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Abstract

We presentan implementedarchitecturefor simulatingthe evolution of natural language. The

workbenchallowsparameterizationof a largenumberof assumptionsthatresearchersin the�eld work

with, allowing interactionsof parametersto be explored in detail. The systemis basedon a social

ratherthangeneticmodelof languageevolution, on the basisthat complex interactive structureslike

stockexchangesarelikely to lack geneticencoding.Rather, theitemsselectedfor continuedexistence

in this systemaremappingsbetweenphonemesequencesandunderlyingmeanings.Representative

experimentsenabledby thesystemarediscussed.

I . INTRODUCTION

In recentyearstherehasbeenaresurgenceof interestin languageevolution,with agreatdeal

of work in computersimulationsof evolution dynamics[1], [2], [3], [4], [5], [6], [7], [8], [9],

[10]. This paperpresentsanimplementedworkbenchfor experimentingwith simulatedevolu-

tion of languagein which a rangeof interestingparametersmay be explored. In the senseof

[11], oursis asystemfor parametertuningratherthanautomaticadaptiveparametercontrol,be-

causelanguageevolutionresearchis at thestageatwhichparamaterindividuationandextensive

experimentationaremostappropriate.Theadaptivecontrolscenariosdiscussedby [11] arebest

suitedto matureevolutionarymodels,afterconsensushasemergedaboutwhattherelevantpa-

rametersare,separatefrom whethertheir settingsarestaticor dynamicallyadjusted.Recently,

toolsfor monitoringtheevolutionarydynamicsof othersystemshavebeenintroduced[12], [13];

however, thesystempresentedhereis tailoredto thespeci�c sortsof researchquestionsthatare

currentin theliteratureonevolutionof language.

The systemthat we presentis basedon a socialmodelof languageevolution. That is, we

do not presumethat selective advantageaccruingto languageusersforce a geneticencoding

of linguistic abilities. Encodingof linguistic functionsin the genomeis consistentwith our

approachbut not requiredby it. We take, instead,theperspective that therelevant locationfor

selectionat thestartof languageuseandsocialtransmissionis in mappingsbetweenphoneme

sequencesandmeanings.Thus,we have a systemfor exploring parametersthat impacton a

socialmodelof evolution. Economicexchangemechanismsareanalogouslycomplex systems

of interactionwhoseunderlyingnatureare inherentlysocial ratherthanbeingencodedin the

humangenome.Our rationalefor pursuingresearchwith sucha weakassumptionis thateven
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if languageis heavily encodedin the genomethroughselective processes,at the very startof

languageit mustprovesociallyeffective,andit mustdosoveryquickly — if it takesthousands

of utterancesfor the �rst languageusersto have successfulcommunications,then it can be

expectedthat languagewill not last asa cultural artifact, let aloneasa sourceof functionality

thatprovidesspeakersselectiveadvantages.

The workbenchhasbeenusedto explore a rangeof parametersthat may have independent

or interactive impacton the potentialfor languageevolution [14]. The systemcanbe usedto

studytherole of thesizeof thespaceof availablephonemicdistinctions,thesizeof thespace

of entitiesdiscriminated(or effectively in�nite discriminationwith variablesratherthanlabels),

thespaceof discriminatedevent types,thenumberof conversationgamesembarkedupon,the

durationof a conversationgamesequence,a measureof attentionspanin termsof thenumber

of timesa pairingof phonemeswith meaningsmustberepeatedbeforebeingencodedin long

term memory, absoluteminimum levels of communicative success,probability in taskbased

settingsthatany individual communicative actmustbesuccessfulandif it mustbesuccessful,

theminimumlevel of successnecessary, sensitivity to recency versusfrequency effects,random

distribution of themeaningspaceor Zip�an distribution of event types. This article describes

the system,implementedin Prolog, throughits primary datastructuresandalgorithms. The

sectionsthatfollow justify theparametersthatareprovidedandindicatehow thedatastructures

andalgorithmsaresensitive to acceptablevaluerangesfor thoseparameters.We do not here

embarkon systematicexplorationof interactionsamongthevariables,a separatethreadof our

research,but illustratethesortsof experimentsthatmaybeconductedwith thesystem.Wealso

indicatethenatureof ourmostimmediateplansfor extendingthesystem.

II . PARAMETERS AND PROBES

The experimentssketchedin xIV and thoseconductedby [14], [15], [16] are basedon a

generalarchitecturefor simulatingsocialmodelsof languageevolution. The following setof

parametersis provided within the system;theseare outlined in greaterdetail in xII-A. In a

numberof cases(especiallyrelatingto levelsof feedbackanddegreesof assumedunderstand-

ing) the systemallows parametertuning wherepastsystemshave proceededfrom hard-coded

assumptions.

� Sizeof phonemespace
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Fig. 1. GUI for ParamaterSetting
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Fig. 2. RelevantMeasuresfor a Runwith ParametersSetasin Fig.1

� Sizeof entitypool

� Sizeof relationpool

� Randomvs. Zip�an distributionof relationtypes

� Numberof epochs

� Attentionspan

� Forgettingthreshold

� Minimum requiredlevel of understanding

� Probabilitythatsuccessmatters
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� Level of necessarysuccess

� Sensitivity to recency vs. frequency

Figure1 displaystheTCL/TK userinterfacefor specifyingtheseparameters.Experimentsin

tuningtheparametersin thecontext of thesystemarereportedin [14], [15], [16].

In theremainderof this sectionwe provideanindicationof therationalefor parametersindi-

viduated(II-A) andthesortsof measuresthataremadeto calculatethedegreeof convergence

within the system(II-B). On the latter issue,the featuresof communicative historiesthat we

monitorarethefollowing:

� Level of understandingachievedin acommunication.

� Averageunderstandingof last10 utterances

� Averageunderstandingoverall.

� Numberof wordsuttered

� Numberof word types

� Homonymy ratio

� Synonymy ratio

Figure2 providesgraphicaloutputover time of a numberof thesemeasures,usingtheinput

parametersasspeci�ed in Figure1. The y-axis rangesat intervals of 0.2 between0 and1.6

indicatingratiosmeasuredateachstepin conversationgivenby thex-axis.

A. Speci�cParameters

In this sectionwe provide more detailsaboutthe parametersthat may be explored in our

system.Wedescribeherehow thequantitiesparameterizedarerepresentedfor thealgorithmsto

processin greaterdetail in xIII-A.

1) Sizeof phonemespace: A phonemeis modeledas a Prolog atom; arbitrary numbers

of atomscanbe constructedusingthebuilt-in relationname/2 . Speakerspair phonemesand

modelwordsaslists of phonemepairs. Clearly thereis a relationshipbetweenthe numberof

phonemesandthenumberof distinctwordsthatcanbeexpressed.By default (not via speci�-

ableparameter)whenaspeaker innovatesaword for ameaningtheword is apairof phonemes.

Thepair is arbitrary—nothingconstrainsthetupleof phonemesin termsof possiblearticulation,

nor is therea requirementof analogicalmappingfor re-useof any expressions.Thus,innova-

tions may be consistentwith analogyto prior mappings,however analogyis not assumedas
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a mechanismthat fundamentallydrives innovation. Becausethe choiceof waysto expressa

meaningis partly determinedby pastexperience,andbecausespeaker at timesactsashearer,

thenbecausehearersmaysegmentsoundstreamsdifferentlywordsmayhave arbitrarylengths

(e.g.if soundstreamsfor complex eventsgetinterpretedasreferringto singleparticipantswithin

thoseevents).Thesizeof theavailablephonemespaceis oneof theparameterswhoserangeof

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

2) Sizeof entitypool: Thesizeof theentity pool hasdivergentdimensions.Therearethree

entity typesexisting in a hierarchy. Either non-negative integer suppliedand that numberof

arbitraryPrologatomsaregeneratedandrandomlyassignedamongthosetypes,or the atom

vars is supplied.In thelattercasewe canexploretheproposal[3] thatin protolanguagethere

areno propernames,only predicationsover discoursereferents[15]. Whenthat is thesetting,

thereis only onevariableof eachsortin thefringeof thehierarchyof entity-types.Predications

thenaremadeover variableswithout assignmentfunctionsanchoringvariablesinto the world

(of course,assignmentfunctionswould reinstallthebehavior of propernames).Becausewe do

not yet facilitatediscourserelationsacrosssentences,thereis no otherpalpabledifferencein

usingentitynamesvs. variables.

Obviously thevalueswemeasurefor utterancetypes,homonymy andsynonymy will depend

not just on the numberof distinct phonemicforms mappedto meanings,but alsoon the total

numberof thingsthatcanbediscriminatedasindividuals. This canbepursuedin two distinct

ways.Onespeci�esa �nite boundon thenumberof individualsdiscriminatedfor conversation,

theother, usingvariables,effectively allows an in�nite numberof individualsto bereferredto

but constrainsthenumberof sortsto three.

3) Sizeof relationpool: Thereis a�x edrangeof possibleeventtypes,abstractingoverevent

namesandnamesof selectedarguments.

1) Arity 1, Animateargument

2) Arity 2, Animatearguments

3) Arity 3, Humanarg1,unconstrainedarg2,Animatearg3

4) Arity 3, Animatearg1, inanimatearg2,animatearg3

5) Arity 2, Humanarg1,Relationarg2 (recursive)

6) Arity 1, unconstrainedargument
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7) Arity 3, Humanarg1,unconstrainedarg2,Relationarg3

Thesizeof therelationpoolspeci�esnotthenumberof eventtypesin theabovesense,but the

numberof eventnamesdistributedover thosetypes.This is distinctyet againfrom thenumber

of eventparticularsthatmayoccur�xing aneventnamewith appropriateargumentsatparticular

momentsin time. Theeventtypesdiffer in their arity andin theconstraintsplacedon thetypes

of theirarguments.Argumentscanbeanimateor inanimateentities,animateentitiespotentially

furtherclassi�edashuman.Argumentscanalsoberelationsaswell. Becauseaneventtypecan

embedanevent (asin `Lesliebelievestheboatarrived'), therecanbearbitrarily many distinct

events,without a �nite boundon thesizeof thespaceof possiblemeanings.No tenseor aspec-

tual informationis encoded.Further, thereis no discriminationof negationasaneventoperator

(thus,anthropomorphizing,thereis only `seeing'and`overlooking'; thereis no `not seeing'—

in broadstrokes,this is compatiblewith theassumptionsin theMentalModelsliteratureabout

initial cognitiverepresentationsof informationlackingnegative information[17]).

4) Randomvs. Zip�an Distribution of EventTypes: At initialization, basedon thenumber

suppliedfor theparameterof therelationpoolsize,anumberof arbitraryrelationnamesis con-

structedasPrologatomsandassignedto oneof thesevenpossibleeventtypes.Thedistribution

acrossthosetypesis random.Dependingon a binarychoicefor a parameterrelatedto this dis-

tribution, the consequentfrequency of eventswith a particularrelationnameis eitherutterly

random,or basedon a Zip�an distribution with respectto the numberof eventsenteredasa

parameterin which event frequency is inverselyproportionalto rank. In the latter caseprob-

abilities of generationareassignedto eachevent nameaccordingto the Zip�an Distribution.

Accordingto theZip�an distribution,eventswith particularrelationnameswill occurwith dif-

ferentfrequenciesto others—rankingthoseoccurrencesby frequency, thehighestrankedevent

namewill beroughly twice asfrequentasthenext in rank, threetimesasfrequentasthe third

in rank,andsoon. Theactualrelationshipsaredeterminedby thenumberof individual event

names.Thisweightingof eventsoccurswithoutgeneratingany eventsanchoredto particularar-

guments,soin�nity of semanticspaceis preserved.Theintuition behindallowing theparameter

is that observed Zip�an distributionsof linguistic typesmay partly result from corresponding

systematicityin underlyingreality thatlinguistic typestendto beabout.[16] reportsin detailon

experimentsinvolving thisparameter.
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Theprobabilityof thetop rankedeventp(x1) is calculatedasfollows:

p(x1) = '

 'X

k=1

'
k

! � 1

where' is thetotal numberof eventsto begeneratedandk is eventrank.

Theprobabilitiesof theremainingeventsarecalculatedasa functionof p(x1):

p(xr ) =
p(x1)

r

A full descriptioncanbefoundin [16].

In any case,any given run of the systemneednot have an instanceof a relationnamefor

eachof thepossibleeventtypes.If no suchrelationnameexistsafterinitialization, thatomitted

possibleevent type will never occur. Similarly, theremay be many differentrelationsof each

possiblesort.Eachrelationnamefor aneventtypecountsitself asaneventtype,distinctfrom an

event(anoccurrenceof aneventtype).This is just thesameasa humanlanguagehaving many

differentverbsthatcountastransitive,andmany instancesin theworld of situationsdescribed

by theeventtypesthatcorrespondto theverbs.

Whensmall numbersof entity typesarediscriminableandlarger numbersof relationtypes

areavailable,thentherearechancesthata potentialevent type is constructedwhich cannever

berealizedbecauseno entityexistswhich satis�esits argumentconstraints.

An event happening,as in the instigationof a speaker's utteranceis modeledby random

selectionof a relationname(hencean event type), andrandomselectionof elementsfor the

arguments,subjectto the constraintthat the argumentshave the right semanticcategory and

subjectto theZip�an distributionconstraintif thatparameteris set.Thereis noin-built proclivity

for any onesortof eventtypeoverany other(whentheZip�an distribution is not used)beyond

the �xing of the seven abstractsorts,andrandomdistribution of the parametricallyspeci�ed

numberof relationnamesover thosesorts. By construction,the numberof possibledistinct

combinationsof eventwith argumentsis in�nite.

We seeit asextremely importantthat the spaceof possiblethings to talk aboutnot be by

assumption�nite. Note that someresearchassumes�nite meaningspaces[18]; similarly, the

architectureof [1] dependson�nite associationmatrixmanipulationsandhence�nite boundson

thenumberof meanings.[19] providessimulationsin whichcompositionalityemergeswithin a
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systemaboutwhich 100meaningsareavailable. In our systemthereis no guaranteethateven

with extremelylong runsthataneventwill recurwith identicalargumentsto therelation. It is

notpossibleto ensureultimatesuccessby dependingonrepeatedassociationsto a �nite number

of possiblemeanings.

5) Iterations& Forgetting: Two parametersto thesystemdeterminethenumberof conver-

sationsattempted.This is in conjunctionwith anotherparameterthat relatesto how frequently

associationshave to occurbeforethey arerememberedfor re-use.Thus,theAttention spanis

themaximumnumberof utterancesthatanagentcansustainbeforeforgettingany associations

whichhaveoccurredanumberof timeslessthanor equalto thenumberprovidedastheforget-

ting thresholdamongeverythingsofaruttered.Thenumberof utterancesgivenastheattention

spanis oneepoch,andtheNumber of epochsdetermineshow many epochswill berun. These

parametersjointly determinea lowerboundonthenumberof wordsandword typesthatwill be

constructedduringa run. Whenutterancesaremade,they areremembered(that is, unlessthey

fall on thewrongsideof theforgettingthresholdat theendof anepoch).Whenspeakingabout

somethingnew, the speaker may take into accountpastspeakingsor pastinterprettings,and

similarly hearers.It is reasonableto examinedifferentassumptionsaboutinterlocutors'atten-

tion spansin rememberingpastassociations.If aword type,anassociationbetweena phoneme

sequenceanda meaning,occursonly oncein the courseof 100 conversationsit could easily

be forgotten. The valuesetfor the forgettingthresholddeterminesthe minimumfrequency of

requiredrepetition.

6) MinimumUnderstandingThreshold: Onemight want to assumethat the �rst utterances

of humanlanguageswereguaranteedsomeminimumlevel of understanding[1], [20]. An op-

timist might evenclaim that the languageconstructedfrom the very �rst utterancesbene�tted

from perfectunderstandingof thoseutterances.Our own view is extremelynegative on this

point. However, thesystemnonethelessallowsthisassumptionto beparamaterized.Theeffects

areinteresting.Extremepessimismaboutthe amountinterlocutorsinventinglanguagefor the

�rst time actuallyunderstanddoesnot doomthesystemto failure;underreasonableparameter

settings,even settingrequisiteunderstandingat 50% canleadto unrealisticallyhigh levels of

convergencein understandingquitequickly.

7) Feedback: In our systemit is possibleto parameterizetwo relatedvalueswhich jointly

determinethesortof feedbackavailableto a speaker. Recallthatwe speci�cally do not assume
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that learnersarepresentedwith theexactmeaningof theutterancefrom which they aretrying

to bootstraplanguage.A weaker assumption,though,motivatedby task-orienteddialog is that

thedialogsituationmayor maynot provide feedback,particularlythroughtherelative success

of a communicativeact. Thus,onevaluethatmaybespeci�ed is theProbability that success

matters in any act communication.If the valueis 40%, thenthereis a 40% chancethat the

particulareventbeingtalkedabouthasany degreeof urgency. Supposesomeparticularevent

landsin the 40% category, thenthe Level of necessarysuccessdeterminesthe amountof the

utterancethatmustbeunderstoodby thehearerfor it toevenregisterashaving beenanutterance.

If it is not registeredthenit will not beavailablein theknowledgebasefor re-use.Thelevel of

understandingis measuredasthepercentageof associationsbetweenphonemesandmeanings

that areidenticalfor both speaker andhearerwith referenceto the utteranceat hand. Clearly,

the most pessimisticsituationinvolveszero for both valuesas if languagecan emerge there

it emergeswithout recourseto transparentmeaningsand, in fact, without any stipulationthat

communicationneedsto be successfulasa prerequisitefor languageto develop. This is the

positionadoptedby [6] in which thecommunicativesystemis nevermeasuredagainstobjective

functionsoin effect theagentsdo not careif they communicateor not. In contrast,thesystem

of [21] assumesthat feedbackis essentialin all caseswherecommunicationfails. While we

do not deny thatactive participationin tasksandtaskassociateddialogscangeneratefeedback

that is demonstrablyuseful[22], onecannotsimply assumethis mechanismat thevery startof

language'scominginto existenceany morethanonecanassumethatparentalcorrectionssupply

suf�cient negativeevidencefor child languageacquisitionto avoid theunlearnabilityresultsfor

grammarinduction[23].

8) Sensitivityto recencyvs. frequency: A �nal experimentalparameter1 is seteitherasr

for recency or f for frequency. This accommodatestwo possibleways that agentsmight be

con�gured whendecidinghow to re-associatephonemesequenceswith meanings.A recency

basedagentwill tend to just re-usethe last association,while a frequency basedagentwill

be strongly in�uenced (but asnotedabove, not determined) by the greatestfrequency of past

associationsof phonemeswith meanings. An agentwho is sensitive to recency rather than

frequency hasaccessonly to local coordinationprocessesasonly the mostrecentprior event
1Oneotherparameteris just theoutput�le which recordsvariousprobesin sequencefor theomniscients.This �le is givenas

input to gnuplotto producethegraphsincludedherein.
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canhave animpacton thecurrentone,while frequency basedagentshave additionalaccessto

globalco-ordination[24].

B. Speci�cProbes

Figure2 demonstratesan outputof the systemmeasuringa numberof valuesthroughthe

courseof execution. We emphasizethat thesevaluesarevisible to us asomniscientoutside

observers,but becauseof the parametersettingsused(including zero feedbackandzeropre-

requisiteunderstandingwith eachspeechact),theinterlocutorsbehavior is not shapedby those

measuresof the system's dynamics.Here,asgenerally, we measuredrecentunderstandingas

theaverageunderstandingby utteranceover preceding10 utterances.Theunderstandinglevel

of aparticularutteranceis computedasthepercentageof thetotal phoneme–meaningpairsthat

the speaker andheareragreedupon(even thoughthey did not know themselveswhetherthey

achievedagreement).Theaverageoverallunderstandingaveragesthisoverall communications

andnot just themostrecent10. Homonomyis thepercentageof phonemesequencesthatpoint

to morethanonemeaning,andsynonymy is the percentageof meaningsthat have morethan

onename.Recallthatnaturallanguages,at the lexical level, tendto toleratehomonomymore

thansynonymy. Theratio of thecurrentutterancelengthto thelongestutteranceto dategivesa

pictureof averageutterancecomplexity. Any time this measureexceedsthevalue1, theutter-

ancelengthof thecurrentutterancehasexceededthelengthof thelongestpreceedingutterance.

The �nal quantitygraphedhereis a measureof thecomplexity of theutterancerelative to the

complexity of theevent—theamountof themeaningsegmentationthathasits own segmentin

asequenceof phonemes.

Giventhatwe'reexaminingthecreationof language,it is interestingto monitorthetotalnum-

ber of wordsutteredaswell asthe total numberof word-types.This is thenormaltype-token

distinction,thetotal numberof utterancesvs. thetotal numberof distinctpairingsof phoneme

sequenceswith meanings.Presumably, thereis a relationshipbetweenthephonemespaceand

the ratio betweentypesandtokens. That is, given a �x ed numberof utterances,a numberof

possiblephonemesleadsto a proportionatespaceof pairingsbetweensequencesof phonemes

andmeanings,hencea proportionatelysizedsetof typesandtype-tokenratio. However, other

meaningbasedassessmentsof linguistic innovationarealsonecessary. Evidently, naturallan-
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guagetoleratesmorehomonymy thansynonymy,2 eventhoughif onewererationallydesigning

a languageonewould preferthe alternative relationshipasenhancingthe probability of being

understood3 giventhathomonymy increasesthechancesof beingmisunderstood.While we ac-

cepta point emphasizedrecently[18] to theeffect thathomonymy is mostacceptablewhenthe

intendedmeaningsof homonym setsis maximallydistinct,wenonethelesstakeit asanindepen-

dentvalidationof linguistic propertieswithin a simulationsystemfor thenumberof synonyms

to be smallerthanthe numberof homonyms.4 In any case,our systemdoesin fact allow for

bothhomonymy andsynonymy. Simulationsin which theagentsarepresentedwith bothwords

andmeaningsduringthe lexicon learningprocessdo not allow certainobservedphenomenaof

naturallanguagesuchaspolysemyor meaningevolution to arise[25].

C. Discussion

We have thusfar presentedthe backgroundassumptionsandarchitectureof our systemfor

simulatinglanguageevolution. Richerenvironmentsareeasyto imagine.Onewould likeasys-

temto beableto trackinformationstatesof multipledialogparticipants,andto allow questions

andotherformsof dialogmovesin additionto declarative comments.In fact, [16] presentsan

architecturefor dynamicagentinformationstatesandquestions.Nonetheless,thearchitecture

weprovidedoeshaveanumberof importantfeatures.Theconceptualuniverseof thingsto talk

aboutis essentiallyin�nite, andinclusive of recursively constructedevents.A rangeof param-

etersthat have proven interestingwithin the literatureto dateare incorporatedandhave been

describedin detailabove.

I I I . REPRESENTATIONS AND ALGORITHMS

A. DataStructures

While wedonotassumethatthereis transparency of meaning,wedoassumethatagentshave

thesamespaceof possiblemeaningsavailableto them,andthesamerangeof basicconcepts.
2By `synonymy', we meana statein which onemeaningcanbe denotedby a larger numberof basicexpressions.Natural

languagedoessupporta largeramountof synonymy at thephrasallevel.
3Presumablythis is moreurgentthanlearnabilitylimits on the numberof distinctwaysonemight have of referringto one

meaning.
4We could,but have not yet, implementa mechanismfor measuringdistinctnessof meaningsof homonymsgiventherepre-

sentationsthatwe describepresently.
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We alsoassumethatagentsexist in thesameworld of conceptualatoms.However, we do not

assumethatagentssegmenteventsinto constituenteventsin thesameway, eventhoughwe do

assumethat they decomposecomplex eventsinto the samesetof conceptualatoms. Entities,

entity typesand event typesare representedas Prolog atoms,their numbersare determined

by settingsto input parameters.Eventsthemselvesare modeledas instancesof Prolog lists

pairingeventtypeswith arguments.Entitiesareclassi�edaseitherhuman,animalor inanimate,

with eventtypesselectingargumentsof type: human,animal,animate,inanimate,eventtypeor

withoutconstraint.

In thecurrentimplementation,thefollowing eventtypesarepossible:

1) Arity 1, Animateargument

2) Arity 2, Animatearguments

3) Arity 3, Humanarg1,unconstrainedarg2,5 Animatearg3

4) Arity 3, Animatearg1, inanimatearg2,animatearg3

5) Arity 2, Humanarg1,Relationarg2 (recursive)

6) Arity 1, unconstrainedargument

7) Arity 3, Humanarg1,unconstrainedarg2,Relationarg3

Basedonthenumbersgivenasparameters,acorrespondingnumberof eventtypesandentities

is created,randomlyassigningthemto thepossiblecategories(unlessaZip�an eventdistribution

is used;seebelow). RandomPrologatomsareconstructedfor each,varyingin form for human

readability. An exampleevent is this: [ihdixos,spmg,davr,fizg] ; whereihdixos

was an atom constructedto correspondto an event type with an animate�rst argument,an

inanimatesecondargumentandananimatethird argument.6 Notethatsomeeventtypesembed

relationsasarguments.Thesearerecursive eventslike seeing,or knowing in Englishin which

anarbitraryevent is embedded.Thus,althoughtherearea �nite numberof eventsasprovided

by an input parameter, if oneor moreof thoseevent typesis of a sort that allows embedding,

thenduring the courseof simulationin which eventshappenandspeakerscommenton them,

individualeventsmaybearbitrarily complex. That is, in thelimit thereis anin�nite numberof

possibleeventsevengiven�nite speci�cationof thenumberof eventtypes.This is distinctfrom
5An unconstrainedargumentmaybeany of theentity typesor, recursively, aneventtype.
6Thosewerethepropertiesof spmg, etc.,in thisparticularrun—nothingaboutthatatomencodesanimacy, andin anotherrun

it mighthave hada differenttypeor nothave beengeneratedat all.

September5, 2002 DRAFT



A WORKBENCHFORSIMULATING NATURAL LANGUAGEEVOLUTION 15

boundlessiterability of a �nite setof eventsandaccompanying probabilitiesof repeatedevent

types.

Perhapsmoreimportantis thattheeventsdonot themselvesencodepredicateargumentstruc-

ture in a way that thatwould prejudicelearningtowardsthecontext freegrammarimplicit in a

predicateargumentrepresentationof aneventwith the functorproviding the left-handnonter-

minal andtheargumentssupplyingtheright-handsideof a production.This is accommodated

asfollows (comparewith [26]). Whenaneventhappensthespeaker selectsa randomelement

of thesetof all sublistsof theevent,eachcorrespondingto adistinctperspective,anagentmight

havewith respectto theexampleevent.

An event happens: [ihdixos,spmg,davr,fizg]

Possible construal of the event: [[ihdixos],[spmg],[davr],[fi zg]]

Possible construal of the event: [[ihdixos],[spmg,davr],[fizg ]]

Theheareris not constrainedto have thesameperspective on theeventasthespeaker, ground-

ing our approachin the perspectivesof the interlocutors,andso the extent of sharedmeaning

is dependenton sharedperspective. This approachto the conceptualrepresentationof agents

is supported[27] by work which suggeststhatstatisticallygoodmappingswill outnumberbad

mappingsandthesystemwill learn.This is alsoconsistentwith thecontention[25] thatindivid-

ualsshouldnot all have thesamelinguistic competence.7 In their experimentstheconceptual-

izationsandlexiconsof theindividualagentswerenever thesame.Evenif asharedperspective

obtainsthehearerwill nothaveaccessto individual type-tokenrelations,insteadit will mapthe

entireutteranceto theentireeventandthenattemptto interpretthecomponentlexical itemsand

inducewhatany unknown itemsmight mean.

Phonemesarealsoarbitraryatoms.8 A speaker, uponwitnessingsomeevent, usespairsof

phonemesto referto eachelementof theevent.At theoutset,this involvesinventedpairsfor the

association,but overtime,pastexperienceinteracts.Thus,oneelementof constrainingstructure

imposedon themodel(not yet parameterized),is thatspeakerstry to talk abouttheentiretyof
7We assumeonly thatagentsprobablyhadsimilar basicvocalandauditorycapacity, but do not assumeany sharedlinguistic

or perceptive competence.
8Notethatthey areatomsandnot letters—ifaninputparameterrequiresmorephonemesthancanberepresentedby arbitrary

lettersof the English alphabet,then atomsare constructedfrom longersequences,yet in either case,as atomsthey do not

correspondto Englishletters.
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their perspective on aneventplacedbeforethem. However, throughiterationbetweenbeinga

speakerandahearer, aspeakermaycometo preferamorecomplicatedwayof referring:

Event: [jilufks,furk]

Uttered: [[[jilufks],[[r,q],[r,v]]],[[ furk] ,[[e ,y]]] ]

Heard: [[[vmpk],[[r,q]]],[[furk],[[r,v ],[e, y]]] ]

Herean event occurred,anda speaker useda four-phonemecomplex, [[r,q],[r,v]] to

pick out theeventtypeanda two phonemecomplex to pick out theargument.Thus,wordsare

modeledaslists of pairsof phonemesandarenot restrictedin length.Thereis suf�cient space

for dualityof patterningto emergewithout its beingbuilt-in (see[28]). Thephonemepair is the

minimummeaningbearingunit. If the two phonemesareidentical,thenphonememeaningis

thesameaspairmeaning,andthereis nodualityof patterning.Thedualityemergesbecausethe

minimum meaningbearingunit is constructedfrom arbitraryphonemesthat hold no meaning

on their own. Duality of patterningis built in to theextent that thechancethateachphoneme

will bepairedwith itself over a seriesof randomselectionsis decreasing,in inverserelationto

thesizeof thephonemespace,yet it remainsa possibilityfor self-pairing.Thereis nomodelof

articulatoryconstraintsonpossiblephonemepairings.

Thehearerhasunobscuredaccessto thesameeventcommentedonby thespeaker. Thismod-

els the sharingof cognitive possibilitiesamongcommunicatingagents.However, perspectival

divergenceis alsopossible.Thehearercanpartitiontheeventdifferently; thus,our modeldoes

not requireagentsto shareperspectives. The onuson the heareris not to �nd a phonemese-

quencefor eachpartof theperspective on theevent,but somethingin theconceptualspacefor

eachphonemesequenceto mean.Anotherassumptionthat is not parameterizedis that thereis

no noise— while thehearermaysegmentthesignaldifferently(asin theexampleabove), the

hearerhasperfectaccessto thestreamof phonemesuttered.The lack of clarity is in what the

utterancemeans.In the above exchange,althoughthe hearertakesthe speaker asrelatingthe

soleparticipantin thejointly witnessedevent,the[furk] , to someotherentityassociatedwith

[[r,q]] in thepast,andtheentiretyof thismeaningis wrong,andalthoughthesegmentation

is wrong leadingthe hearerto assumethat a distinct signal is at stake ([[r,v],[e,y]] vs

[[e,y]] ) at leasttheintendeddenotationis correct.

The asymmetryin responsibilitybetweenspeaker andhearerdoesnot contradictthe Saus-
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sureanperspective. Speaker is requiredto commenton everything in its perspective on the

event;heareris requiredto groundevery word it segmentsfrom thesignaleitherin its perspec-

tiveon thesharedeventor onpastinterpretations.Perspective is known to confoundtheoretical

assumptions.Empiricalresearchdemonstratesthelackof speakerattentionto hearerperspective

in identifying useconditionsfor de�nites [29]. Theasymmetrywe suggestherecontradictsthe

Saussureanperspectiveonly to theextentthatthoseempirical�ndings with humancommunica-

torsdo.

Thereis no initial grammarthat constrainsthe system,neitherexplicitly, nor implicitly in

the structureof semanticrepresentationsof events. Thereare only associationsof meaning

sequenceswith phonemesequences(comparewith [30], [26], [19]).

Clearly, althoughtherearehard-codedassumptionslikea lackof distortionin thespeechsig-

nal, the responsibilityof the speaker to commenton theentiretyof an eventandof thehearer

to �nd a meaningfor eachpart of an utterance,thereis a lot of room for thingsto go wrong.

Successfulevolutionof ausefullangaugeunderrealisticallyunfavorableconditionsis moreim-

pressive thananevolutionarysystemwith dice loadedfor success.In sum,thebasicrepresen-

tationsinvolve structuredlists of arbitraryPrologatomsselectedat randomasbeingof various

categories. The fact that speakersandhearershave equalaccessaswitnessto eventsmodels

theassumptionthatoriginal speakersandhearershadequivalentcognitivearchitecturesandac-

cessto thesamerangeof concepts.Similarly, thefact thatspeakersandhearershave accessto

thesameinventoryof phonemescreatively arrangedinto wordsby they themselvesmodelsthe

assumptionthatoriginalspeakersandhearershadcomparablevocaltractsandauditorysystems.

B. Algorithms

1) Thebasicarchitecture: of the systeminvolves iterating throughthe following process

basedon theinputparameters.9

1) Initialize:

clearmemory, etc.

generateenoughphonemes� , entities� andrelations�

2) If out of Epochs� , show statistics& quit.
9A superscript� is suppliedfor eachquantitythatis parameterized.
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3) If at the limit of attentionspan� (the endof an epoch)forget any symbol/meaningpair

from thelastepochthatoccurredno moreoftenthantheforgettingthreshold�

4) Runanepoch.

a) Somearbitrary� relationobtainswith appropriateargumentsasanevent

b) A speakercommentson thatevent,notetaken

c) A hearerobservestheeventandinterpretstheutterance,notetaken

d) Omniscientsobserve thedegreeof commonunderstanding

e) If accordingto omniscients,theminimum10 requiredlevel of understanding� is not

reached,thengo to 4c

f) If it' sasituationfalling undertheprobabilitythatsuccessmatters� , andif successis

lessthana thresholdpercentage� ,

thenignoretheutterance

else,notethesymbol/meaningassociation(updatingfrequencies),andgo to 4a

5) Goto2

Thisalgorithminvolvesiterationsof speakerscommentingonevents,andhearersinterpreting

utterancesin the context of a jointly witnessedevent. Thesesubroutinesareoutlinedbelow.

Both speakersandhearershave thecapacityto innovate. Both speakersandhearersarein�u-

encedby thehistoryof communication(modulothatwhich is forgottenbecauseit happenedso

infrequently). That in�uence of historymaybe frequency based(dependingon all prior utter-

ances)or recency based(dependingon themostrecentutterance).Becauseover time speakers

andhearerswill interchangerolesandbe equally in�uenced by their own pastinterpretations

asby associationsput forwardthroughtheir utterances,thereis a communalknowledgebaseof

pastinterpretations.Essentially, this is a hardwiredassumptionthatthereareonly two commu-

nicators. It is importantto point out that in our idealizationthereis only oneknowledgebase

of pastutterances,modelingthe pair's dual rolesasspeakerson someoccasionsandhearers

on others.11 This is not a modelof differentialmemoriesamongthe participants,nor is there
10 Recallthatwe feel themostappropriatelevel for this parameteris 0.
11 Onecouldwell arguethatthis idealizationis atbestof anindividualcommunicatingwith itself. To theextentthatit' savalid

argument,onemustalsoagreethatcommunicatingwith oneselfis anontrivial ability to haveemerged.Recall,for example,[31]

discussesahypothesisthattheorigin of humanconsciousnessis in theintegrationof thehemispheres,theendof interhemisphere

intraindividualdiscretecommunication;alsorecalltheargumentsonthemodularityhypothesis[32] andChomsky'sminimalism

thattheroleof languageis not somuchinterpersonalcommunicationasinterfacingto therestof cognitive architecture.
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a real modelof informationstatebeyond the immediateevent. A richer extensionof the sys-

tem would includeparticipant-indexedknowledgebasesandinformationstates,with updates,

downdates,queries,disputesandacknowledgments.Suchanextensionwould demonstratethe

effectsof agentself-organizationon theemerging language,but giventhatprevioussimulations

(e.g. [25]) have shown that multi-agentsystemswill eventuallyexhibit self-organizationand

languagecoherencewedonot feelcompelledto attemptto replicatetheseresults.Wedorecog-

nizethoughthatanattemptmustbemadeto modeltheeffectsof lexical self-propagationamong

larger groupsof agents.In simulationswith many agentstherewill frequentlybe timeswhen

a particularagentwill not have a particulartype-token mappingor will only be awareof an

archaicmappingeven if thereis generalcoherencewithin thegroup,thuswe have parameters

which determinethe level of useof novel or infrequentmappingsusingeithera frequency or

recency basedmetric.

2) Initialization: Themostinterestingphaseof theinitializationis in thehandlingof Zip�an

distributionsof possibleevents.This is managedasfollows.

1) Giventhenumberof relationnames� to generateasE, initialize D = E; computethesum

of seriesS:

a) Initialize S = 0

b) If D = 1 thenreturnS = S + E
D

c) S = S + E
D

d) DecrementD

e) goto1b

2) Theprobabilityof thehighestrankedeventnameis E
S

3) Theprobabilityof eacheventnamefor rankr � 1 is
E
S
r

Eachof the resultingeventnamesis assertedto the databasein an additionaltableindicating,

in decreasingorder, the Zip�an likelihoodof an event of that sort occurring,along with the

sum of probabilitiesup to that rank. Thus,as the Zip�an probability columndecreases,the

aggregatecolumnapproachesthe value1. Then,whenan arbitraryeventobtains,it is chosen

with respectto a randomvaluesuchthat the eventselectedis the �rst eventnamein the table

with an aggregateprobability exceedingthe randomlygeneratednumber(hence,the highest

rankingeventnameaccordingto theZip�an distribution).
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If theZip�an parameteris notset,thenEventnamesarechosenrandomlyandassignedto the

seveneventtypeswithoutadditionalconstraintson their frequency of occurencein reality.

3) Speaker commentonevents:

1) Theeventis modeledasthelist of atomsgivenby a relationnameandits arguments.

2) Thespeaker individuatesthatevent.

This is modeledby:

a) This list of possiblepartitionsof theeventlist is formed.

b) A randompartitioningis selectedfrom thatlist.

(This is a list of lists of atoms).

For example,aneventobtains:

[mgvgmns,tkhs,xipz]

Possibleconstrualsof therelation:

[[[mgvgmns],[tkhs,xipz]],

[[mgvgmns],[tkhs],[xipz]],

[[mgvgmns,tkhs],[xipz]]]

Whatthespeaker focuseson:

[[mgvgmns,tkhs],[xipz]]

3) Thespeaker associatesa symbol/phonemesequencewith thestructuredperceivedmean-

ing.

This is in partialrelationto whathasbeenutteredandconstruedbefore.

For eachmeaningsegmentin thespeaker's individuatedmeaning:

a) Identify all thephonemesassociatedwith it in thepast

b) If thatlist is nonempty:

i) Choosea randomelementof it.12

ii) If somechanceeventhappens,whoseprobabilitydiminisheswith thenumberof

wordsuttered(andremembered)sofar, thenjust inventanew phonemesequence

to associatewith themeaning.13

12 This implementsfrequency effects: it is not the most frequentpairing that is necessarilyselected,but frequentpairings

have higher probability of selectionfrom memorythan infrequentpairingsgiven that a randomselectionis madefrom the

rememberedhistoryof pairings.
13 Thus,innovationis possibleat any stage,whetherthespeaker is in�uencedby frequency� or recency� .
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Otherwise,theutteredphonemesequenceis therandomchoiceamongpastevents.

Otherwise,thatmeaninghasn't beennotedbefore,somake up a new phonemepair

to associatewith themeaningunit.

4) Hearer interpretationof an event:

1) Theinterpreterhearsaneventandsegmentsthestreaminto units.

2) Interpretationassociatesmeaningswith thesegmentsin relationto theeventthatoccurred

andthehistoryof pastassociations

3) Theinterpreteris eitherfrequency� or recency� sensitive.14

a) If therearenomore“words” in thesegmentation,associationis done.

b) Findall pastassociationsof meaningswith thenext word.

i) If frequency sensitive,selecta randomelementof this list asthecurrentinterpre-

tationof theword.

ii) Otherwise,if recency sensitive, selectthe last interpretationof the word asthe

current.

iii) If no pastassociationsexist for theword, thenon the basisof the hearer's own

individuationof theevent,associateameaning-segmentwith thespeechsegment.

c) Goto3a

Notice that our model assumesthat speakers have more opportunitiesfor innovation than

hearers,but thatbothhaveopportunityto innovate.

C. Discussion

In this sectionwe have characterizedtheprimarydatastructuresandincludeddetailsof their

implementationin Prolog.Wehavealsoprovidedthemainalgorithmsoperatingoverthosedata

structuresasa function of choicein input parameters.Although the algorithmsaredescribed

herein an imperative format, their mappingontostandardrecursive clausesin a Prologimple-

mentationis trivial.

IV. SAMPLE EXPERIMENTS

Hereweprovideexamplesof typical experimentsenabledby thesystem.
14 Oneof ourmotivesfor providing afacility to explorethesetwo parametersettingscomesfrom theinput-outputcoordination

principlehypothesizedasanexplanationof empirical�ndings in thecoordinationof descriptionsin taskbaseddialog[33].
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A. A Benchmark

� Parameters:

– Sizeof phonemespace: 30

– Sizeof entitypool: 100

– Sizeof relationpool: 30

– Distributionof relationtypes: random

– Numberof epochs: 50

– Attentionspan: 20

– Forgettingthreshold: 1

– Minimum requiredlevel of understanding: 0

– Probabilitythatsuccessmatters: 0

– Level of necessarysuccess: 0

– Sensitivity to recency vs. frequency: f

It wasassumedthat30 phonemeswerepronounceableanddiscernible.Only 100entities

could be discriminated,andmerely30 relationswerenoticed. The justi�cation for these

discernibilityparametersis in presumingthat the �rst speakershadlimited cognitive abil-

ities for discriminatingentitiesandrelationsacrosstime. We arenot committedto such

an assumption.Fifty conversationshappened,eachwith 20 utterances(one for eachof

20 events),every phonemesequencemappingto meaningsthat failed to recurduring the

20 conversationsor all recall of pastconversationsbeing forgotten. Therewas no task

drivenprobabilityfor successfulcommunicationto matterandnominimal level of success-

ful communicationnecessaryfor an utteranceto be recorded.Whenrelying on memory,

speakersandhearersattendedto morethanjust thelastmappingof phonemesto ameaning

(recency), but alsothewholehistoryof rememberedmappings(frequency).

� Performance:

– Averageunderstandingof last10utterances: 67%

– Averageunderstandingoverall: 25%

– Numberof wordsuttered: 4,531

– Numberof word types: 264

– Homonymy: 15.4%
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– Synonymy: 57.6%

Overallat theend,only 25%of whatwasutteredwasunderstood,although67%of wasthe

averagelevel of understandingover the �nal ten utterances.Therewere4,531individual

utterancesinvolving 364 rememberedword types. Most meaningscouldbe expressedby

distinctstringsof phonemesbut overwhelminglyfewer stringscouldbeusedto designate

morethanonemeaning.Referto Figure3 for a graphof theoutput: theX-axis provides

the numberof utterancesand the Y-axis graphsthe averageunderstandingover last 10

utterancesusingtheparametersettingsmentionedabove.

Fig. 3. Graphicaloutput:percentageunderstandingvs. wordsuttered
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Herewehavesetreasonablevaluesto thevariousparameters.Theresult,evenin theextreme

pessimismaboutsemantictransparency is fairly rapid achievementof more than40% under-

standingof an utterance,30% communicative successreachedwithin the �rst 100attemptsat

usingrepresentationsfor meanings— quiteearlyon. A comparablegraphof a runon identical

inputsis providedin Figure4. Theperformanceasevaluatedat theendof therun is asfollows:

� Averageunderstandingof last10 utterances: 55%

� Averageunderstandingoverall: 42.8%

� Numberof wordsuttered: 4,604

� Numberof word types: 428

� Homonymy: 27.8%

� Synonymy: 49.3%

It is interestingaswell to monitoradditionalfeaturesoverthecourseof asimulation.Figure5

showsthesamerun,but in aslightly differentfashion— theX-axis is givenby thetotalnumber

of iterations(50 epochs/games� 20 conversations/attentionspan),andtheY-axis is the range

between0 and1 of a numberof thequantieswe measure.15 Thetime courseof thesemeasure-

mentsis usefulto follow. Synonymy beginsatquiteahighvalue,andovertimediminishes(here

to aboutthesamelevel asaverageoverallunderstanding).Homonymy is moreor lessstable,at

a level lessthanaverageunderstanding.

B. VaryingRequisiteUnderstandingLevels

One parameterthat we can set on the interval between0 and 1 is the minimum required

level of understandingfor eachutterance.Settingthe level to 1, for example,presumesthat

learnershave completeaccessto intendedmeaningfrom the startof languagegenerationand

learning.In general,wefavor settingthisparameterto 0. [15] examinesacloselyrelatedpairof

parameters(probabilitythatsuccessof any particularutterancematters,andthelevel of success

necessaryif it doesmatter)thatinvolveslevelsof feedbackonhow well understoodanutterance

was. While asexternalobserverswe canmonitor thedegreeof communicative successof our

agents,unlessthatinformationis fedbackto theagentsthey havenoinformationaboutintended

meanings.When, for example,the probability that successfulcommunicationmattersto the
15 In electronicversionsof this paper, the lineswhich arelabeledby arrows hereareadditionallycolor coded:red is recent

understanding,greenis averageunderstandingoverall,blueis homonymy andpink is synonymy.
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Fig. 4. Graphicaloutput:percentageunderstandingvs. wordsutteredSeptember5, 2002 DRAFT
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Average Understanding Overall

Recent Understanding

Homonymy

Synonymy

Fig. 5. Percentageunderstandingvs. homonymy vs. synonymy asa functionof time

speakers, thennot only do they lack accessto eachother's meanings,but further thereis no

task-orientedfeedbackwhich informs themthata breakdown in communicationhasoccurred.

Underthatsetting,wehaveamaximallypessimisticassumptionaboutsemantictransparency at

theonsetof languageevolution. Thefeedbackparametersareseparatefrom theminimumlevel

of understandingparameterin that,whenthelatteris setto 0, andtheformerpair (for example)

stipulatethatthereis an80 percentchanceof it matteringwhetheranutterancewasat least50

percentunderstood,any individualcommunicationinvolving 0 understandingmaywell fall into

thechancesthatit didn't matteranyway. Equally, underthesamefeedbacksettings,if minimum

understandingfor eachutteranceis at the other extremeof 1, then the samecommunication

will simply have to be understood,regardlessof the feedbacklevels. Convergenceon useof

termscanemerge even if individualsassumeonly that they sharemeaningswithout actually

sharingmeanings,nor attendingto evidenceeitherway. Nonetheless,asomniscientobservers,
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Recent Understanding
Average Understanding Overall

Homonymy
Synonymy

Fig. 6. Percentageunderstandingvs. homonymy vs. synonymy vs. time

werequiretheability to assesswhethermeaningsharinghastakenplaceandthedegreeto which

it has.Successin communicationis computedasanaverageoverall communicationsandin the

10 mostrecentutterances.

Recallthat thesamplerun of the systemdepictedin Figure5 assumedcompletepessimism

aboutthe level of understandingin eachinitial utterance:theparameterwassetto 0. Figure6

depictsa runwith thevalueof all otherparametersidentical,but with theminimumunderstand-

ing thresholdsetat 25%. This meansthateachutteranceis attendedto until it is at least25%

understoodby the hearer. The level of understandingcould exceedthis minimum, of course,

andin theresultsof therun it is evident thatactualaverageunderstandingover time exceeded

60%(evenwithout feedback),about10%greaterthanthelevel of synonymy. Wepreferholding

this minimumunderstandingthresholdat 0, in keepingwith our preferencefor the maximally

pessimisticassumptionson semantictransparency thusaddressingmisgivingsaboutproviding
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agentswith accessto meanings[15]. Evenwith this pessimisticvalue,therun depictedin Fig-

ure5 demonstratesoverall successfulcommunicationof about40%,thatlevel of understanding

achievedquiteearlyon. For all valuesof theparameterwe presumethat it is essentiallymea-

suredby omnisicientobservers,that the interlocutorsdo not know which partsof anutterance

weresuccessfullycommunicatedwhenthethresholdis lessthan1.

C. Discussion

Thissectionhasprovidedasamplingof thesortsof experimentsthatmaybeconductedusing

ourworkbenchfor simulatingnaturallanguageevolutionwith respectto interestingparameters.

Theexperimentswerenot exhaustive in their pursuitof parametertuning. In fact,theevolution

of an optimal languagewasnot even sought,in that we hopedto demonstratethat even pes-

simisticassumptionscanquickly leadto a viable languageasa socialconstruct.[14] reporton

interactionsof parametersassociatedwith articulablephonemespace. [15] considermemory

andfeedbackissuesin detail aswell. [16] reportson researchinto the Zip�an distribution of

eventnames,aswell asanumberof otherinteractingparameters.

V. CONCLUSION

While at anadvancedstage,our ongoingwork includesenhancingtheparameterizationfur-

ther to includerepresentationsof informationstatesanddialog plansaswell asmemoriesof

utterance-meaningmappings.We intendto extendthe systemto speechactsadditionalto as-

sertion,includingquestioninganddenial,alongwith accompanying informationstateupdates.

We intendtheseextensionsto allow additionalparameterizationof thenumberof interlocutors

representedaswell asthesubsetof thoseincludedin any particularlanguagegame.

We have describeda workbenchthatwe usefor exploring interactionsof parametersin sim-

ulatednaturallanguageevolution from a socialconstructperspective. The systemallows ex-

perimentationwith someparametersthathave not beforebeenindividuated.We have provided

examplesof thesortsof experimentsmadepossibleby thesystem.
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