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Abstract

The paperreportson progressin building com-
putationalmodelsof a constructvist approachto
languagedevelopment. It introducesa formalism
for constructiongrammarsand learning stratejies
basedon invention, abduction,andinduction. Ex-
amplesaredravn from experimentsexercisingthe
modelin situatedanguageyamegplayedby embod-
iedarti cial agents.

1 Intr oduction

The constructvist approachto languagelearning
proposeshat "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,schemasand
constructions. (TomaselloBrooks,1999), p. 161.
The approachfurthermoreassumeshat language
developmentis (i) groundedin cognition because
prior to (or in a co-derelopmentwith language)
thereis an understanding@nd conceptualisatiorof
scenesn termsof events,objects rolesthatobjects
play in events,and perspectieson the event, and
(i) groundedin communicationbecausdanguage
learningis intimatelyembeddedh interactionswith
speci ¢ communicatre goals. In contrastto the
nativist position,defendedfor example,by Pinker
(Pinker 1998),the constructvist approachdoesnot
assumethat the semanticand syntactic cateyories
aswell asthe linking rules(specifyingfor example
that the agentof an actionis linked to the subject
of a sentenceg@reuniversalandinnate. Rather se-
manticand syntacticcatejoriesaswell asthe way
they arelinkedis built up in agradualdevelopmen-
tal processstartingfrom quite speci ¢ “verb-island
constructions'.

Although the constructvist approachappearso
explainalot of theknown empiricaldataaboutchild

languageacquisition,thereis sofar no workedout

modelthat detailshow constructvist languagede-

velopmentworksconcretelyi.e. whatkind of com-

putationalmechanismsare implied and how they

work togetherto achieve adult (or even child) level

competence.Maoreover only little work hasbeen
doneso far to build computationamodelsfor han-

dling the sort of ‘constructiongrammars'assumed
by this approach. Both challengesnform the re-

searchdiscussedn this paper

2 Abductive Learning

In the constructvist literature thereis oftentheim-
plicit assumptiorthat grammaticaldevelopmentis
the resultof obsenationallearning,andseveral re-
searctefforts aregoingonto operationalis¢his ap-
proachfor acquiringgroundedexiconsandgram-
mars(seee.g. (Roy, 2001)). The agentsaregiven
pairswith arealworld situation,aspercevedby the
sensori-motoapparatusanda languageutterance.
For example,animageof a ball is shovn andatthe
sametime a stretchof speechcontainingthe word
“ball”. Basedon a generalisatiorprocesghat uses
statisticalpatternrecognitionalgorithmsor neural
networks,the learnerthen gradually extracts what
is commonbetweerthe varioussituationsin which
thesameword or constructioris usedthusprogres-
sively building a groundedexicon andgrammarof
alanguage.

The obsenational learning approachhas had
somesuccessn learningwordsfor objectsandac-
quiring simplegrammaticaktonstructionsbut there
seemto be two inherentlimitations. First, thereis
the well known poverty of the stimulusargument,
widely acceptedn linguistics,which saysthatthere
is not enoughdatain the sentencesormally avail-
able to the languagelearnerto arrive at realistic
lexiconsandgrammars|et alonelearnat the same
time the cateyorisationsand conceptualisationsf
the world implied by the language. This haslead



mary linguiststo adoptthe nativist position men-
tionedearlier The nativist positioncouldin princi-
ple beintegratedn anobsenationallearningframe-
work by introducingstrongbiaseson the generali-
sationprocessincorporatingthe constraintf uni-
versalgrammay but it hasbeendif cult to identify
andoperationalisenoughof theseconstraintgo do
concreteexperimentsin realistic settings. Second,
obsenational learning assumeghat the language
system(lexiconandgrammarkxistsasa x edstatic
system. However, obsenationsof languagen use
shavsthatlanguageisersconstantlyaligntheirlan-
guagecorventionsto suit the purposesf speci c
corversations(ClarkBrennan,1991). Natural lan-
guagesthereforeappearmore to be like comple
adaptve systemssimilarto living systemghatcon-
stantly adaptand evolve. This makesit dif cult
to rely exclusively on statisticalgeneralisation. |t
doesnot capturethe inherently creative nature of
languagause.

This paper explores an alternatve approach,
whichassumea muchmoreactive stancerom lan-
guageusersbasedon the Peirciannotion of abduc-
tion (Fann, 1970). The speakerrst attemptsto
useconstructiongrom his existing inventoryto ex-
presswhatever he wantsto express.Howeverwhen
that fails or is judged unsatisfactory the speaker
may extendhis existing repertoireby inventingnew
constructions. Thesenew constructionsshouldbe
suchthatthereis a high chancethatthe hearemay
be able to guesstheir meaning. The heareralso
usesas much as possibleconstructionsstoredin
his own inventoryto make senseof what is being
said. But whenthereare unknonn constructions,
or the meaningsdo not t with the situationbeing
talked about, the hearermakesan educatedguess
aboutwhat the meaningof the unknawvn language
constructionould be, andaddsthemas new hy-
pothesego his own inventory Abductive construc-
tivist learninghencereliescrucially on thefact that
both agentshave sufcient commonground,share
the samesituation,have establishedoint attention,
andsharecommunicatie goals. Both speakerand
hearerusethemselesasmodelsof the otherin or-
derto guesshow the otheronewill interpreta sen-
tenceor why the speakesaysthingsin aparticular
way.

Becauséoth speakeandheareraretakingrisks
making abductve leaps,a third activity is needed,
namelyinduction,notin the sensef statisticalgen-
eralisationas in obsenational learning but in the

senseof Peirce(Fann,1970): A hypothesisarrived
at by making educatedguessess testedagainst
further datacoming from subsequeninteractions.
When a constructionleadsto a successfulnterac-
tion, thereis someevidencethat this construction
is (or could become)part of the setof corventions
adoptedby the group, and languageusersshould
thereforepreferit in thefuture. Whenthe construc-
tion fails, thelanguageusershouldavoid it if alter

nativesareavailable.

Implementingthesevisions of languagelearn-
ing anduseis obviously anenormoushallengefor
computationalinguistics. It requiresnot only cog-
nitiveandcommunicatregrounding put alsogram-
marformalismsandassociategarsingandproduc-
tion algorithmswhich are extremely e xible, both
from the viewpoint of getting as far as possible
in the interpretationor productionprocessdespite
missingrulesor incompatibilitiesin theinventories
of speakerand hearey and from the viewpoint of
supportingcontinuouschange.

3 LanguageGames

The researchreportedhere usesa methodological
approachwhich is quite commonin Arti cial Life
researctbut still relatively novel in (computational)
linguistics Ratherthanattemptingto develop sim-
ulationsthat generatenatural phenomenalirectly,
asonedoeswhenusingNewton's equationgo sim-
ulate the trajectoryof a ball falling from a tower,
weengagen computationasimulationsandrobotic
experimentsthat create(new) arti cial phenomena
thathave someof the characteristicef naturalphe-
nomenaand henceare seenas explaining them.
Speci cally, we implementarti cial agentswith
componentsnodeling certaincognitive operations
(suchasintroducinga new syntacticcateyory, com-
puting an analogybetweentwo events, etc.), and
then seewhat languagephenomenaesultif these
agentexercisethesecomponentsn embodiedsitu-
atedlanguagegames.This way we caninvestigate
very preciselywhatcausafactorsmay underlycer
tain phenomenandcanfocuson certainaspectof
(grounded)anguageusewithout having to facethe
vastfull compleity of real humanlanguages. A
suney of work which follows a similar methodol-
ogyis foundin (Cangelosi@risi, 2003).

Thearti cial agentausedin theexperimentsdriv-
ing our researclobsere real-worldsceneghrough
their cameras. The scenesconsistof interactions
betweenpuppets,as shovn in gure 1. These



scenegnactcommoneventslike movementof peo-
ple and objects,actionssuchas pushor pull, give

or take, etc. In orderto achieve the cognitive

groundingassumech constructvistlanguagdearn-
ing, the scenesare processedy a batteryof rela-
tively standardnachinevision algorithmsthat seg-

mentobjectsbasedon color and movement,track
objectsin real-time,and computea 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 structuresand matcheshemagainst
the datastreamingn from low-level vision, similar
to thesystemglescribedn (SteelsBaillie 2003).

Figurel: Scenesnactedvith puppetssothattypical
interactionsbetweerhumansinvolving ageng can
bepercevedanddescribed.

In orderto achieze the communicatie ground-
ing requiredfor constructvist learning, agentsgo
throughscriptsin which they play variouslanguage
games,similar to the setupsdescribedin (Steels,
2003).Thesdlanguagegamesaredeliberatelyquite
similarto thekind of scenesndinteractionausedin
alot of child languageresearch A languagegame
is aroutinisedinteractionbetweertwo agentsabout
a sharedsituationin the world thatinvolvesthe ex-
changeof symbols. Agentstake turns playing the
role of speakeandhearerandgive eachotherfeed-
back aboutthe outcomeof the game. In the game
further usedin this paper one agentdescribesto
anotheragentan event that happenedn the most
recentlyexperiencedscene. The gamesucceedsf
the heareragreeghatthe eventbeingdescribedc-
curredin therecentscene.

4 The Lexicon

Visual processingand event recognitionresultsin
a world modelin the form of a seriesof factsde-
scribingthescene To playthedescriptiorgame the

speakeselectoneeventasthetopicandthenseeks
aseriesf factswhichdiscriminatethis eventandits
objectsagainstthe other eventsand objectsin the
contt. We usea standardoredicatecalculus-style
representatiofior meanings.A semanticstructure
consistsf a setof unitswhereeachunit hasa ref-
erent,which is the objector eventto which the unit
draws attention,and a meaning,which is a setof
clausesconstraininghe referent.A semanticstruc-
ture with oneunit is for examplewritten down as
follows:

[1] unitl evl fall(evi,true)fall-1(evl,objl),ball(objl)
whereunitl is theunit, evl thereferentandfall(evi,
true), fall-1(ev1,0bjl), ball(objl) the meaning. The
different agumentsof an event are decomposed
into different predicates. For example, for “John
givesabookto Mary”, therewould befour clauses:
give(evl,true)for the event itself, give-1(ev1, John)
for theonewho gives,give-2(ev1,book1) for the ob-
ject given, and give-3(ev1,Mary), for the recipient.
This representations more e xible and makesit
possibleto add nev componentglike the manner
of anevent)atary time.

Syntactic structuresmirror semanticstructures.
They also consistof units and the nameof units
are sharedwith semanticstructuresso that cross-
referencebetweenthem is straightforward. The
form aspectsof the sentenceare representedn a
declaratve predicatecalculusstyle, usingthe units
asarguments. For example, the following unit is
constrainedhsintroducingthestring “fall”:

[2] unitl 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
(BemenChang2003). Lexical ruleslink parts of
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 sideis
uni ed with the syntactic structure. Corversely
whenparsing,the right sideis matchedagainstthe
syntacticstructureandthe left sideuni ed with the
semanticstructure. Hereis a lexical entry for the
word "fall”.
[3] ?unit ?ev fall(?ev,?state)fall-1(?ev,?0bj)

?unit string(?unit,“fall”)
It species that a unit whose meaning is
fall(?ev,?state), fall-1(?ev,?0bj) is expressed with
thestring“fall’. Variablesarewritten down with a



guestionmarkin front. Their scopeis restrictedto
the structureor rule in which they appearandrule
application often implies the renamingof certain
variablego takecareof the scopeconstraintsHere
is alexical entryfor “ball”:
[4] 2unit ?0bj ball(?0bj)
?unit string(?unit,"ball”)

Lexicon lookup attemptsto nd the minimal set
of rules that covers the total semanticstructure.
New unitsmaygetintroducedbothin the syntactic
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] unitl evl fall(evl,true),fall-1(evl,objl)

unit2 objl ball(objl)

unitl string(unitl,“fall”)

unit2 string(unit2,“ball”)
If this syntacticstructureis rendered,it produces
the utterancéfall ball”. No syntaxis implied yet.
In the reversedirection, the parserstartswith the
two units forming the syntactic structurein [5]
andapplicationof the rulesproduceghe following
semanticstructure:
[6] unitl ?es fall(?ev,?state)fall-1(?ev,?0bj)

unit2 ?objl ball(?0bj1)
Thesemanticstructurein [6] now containsvariables
for the referentof eachunit and for the various
predicate-ggumentsin their meanings. The inter-
pretation processmatchesthesevariablesagainst
the factsin the world model. If a single consistent
seriesof bindingscanbe found, theninterpretation
is successfulFor example,assumehatthefactsin
themeaningpartof [1] arein theworld modelthen
matching[6] againsthemresultsin the bindings:
[7] ?evlevl, ?state/true?obj/objl,?0bjl/objl
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 the highestscorearepreferred.

When the speakemperformslexicon lookup and
rules were found to cover the completesemantic
structure no new rulesareneeded But whensome
partis uncovered,the speakeshouldcreatea new

rule. We have experimentedso far with a simple
stratgly whereagentdump togetherthe uncovered
factsin aunitandcreatea brandnew word, consist-
ing of arandomlychosercon gurationof syllables.
For example,if no word for ball(obj1) exists yet to

cover the semanticstructurein [1], anew rule such
as[4] canbe constructedy the speakeandsubse-
guentlyused.If thereis nowordatall for thewhole
semanticstructurein [1], asingleword coveringthe
wholemeaningwill be createdgiving the effect of

holophrases.

The hearer rst attemptsto parseasfar as pos-
sible the givensentenceandtheninterpretsthe re-
sulting semanticstructure,possiblyusing joint at-
tentionor othermeanghatmayhelpto nd thein-
tendedinterpretation.If this resultsin a uniqueset
of bindings,the languagegameis deemedsuccess-
ful. Butif therewere partsof the sentencevhich
were not coveredby ary rule, thenthe hearercan
useabductve learning. The rst critical stepis to
guessas well as possiblethe meaningof the un-
known word(s). Thussupposédhe sentencas “fall
ball”, resultingin the semanticstructure:

[B] unitl ?es fall(?ev,?state)fall-1(?ev,?0bj)

If this structureis matched,bindingsfor ?es and
?objarefound. The agentcannow try to nd the
possiblemeaningof the unknovn word “ball”. He
canassumethat this meaningmustsomehav help
in the interpretationprocess.He thereforeconcep-
tualisesthe sameway asif hewould bethe speaker
and constructsa distinctive descriptionthat dravs
attentionto the eventin question,for example by
constraininghe referentof ?objwith anadditional
predicate.Althoughthereareusuallyseseral ways
in which obj1 differsfrom otherobjectsin the con-
text. Thereis a considerablehancethatthe pred-
icate ball is chosenand henceball(?obj) is abduc-
tively inferredasthe meaningof “ball” resultingin
arulelike [4].

Agents use induction to test whetherthe rules
they createdby inventionandabductionhave been
adoptedoy thegroup.Everyrule hasascore which
is local to eachagent. Whenthe speakeior hearer
hassuccesswith a particularrule, its scoreis in-
creasedand the score of competingrules is de-
creasedthusimplementindateralinhibition. When
thereis afailure, the scoreof therule thatwasused
is decreasedBecausehe agentsprefer ruleswith
the highestscore, thereis a positive feedbackin
the system. The more a word is usedfor a partic-
ularmeaningthemoresuccesshatword will have.



Figure2: Winnertake-alleffectin wordscompeting
for sameameaning.Thex-axisplotslanguagejames
andthey-axistheusefrequeng.

Scoregisein all the agentdor thesewordsandso
progressiely we seea winnertake-all effect with

one word dominatingfor the expressionof a par

ticular meaning(see gure 2). Marny experiments
have by now beenperformedshowing thatthis kind

of lateral inhibition dynamicsallows a population
of agentsto negotiatea sharedinventory of form-

meaningpairsfor contentwords(Steels2003).

5 Syntactisation

The reader may have noticed that the semantic
structurein [6] resultingfrom parsingthe sentence
“fall ball”, includestwo variableswhich will both
get boundto the sameobject, namely ?obj, intro-
ducedby the predicatéall-1(?ev,?0bj), and?objl, in-
troducedby the predicateball(?obj1) We saythatin
this case?objand?obj1form anequality Justfrom
parsingthe two words,the hearercannotknow that
the objectinvolvedin the fall eventis the sameas
the objectintroducedby ball. He canonly gure
this out whenlooking at the scene(i.e. the world
model). In fact, if there are several balls in the
sceneand only one of themis falling, thereis no
way to know which objectis intended.And evenif
the hearercan gure it out, it is still desirablethat
the speakeshouldprovide extra-informationabout
equalitiesto optimisethe hearers interpretationef-
forts.

A majorthesisof the presenpaperis thatresolv-
ing equivalencedetweervariablesis the mainmo-
tor for theintroductionof syntax.To achiese it, the
agentgcould,asa rst approximationuseruleslike
thefollowing one to beappliedafterall lexical rules
have beenapplied:

[9] ?unitl ?evl fall-1(?evl,?0bj2)
?unit2 ?obj2 ball(?0bj2)

?unitl string(?unit1,’fall”)

?unit2 string(?unit2,’ball”)
Thisrule is formally equivalentto the lexical rules
discusseckarlierin the sensethat it links partsof
a semanticstructurewith partsof a syntacticstruc-
ture. But now morethanoneunit is involved. Rule
[9] will dothejob, becausevhenunifying its right
sidewith the semanticstructure(in parsing)?obj2
uni es with the variables?obj (suppliedby "fall”)
and?objl(suppliedby "ball”) andthis forcesthem
to be equivalent. Note that ?unitlin [9] only con-
tainsthosepartsof theoriginalmeaninghatinvolve
thevariableswhich needto be madeequal.

Theaboveruleworksbutis completelyspeci cto
thiscase.lt isanexampleof theadhoc verb-island'
constructionseportedn anearly stageof child lan-
guagedevelopment.Obviously it is muchmorede-
sirableto have a more generalrule, which can be
achievedby introducingsyntacticandsemanticcat-
egories.A semanticateyory (suchasagentperfec-
tive, countable male)is a cateyorisationof a con-
ceptualrelation, which is usedto constrainthe se-
manticsideof grammaticafules. A syntacticcate-
gory (suchasnoun,verb,nominative) is a cateori-
sationof a word or a group of words, which can
be usedto constrainthe syntacticsideof grammati-
calrules. A rule usingcatayoriescanbeformedby
taking rule [9] above andturning all predicatesor
contentwordsinto semanti®r syntacticcateories.
[10] ?unitl ?evl semcatl(3€l,?0bj2)

?unit2 ?obj2 semcat2(?0bj2)

?unitl syncat1(?unitl)

?unit2 syncat2(?unit2)
The agentthen needsto createsem-rulesto cate-
gorisea predicateasbelongingto a semanticcate-
gory, asin:
[11] ?unitl ?ev1 fall-1(?evl,?0bj2)

?unitl ?es1 semcatl(34,?0objl)
andsyn-rulesto cateyoriseaword asbelongingto a
syntacticcategory, asin:

[12] ?unitl string(?unitl’fall”)

?unitl ?es1 syncatl(?unitl)
Theseruleshave arravs goingonly in onedirection
becausehey areonly appliedin oneway.’ During
productionthe sem-rulesareapplied rst, thenthe
lexical rules, next the syn-rulesandthenthe gram-

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



maticalrules. In parsing,the lexical rules are ap-
plied rst (in reversedirection),thenthe syn-rules
and the sem-rules,and only then the grammatical
rules(in reversedirection). The completesyntactic
andsemanticstructuregor example[9] look asfol-
lows:
[13]unitl ?es1 fall(?evl,?state)fall-1(?evl,?0bj),
semcatl(2€,?0bj)

unit2 ?objl ball(?0bjl),semcat2(?obj1)

unitl string(unitl,“fall”), syncat-1(unitl)

unit2 string(unit2,“ball”), syncat-2(unit2)
Theright sideof rule [10] matcheswith this syntac-
tic structure andif theleft sideof rule[10] is uni ed
with thesemanticstructuran [13] thevariable?obj2
uni es with ?objand?obj1, thusresolvingtheequal-
ity beforesemantidnterpretationmatchingagainst
theworld model)starts.

How canlanguageausersdevelopsuchrules?The
speakercan detect equalitiesthat needto be re-
solved by re-entranceBeforerenderinga sentence
andcommunicatingt to the hearerthe speakere-
parsesis own sentencandinterpretst againsthe
factsin his own world model. If the resultingset
of bindingscontainsvariablesthatareboundto the
sameobjectafter interpretation thentheseequali-
tiesarecandidatesor theconstructiorof arule and
new syntacticand semanticcategoriesare madeas
asideeffect. Note how the speakeuseshimselfas
a model of the hearerand x es problemsthat the
hearermight otherwiseencounter The hearercan
detectequalitiesby rst interpretingthe sentence
basedon the constructionghat are alreadypart of
his own inventoryandthe sharedsituationandprior
joint attention. Theseequalitiesare candidategor
new rulesto be constructedy the hearer andthey
againinvolve the introductionof syntacticand se-
manticcategories.Notethatsyntacticandsemantic
catgyoriesare alwayslocal to an agent. The same
lateralinhibition dynamicsis usedfor grammatical
rulesasfor lexical rules,and so is also a positive
feedbacKkoopleadingto awinnertake-alleffectfor
grammaticatules.

6 Hierarchy

Naturallanguagehewaily usecateyoriesto tighten
rule application,but they alsointroduceadditional
syntactic markings, such as word ordet function
words, afx es, morphological variation of word
forms, and stressor intonation patterns. These
markingsareoftenusedto signalto which cateory

certainwordsbelong. They canbe easilyincorpo-
ratedin the formalismdevelopedso far by adding
additional descriptorsof the units in the syntactic
structure. For example,rule [10] canbe expanded
with word orderconstraintsandthe introductionof
aparticle“ba™
[14] ?unitl ?evl semcatl(3€l,?0bj2)

?2unit2 ?obj2 semcat2(?0bj2)

?unitl syncat1(?unitl)
?unit2 syncat2(?unit2)
?2unit3 string (?unit3,“ba”)
?2unit4 syn-sulonits( ?unitl,?unit2,?unit3 ),
preceeds(?unitZunit3)
Note thatit wasnecessaryo introducea superunit
?unitdin orderto expressheword orderconstraints
betweerthe ba-particleandthe unit thatintroduces
the object. Applying this rule aswell asthe syn-
rulesandsem-ruleddiscusseactarlierto the seman-
tic structurein [5] yields:
[13]unitl evl fall(evl,true),fall-1(evl,obj),
semcatl(€l,obj)
unit2 objl ball(objl),semcat2(objl)
unitl string(unitl,“fall”), syncat-1(unitl)
unit2 string(unit2,“ball”), syncat-2(unit2)
unit3 string(unit3,“ba”)
unit4 syn-sulunits( unitl,unit2,unit3 ),
preceeds(unit2,unit3)
When this syntactic structureis rendered,it pro-
duces’fall ball ba”, or equivalently "ball bafall”,
becausenly the orderbetween‘ball” and“ba” is
constrained.

Obviously the introductionof additionalsyntac-
tic featureamakeghelearningof grammaticatules
more dif cult. Natural languagesappearto have
meta-leel strateies for invention and abduction.
For example,alanguagdlike Japanesdgndsto use
particlesfor expressingherolesof objectsin events
andthis usages astrateyy bothfor inventingthe ex-
pressiorof anew relationandfor guessingvhatthe
useof anunknovn word in the sentencemight be.
Anotherlanguage(like Swabhili) usesmorphologi-
cal variationssimilar to Latin for the samepurpose
andthushasendedup with arich setof afx es. In
our experimentsso far, we have implementedsuch
stratgiesdirectly, so thatinventionandabduction
is strongly constrained.We still needto work out
aformalismfor describingthesestratgiesasmeta-
rules and researchthe associatedearningmecha-
nisms.
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Figure3: Thegraphshonsthedependengstructure
aswell asthephrase-structuremeging throughthe
applicationof multiple rules

When the same word participatesin several
rules, we automatically get the emegence of
hierarchicalstructures. For example, supposehat
two predicatesreusedto draw attentionto objl in
[5]: ball andred. If the lexicon hastwo separate
wordsfor eachpredicate thenthe initial semantic
structurewouldintroducedifferentvariablessothat
the meaningafter parsing”fall ball bared” would
be:

[15] fall(?ev,?state), fall-1(?ev,?0bj),
red(?obj2)
To resole the equality betweern?obj and ?0bj2, the
speakecouldcreatethefollowing rule:
[14] ?unitl ?obj semcat3(?0obj)

?unit2 ?obj semcat4(?obj)

ball (?0bj),

?unitl syncat3(?unitl)
?unit2 syncat4(?unit2)
?2unit3 syn-sulunits ( unitl,unit2 ),

ceeds(unitl,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 givesthe sentencéfall redball ba”. A
hierarchicalstructure ( gure 3) emepges because
“ball” participatesn two rules.

pre-

7 Re-use

Agents obviously should not invent new corven-
tions from scratchevery time they needone, but
ratheruseas muchas possibleexisting cateyorisa-
tionsandhenceexistingrules. Thissimpleeconomy
principle quickly leadsto the kind of syntagmatic
andparadigmatiaegularitiesthatone nds in natu-
ral grammars.For example,if the speakemwantsto
expressthat a block is falling, no new semanticor
syntacticcategoriesor linking rulesareneededout
block cansimply be declaredto belongto semcat4
and“block” to syncat3andrule [14] applies.
Re-useshouldbe driven by analogy In one of

the largestexperimentswe have carriedout sofar,
agentdhadaway to computethesimilarity between
two event-structuredy pairingthe primitive opera-
tions makingup anevent. For example,a pick-up
actionis decomposedhto: an object moving into
the direction of anotherstationaryobject, the rst
objectthentouchingthesecondbject,andnext the
two objectsmoving togetherin (roughly)the oppo-
site direction. A put-dovn action hassimilar sub-
events,exceptthat their orderingis different. The
roles of the objectsinvolved (the hand, the object
being picked up) are identical and so their gram-
maticalmarkingcouldbere-usedvith verylow risk
of beingmisunderstood Whena speakereusesa
grammaticamarkingfor aparticularsemanticate-
gory, this givesa stronghint to the hearemwhatkind
of analogyis expected. By using theseinvention
and abductionstrategies, semanticcategories like
agentor patientgraduallyemepged in the arti cial
grammars Figure4 visualisegheresultof this ex-
periment(after 700 gameshetweern? agentsaking
turns). The x-axis (randomly) ranksthe different
predicate-agumentrelations the y-axistheir mark-
ers. Without re-use every agumentwould have its
own marker Now severalmarkers(suchas“va” or
“zu”) cover morethanonerelation.

oooa o

Figure4: More compactgrammargesultfrom re-
usebasedn semanti@analogies.

8 Conclusions

Thepapereportssigni cant stepgowardsthecom-
putationalmodelingof a constructvist approacho
languagedevelopment.It hasintroducedaspectof
a constructiongrammarformalismthatis designed
to handlethe e xibility requiredfor emegent de-
velopinggrammarslt alsoproposedhatinvention,
abduction,and induction are necessaryand suf-
cientfor languagdearning. Much moretechnical
work remaingto be donebut alreadysigni cant ex-
perimentalresultshave beenobtainedwith embod-



ied agentsplaying situatedlanguagegames. Most
of the openquestionsconcernunderwhat circum-
stancesyntacticandsemanticcateyoriesshouldbe
re-used.

Researchfunded by Sory CSL with additional fund-
ing from ESF-OMLL program,EU FET-ECAgentsand
CNRSOHLL.
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