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Abstract
The paper reports on progressin building com-
putationalmodelsof a constructivist approachto
languagedevelopment. It introducesa formalism
for constructiongrammarsand learningstrategies
basedon invention,abduction,andinduction. Ex-
amplesaredrawn from experimentsexercisingthe
modelin situatedlanguagegamesplayedby embod-
ied arti�cial agents.

1 Intr oduction
The constructivist approachto languagelearning
proposesthat ”children acquire linguistic compe-
tence (...) only gradually, beginning with more
concretelinguistic structuresbasedon particular
words and morphemes,and then building up to
more abstractand productive structuresbasedon
varioustypesof linguistic categories,schemas,and
constructions.” (TomaselloBrooks,1999), p. 161.
The approachfurthermoreassumesthat language
developmentis (i) groundedin cognition because
prior to (or in a co-developmentwith language)
thereis an understandingandconceptualisationof
scenesin termsof events,objects,rolesthatobjects
play in events,andperspectiveson the event, and
(ii) groundedin communicationbecauselanguage
learningis intimatelyembeddedin interactionswith
speci�c communicative goals. In contrastto the
nativist position,defended,for example,by Pinker
(Pinker, 1998),theconstructivist approachdoesnot
assumethat the semanticand syntacticcategories
aswell asthe linking rules(specifyingfor example
that the agentof an action is linked to the subject
of a sentence)areuniversalandinnate. Rather, se-
manticandsyntacticcategoriesaswell asthe way
they arelinked is built up in a gradualdevelopmen-
tal process,startingfrom quitespeci�c `verb-island
constructions'.

Although the constructivist approachappearsto
explainalot of theknownempiricaldataaboutchild

languageacquisition,thereis so far no workedout
model that detailshow constructivist languagede-
velopmentworksconcretely, i.e. whatkind of com-
putationalmechanismsare implied and how they
work togetherto achieve adult (or evenchild) level
competence.Moreover only little work hasbeen
doneso far to build computationalmodelsfor han-
dling the sort of 'constructiongrammars'assumed
by this approach. Both challengesinform the re-
searchdiscussedin thispaper.

2 Abductive Learning

In theconstructivist literature,thereis oftentheim-
plicit assumptionthat grammaticaldevelopmentis
the resultof observationallearning,andseveral re-
searcheffortsaregoingonto operationalisethisap-
proachfor acquiringgroundedlexiconsandgram-
mars(seee.g. (Roy, 2001)). The agentsaregiven
pairswith a realworld situation,asperceivedby the
sensori-motorapparatus,anda languageutterance.
For example,animageof a ball is shown andat the
sametime a stretchof speechcontainingthe word
“ball”. Basedon a generalisationprocessthatuses
statisticalpatternrecognitionalgorithmsor neural
networks,the learnerthen graduallyextractswhat
is commonbetweenthevarioussituationsin which
thesamewordor constructionis used,thusprogres-
sively building a groundedlexicon andgrammarof
a language.

The observational learning approachhas had
somesuccessin learningwordsfor objectsandac-
quiringsimplegrammaticalconstructions,but there
seemto be two inherentlimitations. First, thereis
the well known poverty of the stimulusargument,
widely acceptedin linguistics,whichsaysthatthere
is not enoughdatain thesentencesnormallyavail-
able to the languagelearner to arrive at realistic
lexiconsandgrammars,let alonelearnat the same
time the categorisationsand conceptualisationsof
the world implied by the language.This haslead



many linguists to adoptthe nativist position men-
tionedearlier. Thenativist positioncould in princi-
plebeintegratedin anobservationallearningframe-
work by introducingstrongbiaseson the generali-
sationprocess,incorporatingtheconstraintsof uni-
versalgrammar, but it hasbeendif�cult to identify
andoperationaliseenoughof theseconstraintsto do
concreteexperimentsin realisticsettings. Second,
observational learning assumesthat the language
system(lexiconandgrammar)existsasa�x edstatic
system.However, observationsof languagein use
showsthatlanguageusersconstantlyaligntheir lan-
guageconventionsto suit the purposesof speci�c
conversations(ClarkBrennan,1991). Natural lan-
guagesthereforeappearmore to be like complex
adaptivesystems,similar to living systemsthatcon-
stantly adaptand evolve. This makesit dif�cult
to rely exclusively on statisticalgeneralisation.It
doesnot capturethe inherentlycreative natureof
languageuse.

This paper explores an alternative approach,
whichassumesamuchmoreactivestancefrom lan-
guageusersbasedon thePeirciannotionof abduc-
tion (Fann, 1970). The speaker�rst attemptsto
useconstructionsfrom his existing inventoryto ex-
presswhatever hewantsto express.Howeverwhen
that fails or is judged unsatisfactory, the speaker
mayextendhisexisting repertoireby inventingnew
constructions.Thesenew constructionsshouldbe
suchthatthereis a high chancethat thehearermay
be able to guesstheir meaning. The heareralso
usesas much as possibleconstructionsstored in
his own inventory to makesenseof what is being
said. But when thereare unknown constructions,
or the meaningsdo not �t with the situationbeing
talked about, the hearermakesan educatedguess
aboutwhat the meaningof the unknown language
constructionscould be, andaddsthemasnew hy-
pothesesto his own inventory. Abductiveconstruc-
tivist learninghencereliescrucially on thefact that
both agentshave suf�cient commonground,share
thesamesituation,have establishedjoint attention,
andsharecommunicative goals. Both speakerand
hearerusethemselvesasmodelsof theotherin or-
der to guesshow theotheronewill interpreta sen-
tenceor why thespeakersaysthingsin a particular
way.

Becausebothspeakerandheareraretakingrisks
makingabductive leaps,a third activity is needed,
namelyinduction,not in thesenseof statisticalgen-
eralisationas in observational learningbut in the

senseof Peirce(Fann,1970): A hypothesisarrived
at by making educatedguessesis testedagainst
further datacoming from subsequentinteractions.
Whena constructionleadsto a successfulinterac-
tion, thereis someevidencethat this construction
is (or could become)part of thesetof conventions
adoptedby the group, and languageusersshould
thereforepreferit in thefuture.Whentheconstruc-
tion fails, thelanguageusershouldavoid it if alter-
nativesareavailable.

Implementingthesevisions of languagelearn-
ing anduseis obviouslyanenormouschallengefor
computationallinguistics. It requiresnot only cog-
nitiveandcommunicativegrounding,butalsogram-
marformalismsandassociatedparsingandproduc-
tion algorithmswhich areextremely �e xible, both
from the viewpoint of getting as far as possible
in the interpretationor productionprocessdespite
missingrulesor incompatibilitiesin theinventories
of speakerand hearer, and from the viewpoint of
supportingcontinuouschange.

3 LanguageGames

The researchreportedhereusesa methodological
approachwhich is quite commonin Arti�cial Life
researchbut still relatively novel in (computational)
linguistics: Ratherthanattemptingto developsim-
ulationsthat generatenaturalphenomenadirectly,
asonedoeswhenusingNewton'sequationsto sim-
ulate the trajectoryof a ball falling from a tower,
weengagein computationalsimulationsandrobotic
experimentsthat create(new) arti�cial phenomena
thathave someof thecharacteristicsof naturalphe-
nomenaand henceare seenas explaining them.
Speci�cally, we implement arti�cial agentswith
componentsmodelingcertaincognitive operations
(suchasintroducinganew syntacticcategory, com-
puting an analogybetweentwo events, etc.), and
thenseewhat languagephenomenaresult if these
agentsexercisethesecomponentsin embodiedsitu-
atedlanguagegames.This way we caninvestigate
verypreciselywhatcausalfactorsmayunderlycer-
tainphenomenaandcanfocuson certainaspectsof
(grounded)languageusewithouthaving to facethe
vast full complexity of real humanlanguages.A
survey of work which follows a similar methodol-
ogy is foundin (CangelosiParisi,2003).

Thearti�cial agentsusedin theexperimentsdriv-
ing our researchobserve real-worldscenesthrough
their cameras. The scenesconsistof interactions
betweenpuppets,as shown in �gure 1. These



scenesenactcommoneventslike movementof peo-
ple andobjects,actionssuchaspushor pull, give
or take, etc. In order to achieve the cognitive
groundingassumedin constructivistlanguagelearn-
ing, the scenesareprocessedby a batteryof rela-
tively standardmachinevision algorithmsthatseg-
mentobjectsbasedon color andmovement,track
objectsin real-time,andcomputea streamof low-
level featuresindicating which objectsare touch-
ing, in which direction objects are moving, etc.
These low-level featuresare input to an event-
recognitionsystemthat usesan inventory of hier-
archicalevent structuresandmatchesthemagainst
thedatastreamingin from low-level vision, similar
to thesystemsdescribedin (SteelsBaillie,2003).

Figure1: Sceneenactedwith puppetssothattypical
interactionsbetweenhumansinvolving agency can
beperceivedanddescribed.

In order to achieve the communicative ground-
ing requiredfor constructivist learning,agentsgo
throughscriptsin which they play variouslanguage
games,similar to the setupsdescribedin (Steels,
2003).Theselanguagegamesaredeliberatelyquite
similar to thekind of scenesandinteractionsusedin
a lot of child languageresearch.A languagegame
is aroutinisedinteractionbetweentwo agentsabout
a sharedsituationin theworld that involvestheex-
changeof symbols. Agentstaketurnsplaying the
roleof speakerandhearerandgiveeachotherfeed-
backaboutthe outcomeof the game. In the game
further usedin this paper, one agentdescribesto
anotheragentan event that happenedin the most
recentlyexperiencedscene.The gamesucceedsif
theheareragreesthat theeventbeingdescribedoc-
curredin therecentscene.

4 The Lexicon

Visual processingand event recognitionresultsin
a world model in the form of a seriesof factsde-
scribingthescene.To playthedescriptiongame,the

speakerselectsoneeventasthetopicandthenseeks
aseriesof factswhichdiscriminatethiseventandits
objectsagainstthe other eventsandobjectsin the
context. We usea standardpredicatecalculus-style
representationfor meanings.A semanticstructure
consistsof a setof unitswhereeachunit hasa ref-
erent,which is theobjector eventto which theunit
draws attention,and a meaning,which is a set of
clausesconstrainingthereferent.A semanticstruc-
ture with oneunit is for examplewritten down as
follows:
[1] unit1

�
ev1

�
fall(ev1,true),fall-1(ev1,obj1),ball(obj1)

whereunit1 is theunit, ev1 thereferent,andfall(ev1,
true), fall-1(ev1,obj1), ball(obj1) the meaning. The
different argumentsof an event are decomposed
into different predicates. For example, for “John
givesabookto Mary”, therewouldbefour clauses:
give(ev1,true) for the event itself, give-1(ev1, John),
for theonewho gives,give-2(ev1,book1), for theob-
ject given, and give-3(ev1,Mary), for the recipient.
This representationis more �e xible and makesit
possibleto addnew components(like the manner
of anevent)atany time.

Syntacticstructuresmirror semanticstructures.
They also consistof units and the nameof units
are sharedwith semanticstructuresso that cross-
referencebetweenthem is straightforward. The
form aspectsof the sentenceare representedin a
declarative predicatecalculusstyle,usingthe units
as arguments. For example, the following unit is
constrainedasintroducingthestring“fall”:
[2] unit1

�
string(unit1,“fall”)

The rule formalismwe have developedusesideas
from several existing formalisms, particularly
uni�cation grammarsand is most similar to the
Embodied Construction Grammars proposed in
(BergenChang,2003). Lexical rules link partsof
semanticstructurewith partsof syntacticstructure.
All rules are reversable. When producing, the
left side of a rule is matchedagainstthe semantic
structureand, if thereis a match,the right side is
uni�ed with the syntactic structure. Conversely
whenparsing,the right sideis matchedagainstthe
syntacticstructureandtheleft sideuni�ed with the
semanticstructure. Here is a lexical entry for the
word”fall”.
[3] ?unit

�
?ev

�
fall(?ev,?state),fall-1(?ev,?obj)��� ?unit
�
string(?unit,“fall”)

It speci�es that a unit whose meaning is
fall(?ev,?state), fall-1(?ev,?obj) is expressed with
thestring “fall”. Variablesarewritten down with a



questionmark in front. Their scopeis restrictedto
the structureor rule in which they appearandrule
applicationoften implies the renamingof certain
variablesto takecareof thescopeconstraints.Here
is a lexical entryfor “ball”:
[4] ?unit

�
?obj

�
ball(?obj)��� ?unit

�
string(?unit,“ball”)

Lexicon lookup attemptsto �nd the minimal set
of rules that covers the total semanticstructure.
New unitsmaygetintroduced(bothin thesyntactic
and semanticstructure)if the meaningof a unit
is brokendown in the lexicon into more than one
word. Thus, the original semanticstructurein [1]
results after the application of the two rules [3]
and [4] in the following syntactic and semantic
structures:
[5] unit1

�
ev1

�
fall(ev1,true),fall-1(ev1,obj1)

unit2
�
obj1

�
ball(obj1)

—–
unit1

�
string(unit1,“fall”)

unit2
�
string(unit2,“ball”)

If this syntacticstructureis rendered,it produces
the utterance“fall ball”. No syntaxis implied yet.
In the reversedirection, the parserstartswith the
two units forming the syntactic structure in [5]
andapplicationof the rulesproducesthe following
semanticstructure:
[6] unit1

�
?ev

�
fall(?ev,?state),fall-1(?ev,?obj)

unit2
�
?obj1

�
ball(?obj1)

Thesemanticstructurein [6] now containsvariables
for the referentof eachunit and for the various
predicate-argumentsin their meanings.The inter-
pretationprocessmatchesthesevariablesagainst
the factsin the world model. If a singleconsistent
seriesof bindingscanbefound,theninterpretation
is successful.For example,assumethat thefactsin
themeaningpartof [1] arein theworld modelthen
matching[6] againstthemresultsin thebindings:
[7] ?ev/ev1, ?state/true,?obj/obj1,?obj1/obj1
When the same word or the same meaning is
covered by more than one rule, a choice needs
to be made. Competingrules may develop if an
agentinventeda new word for a particularmeaning
but is later confrontedwith anotherword usedby
somebodyelsefor the samemeaning. Every rule
has a scoreand in productionand parsing, rules
with thehighestscorearepreferred.

When the speakerperformslexicon lookup and
rules were found to cover the completesemantic
structure,no new rulesareneeded.But whensome
part is uncovered,the speakershouldcreatea new

rule. We have experimentedso far with a simple
strategy whereagentslump togethertheuncovered
factsin aunit andcreateabrandnew word,consist-
ing of arandomlychosencon�gurationof syllables.
For example,if no word for ball(obj1) exists yet to
cover thesemanticstructurein [1], a new rule such
as[4] canbeconstructedby thespeakerandsubse-
quentlyused.If thereis nowordatall for thewhole
semanticstructurein [1], asinglewordcoveringthe
wholemeaningwill becreated,giving theeffect of
holophrases.

The hearer�rst attemptsto parseas far as pos-
sible thegivensentence,andtheninterpretsthe re-
sulting semanticstructure,possiblyusing joint at-
tentionor othermeansthatmayhelpto �nd the in-
tendedinterpretation.If this resultsin a uniqueset
of bindings,thelanguagegameis deemedsuccess-
ful. But if therewerepartsof the sentencewhich
werenot coveredby any rule, then the hearercan
useabductive learning. The �rst critical stepis to
guessas well as possiblethe meaningof the un-
known word(s). Thussupposethe sentenceis “fall
ball”, resultingin thesemanticstructure:
[8] unit1

�
?ev

�
fall(?ev,?state),fall-1(?ev,?obj)

If this structureis matched,bindings for ?ev and
?obj are found. The agentcannow try to �nd the
possiblemeaningof the unknown word “ball”. He
canassumethat this meaningmustsomehow help
in the interpretationprocess.He thereforeconcep-
tualisesthesamewayasif hewould bethespeaker
andconstructsa distinctive descriptionthat draws
attentionto the event in question,for exampleby
constrainingthe referentof ?objwith anadditional
predicate.Althoughthereareusuallyseveralways
in which obj1 differsfrom otherobjectsin thecon-
text. Thereis a considerablechancethat the pred-
icate ball is chosenand henceball(?obj) is abduc-
tively inferredasthemeaningof “ball” resultingin
a rule like [4].

Agents use induction to test whether the rules
they createdby inventionandabductionhave been
adoptedby thegroup.Everyrulehasascore,which
is local to eachagent.Whenthe speakeror hearer
hassuccesswith a particular rule, its scoreis in-
creasedand the score of competingrules is de-
creased,thusimplementinglateralinhibition. When
thereis a failure, thescoreof therule thatwasused
is decreased.Becausethe agentsprefer ruleswith
the highestscore, there is a positive feedbackin
the system. The morea word is usedfor a partic-
ularmeaning,themoresuccessthatwordwill have.



Figure2: Winner-take-alleffectin wordscompeting
for samemeaning.Thex-axisplotslanguagegames
andthey-axistheusefrequency.

Scoresrise in all theagentsfor thesewordsandso
progressively we seea winner-take-all effect with
one word dominatingfor the expressionof a par-
ticular meaning(see�gure 2). Many experiments
haveby now beenperformedshowing thatthis kind
of lateral inhibition dynamicsallows a population
of agentsto negotiatea sharedinventoryof form-
meaningpairsfor contentwords(Steels,2003).

5 Syntactisation

The reader may have noticed that the semantic
structurein [6] resultingfrom parsingthesentence
“fall ball”, includestwo variableswhich will both
get boundto the sameobject, namely?obj, intro-
ducedby thepredicatefall-1(?ev,?obj), and?obj1, in-
troducedby thepredicateball(?obj1). We saythatin
this case?objand?obj1form anequality. Justfrom
parsingthetwo words,thehearercannotknow that
the object involved in the fall event is the sameas
the object introducedby ball. He can only �gure
this out when looking at the scene(i.e. the world
model). In fact, if there are several balls in the
sceneandonly oneof themis falling, thereis no
way to know which objectis intended.And even if
the hearercan�gure it out, it is still desirablethat
thespeakershouldprovide extra-informationabout
equalitiesto optimisethehearer's interpretationef-
forts.

A majorthesisof thepresentpaperis thatresolv-
ing equivalencesbetweenvariablesis themainmo-
tor for theintroductionof syntax.To achieve it, the
agentscould,asa �rst approximation,useruleslike
thefollowingone,tobeappliedafterall lexical rules
have beenapplied:
[9] ?unit1

�
?ev1

�
fall-1(?ev1,?obj2)

?unit2
�
?obj2

�
ball(?obj2)���

?unit1
�
string(?unit1,”fall”)

?unit2
�
string(?unit2,”ball”)

This rule is formally equivalentto the lexical rules
discussedearlier in the sensethat it links partsof
a semanticstructurewith partsof a syntacticstruc-
ture. But now morethanoneunit is involved. Rule
[9] will do the job, becausewhenunifying its right
sidewith the semanticstructure(in parsing)?obj2
uni�es with the variables?obj (suppliedby ”fall”)
and?obj1(suppliedby ”ball”) andthis forcesthem
to be equivalent. Note that ?unit1in [9] only con-
tainsthosepartsof theoriginalmeaningthatinvolve
thevariableswhichneedto bemadeequal.

Theaboveruleworksbut iscompletelyspeci�c to
thiscase.It isanexampleof theadhoc`verb-island'
constructionsreportedin anearlystageof child lan-
guagedevelopment.Obviously it is muchmorede-
sirableto have a more generalrule, which can be
achievedby introducingsyntacticandsemanticcat-
egories.A semanticcategory(suchasagent,perfec-
tive, countable,male) is a categorisationof a con-
ceptualrelation,which is usedto constrainthe se-
manticsideof grammaticalrules.A syntacticcate-
gory (suchasnoun,verb,nominative) is a categori-
sationof a word or a group of words, which can
beusedto constrainthesyntacticsideof grammati-
cal rules.A rule usingcategoriescanbeformedby
taking rule [9] above and turning all predicatesor
contentwordsinto semanticor syntacticcategories.
[10] ?unit1

�
?ev1

�
semcat1(?ev1,?obj2)

?unit2
�
?obj2

�
semcat2(?obj2)���

?unit1
�
syncat1(?unit1)

?unit2
�
syncat2(?unit2)

The agentthen needsto createsem-rulesto cate-
gorisea predicateasbelongingto a semanticcate-
gory, asin:
[11] ?unit1

�
?ev1

�
fall-1(?ev1,?obj2)

� �
?unit1

�
?ev1

�
semcat1(?ev1,?obj1)

andsyn-rulesto categoriseawordasbelongingto a
syntacticcategory, asin:
[12] ?unit1

�
string(?unit1,”fall”)

� �
?unit1

�
?ev1

�
syncat1(?unit1)

Theseruleshavearrows goingonly in onedirection
becausethey areonly appliedin oneway.1 During
production,thesem-rulesareapplied�rst, thenthe
lexical rules,next thesyn-rulesandthenthegram-

1Actually if word morphology is integrated, syn-rules need
to be bi-directional, but this topic is not discussed further here
due to space limitations.



matical rules. In parsing,the lexical rules areap-
plied �rst (in reversedirection), thenthe syn-rules
and the sem-rules,and only then the grammatical
rules(in reversedirection). Thecompletesyntactic
andsemanticstructuresfor example[9] look asfol-
lows:
[13] unit1

�
?ev1

�
fall(?ev1,?state),fall-1(?ev1,?obj),
semcat1(?ev1,?obj)

unit2
�
?obj1

�
ball(?obj1),semcat2(?obj1)

—–
unit1

�
string(unit1,“fall”), syncat-1(unit1)

unit2
�
string(unit2,“ball”), syncat-2(unit2)

Theright sideof rule [10] matcheswith thissyntac-
tic structure,andif theleft sideof rule[10] isuni�ed
with thesemanticstructurein [13] thevariable?obj2
uni�es with ?objand?obj1, thusresolvingtheequal-
ity beforesemanticinterpretation(matchingagainst
theworld model)starts.

How canlanguageusersdevelopsuchrules?The
speakercan detectequalitiesthat need to be re-
solvedby re-entrance:Beforerenderinga sentence
andcommunicatingit to thehearer, thespeakerre-
parseshisown sentenceandinterpretsit againstthe
facts in his own world model. If the resultingset
of bindingscontainsvariablesthatareboundto the
sameobjectafter interpretation,then theseequali-
tiesarecandidatesfor theconstructionof a ruleand
new syntacticandsemanticcategoriesaremadeas
a sideeffect. Notehow thespeakeruseshimselfas
a model of the hearerand �x es problemsthat the
hearermight otherwiseencounter. The hearercan
detectequalitiesby �rst interpretingthe sentence
basedon the constructionsthat arealreadypart of
hisown inventoryandthesharedsituationandprior
joint attention. Theseequalitiesarecandidatesfor
new rulesto beconstructedby thehearer, andthey
againinvolve the introductionof syntacticandse-
manticcategories.Notethatsyntacticandsemantic
categoriesarealwayslocal to an agent. The same
lateralinhibition dynamicsis usedfor grammatical
rules as for lexical rules,andso is also a positive
feedbackloopleadingto awinner-take-alleffect for
grammaticalrules.

6 Hierar chy

Naturallanguagesheavily usecategoriesto tighten
rule application,but they also introduceadditional
syntacticmarkings,such as word order, function
words, af�x es, morphological variation of word
forms, and stressor intonation patterns. These
markingsareoftenusedto signalto which category

certainwordsbelong. They canbe easilyincorpo-
ratedin the formalismdevelopedso far by adding
additionaldescriptorsof the units in the syntactic
structure.For example,rule [10] canbe expanded
with word orderconstraintsandtheintroductionof
aparticle“ba”:
[14] ?unit1

�
?ev1

�
semcat1(?ev1,?obj2)

?unit2
�
?obj2

�
semcat2(?obj2)���

?unit1
�
syncat1(?unit1)

?unit2
�
syncat2(?unit2)

?unit3
�
string(?unit3,“ba”)

?unit4
�
syn-subunits( � ?unit1,?unit2,?unit3� ),

preceeds(?unit2,?unit3)
Note that it wasnecessaryto introducea superunit
?unit4in orderto expressthewordorderconstraints
betweentheba-particleandtheunit that introduces
the object. Applying this rule as well as the syn-
rulesandsem-rulesdiscussedearlierto theseman-
tic structurein [5] yields:
[13] unit1

�
ev1

�
fall(ev1,true),fall-1(ev1,obj),

semcat1(ev1,obj)
unit2

�
obj1

�
ball(obj1),semcat2(obj1)

—–
unit1

�
string(unit1,“fall”), syncat-1(unit1)

unit2
�
string(unit2,“ball”), syncat-2(unit2)

unit3
�
string(unit3,“ba”)

unit4
�
syn-subunits(� unit1,unit2,unit3 � ),
preceeds(unit2,unit3)

When this syntacticstructureis rendered,it pro-
duces”fall ball ba”, or equivalently ”ball ba fall”,
becauseonly the orderbetween“ball” and“ba” is
constrained.

Obviously the introductionof additionalsyntac-
tic featuresmakesthelearningof grammaticalrules
more dif�cult. Natural languagesappearto have
meta-level strategies for invention and abduction.
For example,alanguage(like Japanese)tendstouse
particlesfor expressingtherolesof objectsin events
andthisusageis astrategy bothfor inventingtheex-
pressionof anew relationandfor guessingwhatthe
useof an unknown word in the sentencemight be.
Another language(like Swahili) usesmorphologi-
cal variationssimilar to Latin for thesamepurpose
andthushasendedup with a rich setof af�x es. In
our experimentsso far, we have implementedsuch
strategiesdirectly, so that inventionandabduction
is stronglyconstrained.We still needto work out
a formalismfor describingthesestrategiesasmeta-
rules and researchthe associatedlearningmecha-
nisms.



Figure3: Thegraphshowsthedependency structure
aswell asthephrase-structureemerging throughthe
applicationof multiple rules

When the same word participates in several
rules, we automatically get the emergence of
hierarchicalstructures.For example,supposethat
two predicatesareusedto draw attentionto obj1 in
[5]: ball and red. If the lexicon hastwo separate
wordsfor eachpredicate,then the initial semantic
structurewould introducedifferentvariablessothat
the meaningafter parsing”fall ball ba red” would
be:
[15] fall(?ev,?state), fall-1(?ev,?obj), ball (?obj),
red(?obj2)
To resolve theequalitybetween?obj and?obj2, the
speakercouldcreatethefollowing rule:
[14] ?unit1

�
?obj

�
semcat3(?obj)

?unit2
�
?obj

�
semcat4(?obj)���

?unit1
�
syncat3(?unit1)

?unit2
�
syncat4(?unit2)

?unit3
�

syn-subunits ( � unit1,unit2� ), pre-
ceeds(unit1,unit2)
The predicateball is declaredto belongto semcat4
and the word “ball” to syncat4. The predicatered
belongsto semcat3and the word “red” to syncat3.
Renderingthe syntacticstructureafter application
of this rule givesthesentence”fall redball ba”. A
hierarchicalstructure(�gure 3) emerges because
“ball” participatesin two rules.

7 Re-use
Agents obviously should not invent new conven-
tions from scratchevery time they needone, but
ratheruseasmuchaspossibleexisting categorisa-
tionsandhenceexistingrules.Thissimpleeconomy
principle quickly leadsto the kind of syntagmatic
andparadigmaticregularitiesthatone�nds in natu-
ral grammars.For example,if thespeakerwantsto
expressthat a block is falling, no new semanticor
syntacticcategoriesor linking rulesareneededbut
block cansimply be declaredto belongto semcat4
and“block” to syncat3andrule [14] applies.

Re-useshouldbe driven by analogy. In one of

the largestexperimentswe have carriedout so far,
agentshadawayto computethesimilarity between
two event-structuresby pairingtheprimitiveopera-
tions makingup an event. For example,a pick-up
action is decomposedinto: an object moving into
the directionof anotherstationaryobject, the �rst
objectthentouchingthesecondobject,andnext the
two objectsmoving togetherin (roughly) theoppo-
site direction. A put-down actionhassimilar sub-
events,except that their orderingis different. The
rolesof the objectsinvolved (the hand,the object
being picked up) are identical and so their gram-
maticalmarkingcouldbere-usedwith very low risk
of beingmisunderstood.Whena speakerreusesa
grammaticalmarkingfor aparticularsemanticcate-
gory, thisgivesastronghint to thehearerwhatkind
of analogyis expected. By using theseinvention
and abductionstrategies, semanticcategories like
agentor patient graduallyemerged in the arti�cial
grammars.Figure4 visualisestheresultof this ex-
periment(after700gamesbetween2 agentstaking
turns). The x-axis (randomly) ranksthe different
predicate-argumentrelations,they-axistheir mark-
ers.Without re-use,every argumentwouldhave its
own marker. Now severalmarkers(suchas“va” or
“zu”) cover morethanonerelation.

Figure4: More compactgrammarsresultfrom re-
usebasedon semanticanalogies.

8 Conclusions
Thepaperreportssigni�cant stepstowardsthecom-
putationalmodelingof a constructivist approachto
languagedevelopment.It hasintroducedaspectsof
a constructiongrammarformalismthat is designed
to handlethe �e xibility requiredfor emergent de-
velopinggrammars.It alsoproposedthatinvention,
abduction,and induction are necessaryand suf�-
cient for languagelearning. Much more technical
work remainsto bedonebut alreadysigni�cant ex-
perimentalresultshave beenobtainedwith embod-



ied agentsplaying situatedlanguagegames.Most
of the openquestionsconcernunderwhat circum-
stancessyntacticandsemanticcategoriesshouldbe
re-used.
Researchfunded by Sony CSL with additional fund-
ing from ESF-OMLL program,EU FET-ECAgentsand
CNRSOHLL.
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