery word it sggmentsfrom the signaleitherin its perspec-
tive onthe sharedeventor on pastinterpretationsPerspectie is known to confoundtheoretical
assumptionsEmpiricalresearcliemonstratethelack of spealerattentionto heareperspectie
in identifying useconditionsfor de nites [29]. The asymmetrywe suggesherecontradictshe
Saussureaperspectie only to the extentthatthoseempirical ndings with humancommunica-
torsdo.

Thereis no initial grammarthat constrainghe system,neitherexplicitly, nor implicitly in
the structureof semanticrepresentationsf events. Thereare only association®f meaning
sequencewith phonemesequencegcomparewith [30], [26], [19]).

Clearly, althoughtherearehard-codedssumptionsik e alack of distortionin the speecrsig-
nal, the responsibilityof the spealer to commenton the entirety of an eventandof the hearer
to nd ameaningfor eachpartof an utterancethereis alot of roomfor thingsto go wrong.
Successfubvolution of ausefullangaugainderrealisticallyunfavorableconditionsis moreim-
pressve thanan evolutionarysystemwith dice loadedfor successlin sum,the basicrepresen-
tationsinvolve structuredists of arbitraryPrologatomsselectedat randomasbeingof various
categories. The fact that spealers and hearershave equalaccessas witnessto eventsmodels
theassumptiorthatoriginal speakersandhearersiadequialentcognitive architecturesndac-
cessto the samerangeof concepts.Similarly, thefactthatspeakrsandhearerhave accesso
the sameinventoryof phonemesgreatvely arrangednto wordsby they themselesmodelsthe

assumptionhatoriginal speakrsandhearerdhiadcomparable/ocaltractsandauditorysystems.

B. Algorithms

1) Thebasicarchitecture: of the systeminvolvesiterating throughthe following process
basedbn theinput parameters.
1) Initialize:
clearmemory etc.
generateenoughphonemes, entities andrelations
2) If outof Epochs, show statistics& quit.

9A superscript is suppliedfor eachquantitythatis parameterized.
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3) If atthelimit of attentionspan (the endof an epoch)forgetany symbol/meaningair
from thelastepochthatoccurredno moreoftenthantheforgettingthreshold
4) Runanepoch.
a) Somearbitrary relationobtainswith appropriateagumentsasanevent
b) A spealercommentnthatevent,notetaken
c) A hearembsenestheeventandinterpretsthe utterancenotetaken
d) Omniscientobsene the degreeof commonunderstanding
e) If accordingto omniscientsthe minimumt® requiredlevel of understandingis not
reachedthengoto 4c
f) If it'sasituationfalling underthe probabilitythatsuccessnatters, andif successs
lessthanathresholdpercentage,
thenignoretheutterance
else,notethe symbol/meaningssociatiorfupdatingfrequencies)andgo to 4a

5) Goto2

Thisalgorithminvolvesiterationsof spealkerscommentingon events,andhearersnterpreting
utterancesn the contet of a jointly witnessedevent. Thesesubroutinesare outlined below.
Both spealkersandhearershave the capacityto innovate. Both spealkrsandhearersarein u-
encedby the history of communicatior(modulothatwhich is forgottenbecausét happenedo
infrequently). Thatin uence of history may be frequeny based(dependingon all prior utter
ances)r receng baseddependingon the mostrecentutterance) Becauseover time spealers
andhearerswill interchangeolesandbe equallyin uenced by their own pastinterpretations
asby associationput forwardthroughtheir utterancesthereis a communaknowledgebaseof
pastinterpretationsEssentiallythis is a hardwiredassumptiorthatthereareonly two commu-
nicators. It is importantto point out thatin our idealizationthereis only oneknowledgebase
of pastutterancesmodelingthe pair's dual roles as spealkers on someoccasionsand hearers
on others!! Thisis not a modelof differentialmemoriesamongthe participants nor is there

10 Recallthatwe feel themostappropriatdevel for this parameteis 0.
11 onecouldwell aguethatthisidealizationis atbestof anindividual communicatingvith itself. To theextentthatit' savalid

amumentonemustalsoagreethatcommunicatingvith oneselfis anontriial ability to have emeged.Recall,for example,[31]
discusseahypothesighattheorigin of humanconsciousness in theintegrationof thehemispheregheendof interhemisphere
intraindividual discretecommunicationalsorecalltheargumentonthemodularityhypothesig32] andChomsky's minimalism

thattherole of languagés not somuchinterpersonatommunicatiorasinterfacingto therestof cognitive architecture.
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a real modelof information statebeyond the immediateevent. A richer extensionof the sys-
tem would include participant-indged knowledgebasesand information stateswith updates,
downdatesgueries disputesandacknavledgments.Suchan extensionwould demonstrat¢he
effectsof agentself-olganizationon theemeping languagebut giventhatprevious simulations
(e.q. [25]) have shavn that multi-agentsystemswill eventually exhibit self-olganizationand
languagecoherenceave do notfeel compelledo attemptto replicatetheseresults.We do recog-
nizethoughthatanattemptmustbe madeto modelthe effectsof lexical self-propagatiommong
larger groupsof agents.In simulationswith mary agentstherewill frequentlybe timeswhen
a particularagentwill not have a particulartype-token mappingor will only be aware of an
archaicmappingevenif thereis generalcoherencevithin the group,thuswe have parameters
which determinethe level of useof novel or infrequentmappingsusingeithera frequeng or
receny basednetric.
2) Initialization: Themostinterestingphaseof theinitializationis in thehandlingof Zip an
distributionsof possibleevents.Thisis managedasfollows.
1) Giventhenumberof relationnames to generat@sE, initialize D = E; computeghesum
of seriesS:

a) InitializeS= 0

b) If D = 1thenreturnS= S+ &

c) S=S+ ¢

d) DecremenD

e) gotolb
2) Theprobabilityof the highestranked eventnameis

[l

3) Theprobabilityof eacheventnamefor rankr  1is

r

Eachof theresultingeventnamess assertedo the databasen an additionaltableindicating,
in decreasingrder the Zip an likelihood of an event of that sort occurring,alongwith the
sum of probabilitiesup to that rank. Thus, asthe Zip an probability column decreaseshe
aggreatecolumnapproacheshe value 1. Then,whenan arbitraryevent obtains,it is chosen
with respecto a randomvaluesuchthatthe eventselecteds the rst eventnamein thetable
with an aggregate probability exceedingthe randomly generatechumber(hence,the highest

rankingeventnameaccordingo theZip an distribution).
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If theZip an parameters notset,thenEventnamesarechoserrandomlyandassignedo the
seveneventtypeswithout additionalconstrainton their frequeng of occurencen reality.
3) Speakr commenbn events:
1) Theeventis modeledasthelist of atomsgivenby arelationnameandits alguments.
2) Thespealrindividuateshatevent.
Thisis modeledby:
a) Thislist of possiblepartitionsof the eventlist is formed.
b) A randompartitioningis selectedrom thatlist.
(Thisis alist of lists of atoms).
For example,aneventobtains:
[mgvgmns,tkhs,xipz]
Possibleconstrualof therelation:
[[[mgvgmns],[tkhs,xipz]],
[[mgvgmns],[tkhs],[xipz]],
[[mgvgmns,tkhs],[xipz]]]
Whatthe spealerfocuseson:
[[mgvgmns,tkhs],[xipz]]
3) Thespealker associatea symbol/phonemsequencavith the structuredperceved mean-
ing.
Thisis in partialrelationto whathasbeenutteredandconstruedefore.
For eachmeaningsegmentin the spealer'sindividuatedmeaning:
a) Ildentify all thephonemesssociateavith it in the past
b) If thatlist is nonempty:
i) Choosearandomelementof it.*?
i) If somechanceaventhappenswhoseprobabilitydiminisheswith the numberof
wordsuttered(andremembered3ofar, thenjustinventanew phonemesequence
to associatavith the meaning*®

12This implementsfrequeny effects: it is not the mostfrequentpairing that is necessarilyselected but frequentpairings
have higher probability of selectionfrom memorythaninfrequentpairingsgiven that a randomselectionis madefrom the
rememberedhistory of pairings.
13 ; N ; P
Thus,innovationis possibleat ary stagewhetherthe speakr is in uencedby frequeny orrecenyg .
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Otherwisetheutteredphonemeequences therandomchoiceamongpastevents.
Otherwise that meaninghasnt beennotedbefore,so make up a new phonemepair
to associatavith themeaningunit.
4) Hearer interpretationof an event:
1) Theinterpreteearsaneventandsegmentsthe streaminto units.
2) Interpretatiorassociatemeaningwith thesegmentsn relationto the eventthatoccurred
andthehistory of pastassociations
3) Theinterpreteis eitherfrequeny orreceny sensitvel*
a) If therearenomore“words”in the sggmentationassociations done.
b) Findall pastassociationsf meaningsvith the next word.
i) If frequeng sensitve, selectarandomelemenbf thislist asthecurrentinterpre-
tationof theword.
i) Otherwise,if receng sensitve, selectthe lastinterpretationof the word asthe
current.
iii) If no pastassociationgxist for the word, thenon the basisof the hearers own
individuationof theevent,associat@ meaning-sgmentwith thespeeclsggment.
c) Goto3a
Notice that our model assumeghat spealers have more opportunitiesfor innovation than

hearersbut thatboth have opportunityto innovate.

C. Discussion

In this sectionwe have characterizethe primary datastructuresandincludeddetailsof their
implementationn Prolog.We have alsoprovidedthe mainalgorithmsoperatingoverthosedata
structuresasa function of choicein input parameters Although the algorithmsare described
herein animperatve format, their mappingonto standardecursve clausesn a Prologimple-

mentationis trivial.

IV. SAMPLE EXPERIMENTS

Herewe provide examplesof typical experimentsenabledyy the system.

14 Oneof ourmotivesfor providing afacility to explorethesetwo parametesettingscomesfrom theinput-outputcoordination
principle hypothesizedsanexplanationof empirical ndings in the coordinationof descriptionsn taskbasedialog[33].
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A. ABendmark

Parameters:

— Sizeof phonemespace: 30
— Sizeof entity pool: 100
— Sizeof relationpool: 30
— Distribution of relationtypes: random
— Numberof epochs: 50
— Attentionspan: 20
— Forgettingthreshold:

— Minimum requiredlevel of understanding:
— Probabilitythatsuccessnatters:

— Level of necessarguccess:

- O O O Pk

— Sensitvity to receng vs. frequeng:
It wasassumedhat 30 phonemesvere pronounceablanddiscernible.Only 100 entities
could be discriminated and merely 30 relationswere noticed. The justi cation for these
discernibility parameterss in presuminghatthe rst spealkershadlimited cognitive abil-
ities for discriminatingentitiesandrelationsacrosstime. We are not committedto such
an assumption. Fifty cornversationshappenedeachwith 20 utterancegone for eachof
20 events),every phonemesequencenappingto meaningshatfailed to recurduring the
20 corversationsor all recall of pastcorversationsbeing forgotten. Therewas no task
drivenprobabilityfor successfutommunicatiorio matterandno minimal level of success
ful communicatiomecessaryor an utteranceto be recorded.Whenrelying on memory
speakrsandhearersattendedo morethanjustthelastmappingof phonemeso ameaning

(receng), but alsothewhole history of rememberednappinggfrequeng).

Performance:
— Averageunderstandingf last 10 utterances: 67%
— Averageunderstandingverall: 25%
— Numberof wordsuttered: 4,531
— Numberof word types: 264
— Homorymy: 15.4%
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— Synorymy: 57.6%
Overallattheend,only 25% of whatwasutteredwasunderstoodalthough67% of wasthe
averagelevel of understandingver the nal tenutterances.Therewere4,531individual
utterancesnvolving 364 rememberedvord types. Most meaningscould be expressedy
distinct stringsof phonemesut overwhelminglyfewer stringscould be usedto designate
morethanonemeaning.Referto Figure 3 for a graphof the output: the X-axis provides
the numberof utterancesand the Y-axis graphsthe averageunderstandingover last 10

utterancesisingthe parametesettingsmentionedabove.

Fig. 3. Graphicaloutput: percentageinderstandings. wordsuttered
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Herewe have setreasonablealuesto the variousparametersTheresult,evenin the extreme
pessimismaboutsemantictranspareng is fairly rapid achiezementof more than 40% under
standingof an utterance 30% communicatre successeachedwithin the rst 100 attemptsat
usingrepresentationfor meanings— quite earlyon. A comparablegraphof arunonidentical

inputsis providedin Figure4. The performanceasevaluatedat the endof therunis asfollows:

Averageunderstandingf last10 utterances: 55%
Averageunderstandingverall: 42.8%
Numberof wordsuttered: 4,604
Numberof word types: 428
Homorymy: 27.8%
Synorymy: 49.3%

It is interestingaswell to monitoradditionalfeaturesoverthecourseof asimulation.Figure5
shavsthesamerun, butin aslightly differentfashion— the X-axisis givenby thetotal number
of iterations(50 epochs/games 20 corversations/attentioapan),andthe Y-axisis therange
betweerD and1 of a numberof the quantiesve measure® Thetime courseof thesemeasure-
mentsis usefulto follow. Synorymy beginsatquiteahighvalue,andovertime diminisheqhere
to aboutthe samelevel asaverageoverall understanding)Homorymy is moreor lessstable at

alevel lessthanaverageunderstanding.

B. Varying RequisitedUndeistandingLevels

One parameteithat we can seton the interval between0 and 1 is the minimum required
level of understandindor eachutterance. Settingthe level to 1, for example,presumeghat
learnershave completeaccesdo intendedmeaningfrom the startof languagegeneratiorand
learning.In generalwe favor settingthis parameteto 0. [15] examinesa closelyrelatedpair of
parametergprobabilitythatsuccessf ary particularutterancanattersandthelevel of success
necessaryf it doesmatter)thatinvolveslevelsof feedbaclkon how well understoocédnutterance
was. While asexternalobsererswe canmonitor the degreeof communicatie succes®f our
agentsunlesghatinformationis fed backto theagentshey have noinformationaboutintended
meanings. When, for example,the probability that successfucommunicationmattersto the

51n electronicversionsof this paper the lineswhich arelabeledby arrovs hereareadditionally color coded: red is recent

understandinggreenis averageunderstandingverall, blueis homorymy andpink is synorymy.
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Recent Understanding
Average Understanding Overall
Homonymy

Synonymy

Fig.5. Percentagenderstandings. homorymy vs. synorymy asa functionof time

spealers, thennot only do they lack accesdo eachother's meaningsput further thereis no
task-orientedeedbackwhich informs themthat a breakdevn in communicatiorhasoccurred.
Underthatsetting,we have a maximally pessimistiassumptioraboutsemantidransparencat
theonsetof languageevolution. Thefeedbackparameterareseparatérom the minimum/Ievel
of understandingarametem that,whenthelatteris setto 0, andthe formerpair (for example)
stipulatethatthereis an80 percentchanceof it matteringwhetheran utterancevasatleast50
percentunderstoodary individualcommunicationnvolving O understandingnaywell fall into
thechanceshatit didn't matteranyway. Equally, underthe sameeedbacksettingsjf minimum
understandindor eachutteranceis at the other extremeof 1, thenthe samecommunication
will simply have to be understoodregardlessof the feedbackievels. Corvergenceon useof
termscanemege evenif individualsassumeonly that they sharemeaningswithout actually

sharingmeaningsnor attendingto evidenceeitherway. Nonethelessasomniscientobseners,

Septembeb, 2002 DRAFT



A WORKBENCHFORSIMULATING NATURAL LANGUAGE EVOLUTION 27

Recent Understanding
Average Understanding Overall
Homonymy
Synonymy.

Fig.6. Percentagenderstandings. homorymy vs. synorymy vs. time

we requiretheability to assessvhethemeaningsharinghastakenplaceandthedegreeto which
it has.Successn communications computedasanaverageover all communicationsindin the
10 mostrecentutterances.

Recallthatthe samplerun of the systemdepictedin Figure5 assumeatompletepessimism
aboutthe level of understandingn eachinitial utterancethe parametewassetto 0. Figure6
depictsarunwith thevalueof all otherparameterglentical,but with the minimumunderstand-
ing thresholdsetat 25%. This meansthat eachutterances attendedo until it is at least25%
understoody the hearer The level of understandingould exceedthis minimum, of course,
andin theresultsof therunit is evidentthat actualaverageunderstandingver time exceeded
60% (evenwithoutfeedback)aboutl0%greatethanthelevel of synorymy. We preferholding
this minimum understandinghresholdat O, in keepingwith our preferencdor the maximally

pessimisticassumption®n semantidranspareng thusaddressingnisgivings aboutproviding
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agentswith accesso meaningq15]. Evenwith this pessimisticvalue,therun depictedin Fig-
ure5 demonstratesverall successfutommunicatiorof about40%,thatlevel of understanding
achieved quite early on. For all valuesof the parametemwe presumehatit is essentiallymea-
suredby omnisicientobsenrers,thatthe interlocutorsdo not know which partsof an utterance

weresuccessfulllcommunicatedvhenthethresholds lessthanl.

C. Discussion

This sectionhasprovideda samplingof the sortsof experimentghatmaybe conductedising
ourworkbenchor simulatingnaturallanguagesvolution with respecto interestingparameters.
The experimentsverenot exhaustve in their pursuitof parametetuning. In fact,the evolution
of an optimal languagewas not even sought,in that we hopedto demonstratehat even pes-
simisticassumptionganquickly leadto a viable languageasa socialconstruct.[14] reporton
interactionsof parametersssociatedvith articulablephonemespace.[15] considermemory
andfeedbackissuesin detailaswell. [16] reportson researchnto the Zip an distribution of

eventnamesaswell asa numberof otherinteractingparameters.

V. CONCLUSION

While at an adwancedstage,our ongoingwork includesenhancinghe parameterizatioffur-
therto includerepresentationsf information statesand dialog plansaswell as memoriesof
utterance-meaninmappings.We intendto extendthe systemto speechactsadditionalto as-
sertion,including questioninganddenial,alongwith accompaying informationstateupdates.
We intendtheseextensiongo allow additionalparameterizationf the numberof interlocutors
representedswell asthe subsebf thoseincludedin ary particularlanguagegame.

We have describeda workbenchthatwe usefor exploring interactionsof parametern sim-
ulatednaturallanguageevolution from a social constructperspectie. The systemallows ex-
perimentatiorwith someparametershathave not beforebeenindividuated.We have provided

examplesof the sortsof experimentamadepossibleby the system.

REFERENCES

[1] JamedHurford, “Biological evolution of the saussureasignasa componenbf thelanguagecquisitiondevice;” Lingua,
vol. 77,pp. 187-222,1989.

Septembeb, 2002 DRAFT



A WORKBENCHFORSIMULATING NATURAL LANGUAGE EVOLUTION 29

(2]
(3]

(4]

(5]

(6]

(7]

(8]

(9]

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

[18]

[19]

[20]

[21]

[22]

(23]

JamedHurford, “The evolution of the critical periodfor languageacquisitior?, Cognition, vol. 40, pp.159-201,1991.
JamedHurford, “Protothoughthadno logical names, in New Essayontheorigin of Languaye, JugenTrabant,Ed., pp.
119-132Berlin: Mortonde Gruyter 2001.

JamedHurford, “Randombooleanmnetsandfeaturesof languagé, IEEE Transactionn EvolutionaryComputationvol.
5,n0.2,pp.111-1162001.

AngeloCangelosi,'Evolution of communicatiorandlanguagausingsignals symbols andwords, IEEE Transactionsn
EvolutionaryComputationvol. 5, no. 2, pp.93-101,2001.

SimonKirby, “Spontaneougvolution of linguistic structure—atiteratedlearningmodelof the emegenceof regularity
andirregularity” IEEE Transactionn EvolutionaryComputationvol. 5, no. 2, pp.102-1102001.

ChrisKnight, MichaelStuddert-kennedyandJamedHurford, Eds., TheEvolutionaryEmegenceof Languaye, Cambridge
University Press2000.

JamedHurford, Michael Studdert-kennedyandChrisKnight, Eds.,Approacdesto the Evolutionof Languaye, Cambridge
University Press1998.

AngeloCangelosandDomenicoParisi, Eds., Simulatingthe Evolutionof Languaye, London: Springer 2002.

Alison Wray, Ed., TheTransitionto Languaye, Oxford University Press2002.
AgostonEndreEigen,RobertHinterding,andeignieN Michalewicz, “Parametercontrolin evolutionary algorithms,
IEEE Transactionon EvolutionaryComputationvol. 3, no. 3, pp.124-1412001.
EmmaHartandPeterRoss,“Gavel—anew tool for geneticalgorithmvisualizatior?, IEEE Transaction®n Evolutionary
Computationvol. 5, no.4, pp. 335-3482001.

David McFadzeanDeron Stevart, and Leigh Tesftsion, “A computationalaboratoryfor evolutionarytradenetworks;
IEEE Transactionon EvolutionaryComputationvol. 5, no. 5, pp.546-5602001.

Carl Vogel and JustinWoods, “Simulation of evolving linguistic communicationamongfallible communicators, in
Proceeding®f the Fourth International Confeenceon the Evolution of Languaye, JamesHurford and Tecumseltitch,
Eds.Harvard University, Cambrige MA, 2002,p. 116.

Carl VogelandJustinWoods,“Fallible communicatorgvolve successfutommunicatiori, Tech.Rep.TCD-CS-2002-31,
ComputationaLinguisticsLaboratory Trinity College,University of Dublin, 2002.
JustinWoods,“Declaratives,interrogatves,semanticspaceandtheemegenceof communicatiori, M.S. thesis Computa-
tional LinguisticsLab, Trinity College,Universityof Dublin, 2002,In Preparationpn Scheduldor CompletionSeptember
2002.

Philip Johnson-Laird;Mental modelsanddeductiori, Trendsin Cognitive Sciencesvol. 4, no. 10, pp.434-42,2001.

L. SteelsandF. Kaplan, “Bootstrappinggroundedvord semantic$, in Linguisticevolutionthroughlanguage acquisition:
formal and computationamodels Ted Briscoe,Ed. CambridgeJniversity Press;1999.

SimonKirby, “Syntax without naturalselection: How compositionalityemegesfrom vocalulary in a populationof
learners, in The EvolutionaryEmegenceof Languaye, Chris Knight, Michael Studdert-kennedy and JamesHurford,
Eds.,pp.303-323 CambridgeUniversity Press2000.

StevenPinker, Languaye Learnabilityand Languaye DevelopmentHarvard University Press;1996.

Luc Steels,"Synthesizingthe originsof languageandmeaningusingco-evolution, self-oilganizatiorandlevel formation’
in Evolutionof HumanLanguaye, Jim Hurford, Ed. Edinburgh University Press,1997.

MichaelF. SchobemandHerbertH. Clark, “Understandindgy addresseesndoverhearers, Cognitive Psyhology, vol. 21,
pp.211-32,1989.

E. M. Gold, “Languageidenti cation in thelimit,” Informationand Control, vol. 16, pp.447-74,1967.

Septembeb, 2002 DRAFT



A WORKBENCHFORSIMULATING NATURAL LANGUAGE EVOLUTION 30

[24] SimonGarrodand GwynethDoherty “Conversation,co-ordinationand corvention: an empirical investigationof how
groupsestablisHinguistic conventions;, Cognition, vol. 53, pp.181-215,1994.

[25] L. SteelsF. Kaplan,A. McIntyre,andJ.VanLooveren,“Crucial factorsin theoriginsof word-meaning, in TheTransition
to Languaye, Alison Wray, Ed.,chapterl2, pp.252—-271 Oxford University Press2002.

[26] JamesHurford, “Social transmissiorfavours linguistic generalisatiofi, in The EvolutionaryEmegenceof Languaye,
ChrisKnight, Michael Studdert-kennedyandJamedHurford, Eds.,pp. 324-352 CambridgdJniversity Press 2000.

[27] PeterFord Domingy, “Requirementson conceptuakepresentatiorior the evolution of languagé, in Proceedingsof
the Fourth International Confeenceon the Evolution of Languaye, JamesHurford and TecumselFitch, Eds. Harvard
University, CambridgeMA, 2002,p. 40.

[28] Andrew Carstairs-McCarthy The Origins of Complex Languaye: An Inquiry into the EvolutionaryBeginningsof Sen-
tencesSyllablesand Truth, Oxford: Oxford University Press1998.

[29] M. F. Schober“Spatial perspectie-takingin conversatior, Cognition, vol. 47, pp. 1-24,1993.

[30] Whitney Tabor “The gradualnessf syntacticchange:A corpusproximity model; 1993.

[31] JulianJaynes,TheOrigins of Consciousness the Breakdowrof the Bicamenl Mind, Princeton,1976.

[32] JerryA. Fodor, TheModularity of Mind, Cambridge:MIT Press1983.

[33] SimonC. Garrodand Anthory Anderson, “Saying what you meanin dialogue: A studyin conceptualand semantic
co-ordinatiori, Cognition, vol. 27,pp.181-218,1987.

Septembeb, 2002 DRAFT



