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Abstract

Previouswork on early language acquisitionhasshown
that word meaningscanbe acquired by an associativepro-
cedue that mapsperceptualexperienceonto linguistic la-
bels basedon cross-situationalobservation. A new trend
termedsocial-pragmatictheory[27] focuseson the effect
of the child's social-ca@nitive capacities,sud as joint at-
tentionandintentionreading This paperarguesthat sta-
tistical and social cuescan be seamlesslyntegratedto fa-
cilitate early word learning To supportthis idea, we r st
introducea statisticallearning metanismthat providesa
formal accountof cross-situationabbservation. Themain
part of this paperthenpresentsa uni ed modelthatis able
to male useof different kinds of social cues,sud as joint
attentionand prosodyin maternalspeed, in the statistical
learning framavork. In a computationaknalysisof infant
data, the quantitativeresultsof our uni ed modeloutper
formsthe purely statisticallearning methodin computing
word-meaningassociations.

1 Intr oduction

What kinds of learningmechanismainderlielanguage
acquisition? One of the centraldebatesoncernsvhether
the innateor ervironmentalcontritution playsa vital role
in languagedevelopment. Learning-orientedheoriesbe-
lieve that languageis learnedandthe child's ervironment
playsacrucialrole [14, 11, 24]. Thereis growing evidence
thatbabiesdo possespowerful statisticallearningmecha-
nisms[23]. Ontheotherhand,anatvistview seedinguistic
universalsasa productof the child's linguistic endavment
andsuggestshatthey donotneedto belearnedwhich pro-
vide an elggant explanationfor cross-linguisticsimilarities
betweerdifferenthumanlanguage$10].

In this paper we rst review two theoriesof language
learning: statisticallearning theory and social-pragmatic
theory ThenSection3 propose®ur uni ed modelthatin-
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tegratesstatisticalandsocialcuesin agenerakystem.Sec-
tion 4 describegheimplementatiorof the statisticallearn-
ing modelof word meaningwhich providesa probabilistic
framework for furtherstudy Sections presentshemethods
to extractprosodiccuesfrom raw speectandjoint attention
cuesfrom infant-cargiver interactions.Section6 provides
a comparatre study of different methodsconsideringdif-
ferentsetsof statisticalandsocialcues.

2 Two Theoriesof LanguagelLearning

This sectionreviews two well-known learning-oriented
theoriesof languageacquisition. The theory of statistical
learningsuggestshatlanguageacquisitionis a statistically
drivenprocessn whichyounglanguagdearneraitilize the
lexical contentand syntacticstructureof speechas well
as non-linguistic contextual information as input to com-
pute distributional statistics. The social-pragmatic¢heory
focuseson mind reading(socialcognition)asfundamental
to theword learningprocess Both theorieshave beensup-
portedby variousempiricalandcomputationastudies.

2.1 The Theory of Statistical Learning

Human languagelearnerspossesowerful statistical
learning capacities. That is, the cognitive systemin both
children and adults is sensitve to featuresof the input
(e.g., occurrencestatistics). Safran, Aslin and Newport
[23] shavedthat8-month-oldinfantsareableto nd word
boundariesn an arti cial languageonly basedon statisti-
cal regularities. Later studies[22] demonstratedhat in-
fantsarealsosensitve to transitionalprobabilitiesovertone
sequencessuggestinghat this statisticallearningmecha-
nismis moregeneralthanthe one dedicatedsolely to pro-
cessinglinguistic data. Furthermore statisticallanguage
learningincludesnot only statisticalcomputationgo iden-
tity wordsin speectbut alsoalgebraic-lile computationgo
learngrammaticaktructureg18].

In the study of word learning, associationisnmclaims
that word acquisitionis basedon statistical learning of



co-occurringdata from the linguistic modality and non-
linguistic contet (seea review by [19]). Richardsand
Goldfarb [21] proposedthat children cometo know the
meaningof a word throughrepeatedlyassociatinghe ver-
bal label with their experienceat the time thatthe label is
used.Smith[25] aguedthatword learningis initially apro-
cessin which children's attentionis capturedoy objectsor
actionsthat are the mostsalientin their environment,and
thenusedto associatehoseobjectsor actionswith acous-
tic patternsvoiced by an adult. Plunkett [19] developed
a connectionismodelof vocalulary developmentto asso-
ciate preprocesseimagesand linguistic labels. The lin-
guisticbehaiors of the network canmimic thewell-known
vocahulary spurtbasedon small continuouschangesn the
connectionstrengthswith and acrossdifferent processing
modalitiesin the network. In general,the statisticaland
associatie mechanisnof word learningdivides the word
learningtaskinto threesubtasksword discovery, meaning
discovery andword-meaningassociation.The vital partis
to usemultiple word-meaningpairs collectedfrom differ-
entsituationsto computeco-occurrenceandthenestablish
word-to-world mappingg14].

2.2 The Social-PragmaticTheory

The social-pragmati¢heoryof languageacquisitionar
guedthatthe major sourcesof constraintdan languageac-
quisitionaresocialcognitive skills, suchaschildren's abil-
ity to infer theintentionsof adultsasadultsactandspeakio
them[1, 27, 7]. Thesekinds of socialcognitionarecalled
“mind reading”’by Baron-Coher4]. Kuhl etal. [16] stud-
ied whetherphoneticlearning of 9-10 month children is
simplytriggeredby hearinganguagelf so,childrenshould
beableto learnby beingexposedo languagematerialsvia
digital video without humaninteraction. However, the re-
sultsshavedthatinfantscannotearnphoneticghroughthis
way, suggestinghatthe presencef alive personprovides
not only social cuesbut alsoreferentialinformation. But-
terworth [9] shaved thateven by 6 monthsof age,infants
demonstratsensitvities to socialcues,suchasmonitoring
and following anotherpersons gaze. In Baldwin's work
[1], the 18-monthold infant heardthe novel word while
his/her attentionwas focusedon one toy and the experi-
mentedookedatanothetoy. Whenchildrenheardthesame
word in atestingphasethey chosethe objectat which the
experimentethadbeenlooking. This suggestedhatthein-
fantswere ableto follow the spealer's attentionandinfer
the mentalstateof the spealker to determinethe referentof
the novel word. Furthermore Baldwin et al.[2] proposed
thatinfantsgive a specialweightto the cuesof indexing the
spealer's referentialintentwhendeterminingthe reference
of anovel label. Their experimentsshavedthatinfantses-
tablishedastablelink betweerthenovel labelandthetamet
toy only whenthatlabelwasutteredby a spealer who con-

currentlyshovedhis attentiontowardthetarget,andsucha
stablemappingwasnot establishedvhenthe labelwasut-
teredby a spealer who shaved no signsof attentionto the
targettoy, evenif the objectappearedt the samemoment
whenthat label was utteredand the spealer wastouching
the object. In addition,their resultssuggestedhatchildren
notonly attendto referentiaiintentionsof aspealer but also
actively look for theintentionof thespealerwhendetermin-
ing whetherto associata novel word with anobject.

3 A Unied Model

Bloom [6] amguedthat children's conceptuabiases,n-
tentional understandingand syntactic knowledge are not
only necessarfor word learningbut thatthey arealsosuf-
cient. This claim contrastswith thetheorythatword learn-
ing is basedon an associatie learningmechanisnthat is
sensitve to statisticalpropertiesof theinput[19]. The sta-
tisticalandassociatie theorysuggestethatthechild's sen-
sitivity to spatio-temporatontiguity is sufcient for word
learning,aspostulatedy associationisinodelsof language
acquisitionwith supportby computationailmplementation
[11, 20]. The debateon thesetwo theorieshasbeengoing
onfor severalyears.

Associatve learning mechanismsnake sensebecause
words are typically spoken at the momentwhenthe child
looksatthethingsthatthosewordsreferto. In westerncul-
tures, parentsprovide linguistic labelsof objectsfor their
kidswhentheobjectsarein thekids' visual elds. Thus,no
one doubtsthat humanscan learn co-occurrenceelation-
shipsandthatthe easiestvay to teachlanguageis to pro-
vide linguisticlabelsatthe sametime thatchildrenfocuson
them. However, parentsdo not carefully nameobjectsfor
theirkidsin mary cultures.Evenin westerrcultureswords
are not always usedat the momentthat their referentsare
perceved. For instanceGleitman[13] shavedthatmostof
thetime, thechild doesnotobsene somethingbeingopened
whenthe verb“open” is used. Neverthelesschildrenhave
no dif culty in learningthosewords. Associative learning,
without somefurther constraintsr additionalinformation,
cannotexplain this obsenration.

Thetheoryof mind readingis ableto explain mary phe-
nomendrom the perspectie of theinferenceof aspealer's
referentialintentions, especiallyfor the casesthat words
and the correspondingneaningsare not co-occurring,or
words are temporallycorrelatedwith irrelevant meanings.
However, the ervironmentin which infants develop does
containtheinformationthatis usefulfor statisticallearning
mechanisms Meanwhile,empirical studies(e.g. [23] and
[18]) shaved thatinfantscanutilize the statisticalproper
ties of the input in languageacquisition. Taken together
it is very plausiblethatinfantsperformstatisticalcomputa-
tionsin languagdearning.

Fortunately the theoryof statisticallearningandsocial-



pragmatictheory are not mutually exclusive. Recently
Hirsh-Pasek,Golinkoff andHollich [15] proposeda coali-
tion modelin which multiple sourcessuchas perceptual
salienceprosodiccue,socialeye gaze,socialcontet, syn-
tacticcuesandtemporalcontiguity, areusedby childrento
learnnew words. They amuedthatduringthedevelopment,
theweightingof the cueschangesver time while younger
childrencanjustdetectandmake useof only asubsebf the
cuesin thecoalitionandthe oldercanuseawider subsenf
cues.

The purposeof this studyis to shov quantitatvely the
effects of statistical cross-situationabbsenation and so-
cial cuesthroughcomputationaimodeling. In early word
learning, children needto start by pairing spolen words
with the co-occurringpossiblereferents,collecting multi-
ple suchpairs,andthen guring outthe commonelements.
Although no onedoubtsthis processfew researchasad-
dressedhe details of cross-situationabbsenation. This
work rst introducesa formal model of statisticalword
learningwhich providesa probabilisticframewnork for en-
coding multiple sourcesof information. Given multiple
scenegpairedwith spolenwordscollectedfrom naturalin-
teractionshetweencaraivers and their kids, the modelis
ableto computethe associatiorprobabilitiesof all the pos-
sible word-meaningpairs. Moreover, we arguethat social
cuescanbe naturallyintegratedin the modelasadditional
constraintsn computation.The claim hereis thatlanguage
learnercanusesocialcuessuchasgazedirection,headdi-
rection,body movement,gesturejntonationof speectand
facial expression,to infer spealers' referentialintentions.
We shav how thesesocialcuescanbeseamlesslyntegrated
in the framework of statisticallearningandfacilitateword
learning.Speci cally, we focusontwo kindsof socialcues:
body movementcuesindicatingthe spealer's attentionand
prosodiccuesin speechThis studyproposedhatthoseso-
cial cuescanplay aspotlightrole (shavnin Figurel) in the
statisticallearningby causinganguagédearnerdo focuson
certainaspectof a scene. Sinceevery sceneis ambigu-
ousand containsmultiple possiblereferents this spotlight
function is crucial in solving the word-to-world mapping
problem.Thefollowing subsectionsliscusshow thosecues
mighthelpin detail.

3.1 The Roleof Body Movementin LanguageAc-
quisition

Ballard et al. [3] arguedthat at time scalesof approx-
imately one-thirdof a second orientingmovementsof the
bodyplayacrucialrolein cognitionandform ausefulcom-
putationalevel, termedtheembodimentevel. At thislevel,
theconstraint®f thebodydeterminghenatureof cognitive
operationsThis computatiorprovidesalanguagehatlinks
externalsensorydatawith internalcognitive programsand
motoractionsthrougha systenof implicit referenceermed

deictic, wherebypointing movementsof the body areused
to bind objectsin the world to cognitve programs. Ex-
amplesof sensorimotoprimitivesat the embodimentevel
include an eye movement,a handmovement,or a spolen
word.

Weapplythetheoryof embodiedtognitionin thecontext
of languagdearning. To do so, one needsto considerthe
role of embodimenfrom boththe perspectie of a spealer
(languageteacher)and that of a languagelearner In the
study of speechproduction,Meyer et al. [17] found that
spealers' eye mavementsveretightly linkedto theirspeech
output. Whenspealkrswereasledto describea setof ob-
jectsfrom a picture, they usually looked at eachnew ob-
ject beforementioningit, andtheir gazesremainedon the
objectuntil they were aboutto saythe last word aboutit.
From the perspectie of a languagelearner Baldwin [1]
shavedthatinfantsactively gatheredsocialinformationto
guidetheir inferencesaboutword meaningsandthey sys-
tematicallychecledthespealer's gazeto clarify his/herref-
erence. In the follow-up studies,Baldwin and Baird [2]
proposedhat humansgraduallydevelop the skill of mind
readingso that ultimately they carelittle aboutthe surface
behaiors of others'dynamicactionbut focuson discern-
ing underlyingintentionsbasedon a generatie knowledge
system. Summarizingall theseideason embodiedcogni-

lexical
items

Figure 1. Cross-situationabbserationandsocialcuescanbe
seamlesslyntegratedin a statisticallearningmodel.

tion, speechproductionandsocialdevelopmentthe speak-
ers' bodymovementssuchaseye movementsheadmove-

mentsandhandmovementscanreveal their referentialin-

tentionsin verbalutteranceswhich,in turnalmostcertainly
could possiblyplay a signi cant role in earlylanguagede-
velopment[29]. A plausiblestartingpoint of learningthe
meaningsof words is the deployment of spealers' inten-
tional body movementsto infer their referentialintentions.
To supporthisidea,we provide aformalaccounof how the
intentionsderived from body movements,which we term
embodiedntention facilitatethe early stageof vocahulary
acquisition.We arguethatinfantslearnwordsthroughtheir
sensitvity to others'intentionalbody movementsin a very



speci c way: They usetemporalsynchrory betweerspeech
andreferentiabodymovementgo nd thereferentsof lan-
guage.

3.2 The Role of ProsodicCue

Whentalking to humaninfants, parentsuse vocal pat-
ternsthat are different from normal cornversation. They
speakslowly andwith higher pitch and exaggeratednto-
nationcontours.Fernald[12] proposeda modelconsisting
of four developmentafunctionsof intonationin speecho
infants. The rst functionis thatinfantsareattentie to in-
trinsic perceptuahndaffective saliencan the melodicinto-
nationof mothers'speechAt thesecondevel, theexagger
atedintonationpatternsof mothers'speectwouldin uence
both attentionalpreferenceand affective responsienesf
infants.Thethird functionis abouttheinferenceof thecom-
municatie intentsof spealersfrom maternalintonationof
speech.infantsareableto interpretthe emotionalstatesof
othersandmale predictionsaboutthefuture actionsof oth-
ersusinginformationavailablein vocal andfacial expres-
sions,which provide reliablecuesto the affective stateand
intentionsof spealers. Thefourth level focuseson therole
of prosodiccuesin early languagedevelopment. Fernald
arguedthatthe prosodyof speecthelpsto identify linguis-
tic unitswithin thecontinuousspeectsignal. Thusit senes
asan attention-focusinglevice so that mothersusea dis-
tinctive prosodicstrateyy to highlight focusedwords. Most
often, exaggeratecpitch peaksare correlatedwith lexical
stress.In light of this, we investicate the role of prosodic
cuein early word learningin this paper Speci cally, we
focus on the spotlight function of prosodyand provide a
formal accounof how prosodiccuesmightbeusedin word
learning.

4 A Statistical Model of Cross-Situational
Obseration

Our study usesthe video clips of motherinfant in-
teractionsfrom the CHILDES standarddatabase. These
clips containsimultaneousudioandvideo datawhereina
motherintroducedherchild to asuccessionf toys storedin
anearbybox.

In this kind of naturalinteraction the vocalulary is rich
andvaried and the centralitems (toy names)are far from
the mostfrequentwords. This complex but perfectlynatu-
ral situationcanbeeasilyquanti ed by plotting a histogram
of word frequeng which showvs thatnoneof the key words
— toy namesmake it into the top 15 itemsof the list. An
elementarydeafor improving therankingof key wordsas-
sumeghattheinfantsareableto weightthe toy utterances
more by taking advantageof the approximatelycoincident
body cues.For instancethe utteranceshatweregenerated
whenthe infant's gazewas xated on the toys by follow-
ing the mothers gazehave moreweightsthanthe onesthe
youngchild just looked aroundwhile not payingattention

to what the mothersaid. We examinedthe transcriptand
weightedthe wordsaccordingto how muchthey wereem-
phasizedby suchcues,but this stratgy doeslittle to help
spotthetoy names.

Next, we manuallylabeledvisual objectsin the context
whena spolen utterancevasproducedandfoundwhatis
helpful is to partition the toy sequencegcontetual infor-
mationwhenthe speectwasproduced)nto intenalswhere
within eachinterval a single toy or small numberof co-
occurringtoys is the centralsubjector meaning,andthen
categorize spolen utterancesising the contectual bins la-
beledby differenttoys. The hypothesiss thatmothersuse
temporalsynchroly to highlight novel word-referentrela-
tions for young infants. That is, presentinginformation
acrossmultiple modalitiessimultaneouslysenesto high-
light the relationsbetweenthe two patternsof stimulation.
Thus, temporalsynchroly canfacilitate infants' detection
of word-referentrelations. Formally, associatingneanings
(toys, etc.) with words (toy hamesgtc.) canbe viewed as
the problemof identifying word correspondencdsetween
Englishanda “meaninglanguage” giventhe dataof these
two language parallel. With this perspectie,atechnique
from machinetranslationcan addresshe correspondence
problem[8]. The probability of eachword is expressedis
a mixture modelthat consistsof the conditionalprobabili-
ties of eachword givenits possiblemeanings.In this way,
an Expectation-MaximizatiofEM) algorithmcan nd the
reliable association®f object namesand their meanings
which will maximizethe likelihood function of observing
the dataset.

The generalsettingis asfollows: supposewe have a
word setX = fwg;wy;:;; wy g anda meaningsetY =
fmg; my;::;;my g, whereN is the numberof wordsand
M is the numberof meanings(toys, etc.). Let S be the
numberof spolen utterances.All word dataarein a set

= f(S\(NS) ; S,(T?)); 1 s Sg, whereeachspolen ut-
teranceS\;’ consistsof r wordsw gy ; Wy(2) ; -2 Wy(r), and
u(i) canbeselectedrom1to N . Similarly, thecorrespond-
ing contextualinformationS includel possiblemeanings
My ) ;s My() ;22 My(qy andthevalueofv(j ) isfrom1toM.
Assumethateverywordw, canbeassociatedvith amean-
ing mp,. Givenadataset , We usethe machinetransla-
tion methodproposedy Brown et al. [8] to maximizethe
likelihoodof generatinghe meaningstringsgiven English
descriptions:

P(S¥ ;8@ S®js ;8@ ;1 8l
PSS ais{)
s=1 a

\id Y X

= e P(My ()i Wa(iy) 1)
s=1 (r * 1)| j=11i=0



wherethealignmenta indicatesvhichwordis alignedwith
which meaning.p(myj)jwyi)) is theassociatiorprobabil-
ity for aword-meaningpairand is a smallconstant.The
expectednumberof timesthatary particularword wy, in a

languagestring s{ generateary speci ¢ meaningmy, in
the co-occurringmeaningstring s is givenby

p(Mm jwn)

c(Mmjwn; S§; 8 = : '
(Mmjwn; Si75 Sy7) p(mmJWu(l))+ S p(mmJWu(l’))
X

(wn; u(i))
2

where is equalto onewhenboth of its amgumentsarethe
sameandequalto zerootherwise.Accordingly the associ-
ationprobabilitiesaregivenby

X
(Mm;Vv(j))
j=1 i=1

P .
) = per o CMmivn: S )
mjWn) = P L
s ©;s)

1 s=1 C(mijn;
The methodsetsan initial p(mmjw,) to be at distribu-
tion, andthensuccessiely computethe countsof all word-
meaningoairsc(mmjwa ; S&; &) usingEquation(2) and
the associatiomprobabilitiesusing Equation(3). Thetech-
nical detailsof our methodcanbefoundin [28]. Theresults
of this statisticallearningmodelarereportedn Section6.

5 TheIntegration of SocialCuesin Statistical
Learning

®)

The communicationof infants and their caragivers is
multisensory It involvesvisual information, tactile infor-
mationaswell asauditoryinformation. Besidedinguistic
information, we believe that social cuesencodedin mul-
timodalinteractionhighlight target word-referentrelations
for younglanguagdearners.In a bidirectionalrelationship
betweermaternamultimodalcommunicatiorstylesandin-
fants' perceptionof word-referentrelations,motherssyn-
chronizetheir verbalreferencegandnonverbalbody move-
ments(eye gaze gestureetc.) for infants.At thesameime,
infantsareableto rely on observingmothers eye gazeand
otherpointingmotionsto detectheir'sreferentiaintentions
in speech.Thus,both mothersandinfantsactively involve
into multimodalcommunicatiorto solve themappingprob-
lemin lexical acquisition.Thisstudyprovidesaquantitatve
accountof how thosemultimodalsocialcuescanfacilitate
word learning. Speci cally, we focus on two cues: joint
attentioncuesasdeicticreferenceandprosodiccuesin ma-
ternalspeech.

5.1 Visual Spotlight

Childrenasyoungas12-18monthsspontaneouslgheck
wherea speakr is looking whenhe/sheuttersa word, and

thenlink the word with the objectthe spealer is looking
at. Thisobsenationindicateghatjoint visualattention(de-
ictic gaze)is a critical factorthat shouldbe consideredn
word learning. When presentinginformation, that visual
spotlightgivesmaximalprocessingdo thatpartof thevisual
eld. During naturalinfant-cargiver interactionsjoint vi-
sual attentioninvolves detectinga spotlight of a mothers
attentionto the objectin the scene,and then moving the
body headandeyesto acquirethe target objectwith high-
resolutionfocal vision, which is oneof the crucial stepsto
dealwith themappingproblem.

transcriptions attended| other
objects | objects
—thekitty-catgo kitty-cat | baby big-bird,
meav meon rattle,book
—ahandababy baby kitty-cat, big-bird,
rattle,book
—theresababyjust | baby kitty-cat, big-bird,
like my David rattle,book
—ababy baby kitty-cat, big-bird,
rattle,book
that's anicebook book kitty-cat, big-bird

Table 1. Examplesof transcriptionsandcontextual labels.

In our experimentwe codedvisualcontexts to studythe
role of joint attention. As shawvn in Table 1, we provided
two labelsto describevisualcontectualinformationfor each
spolen utterance.One label indicatedthe objectsof joint
attentionwhich wereattendingby both the motherandthe
kid. Thesecondabelrepresentedll theotherobjectsin the
visual eld of thekid. Figure 3 illustratestwo examplesof
speech-scengairsin whichtheshadedneaningsareatten-
tional objectsand non-shadedneaningsare other objects
in the scene.In Section5.3, we describeour methodthat
malkesuseof this attentionainformationin word learning.

5.2 ProsodicSpotlight

Snedekr and Trueswell[26] shaved that spealerspro-
duceandlistenersuseprosodiccuesto disambiguatalter
native meaningsf a syntacticphrasein areferentialcom-
municationtask. Moreover, previousresearclsuggestshat
mothersadapttheir verbalcommunicatiorto infantsin or-
derto facilitatetheirlanguagdearning.In thiswork, we an-
alyzematernakpeechby extractinglow-level acoustidfea-
turesandusingthosefeaturego spotthewordsemphasized
by adults. We proposedhat perceptuallysalientprosodic
patternamaysene as“spotlights” onlinguistic information
conveyedby speechThus,we focusontherole of prosodic
featuresn word learning,whichmighthelplanguagdearn-
ersto identify key wordsfrom the speectstream.



Fernald12] suggestethattheexaggerate@dcoustigat-
ternshave evolvedto elicit andsustaininfants' attentionto
speectaswell ashighlighttheimportantpartsof thespeech
stream. In the context of word learning, we obsere that
prosodicallysalientwordsin maternalspeecicanbe cate-
gorizedinto two classesOnegroupof wordssene ascom-
municationof intention and emotion. Oneimportantrole
of thosewordsis to attractthe kid's attentionso that the
child would follow what the mothertalks aboutand what
shelooksat. In this way, boththe motherandthelanguage
learnersharethe visual attention,which is a cornerstonén
socialandlanguageadevelopment.Theright columnin Fig-
ure 2 illustratesan examplein thevideo clips in which the
motherusedhigh pitch to say you to attractthe kid's at-
tention. Someothercommonwordsandphrasegrequently
usedby themotherareyeah,oh, look andthat's. The other
groupof wordscontainthe mostimportantlinguistic infor-
mationthat the motherwantsto corvey. In the contet of
wordlearning,mostof thosewordsreferto theconceptshat
are relatedto visual objectsin the physical ervironment,
suchasobjectnamestheir colors,sizesandfunctions. An
exampleof wordsin the secondgroupis the objectname
babyshown in theleft columnof Figure2.

In implementationCMU sphinxspeechecognitionsys-
tem wasusedto align maternalspeechandtranscriptions.
As a result, the timestampsof the beginning and end of
eachspolenwordwasextracted.Next, we madethreekinds
of low-level acousticmeasurementsn eachutteranceand
word. The prosodicfeaturesvereextractedbasedon pitch
(f0) information. For eachfeature ,we extractedthe values
over bothanutteranceandeachword within this utterance.

75 percentile pitch p7s: the 75 percentilepitch value
of all voicedpartof the speechunit.

Delta pitch range p;: the changein pitch between
frames(20ms)wascalculatedasdeltapitch. Thismea-
surerepresentshe differencebetweerthe highestand
thelowestdeltapitch valueswithin the unit (utterance
or word).

Mean delta pitch pn: the meandelta pitch of the
voicedpartof the spolenunit.

We want to obtain prosodically highlighted words in
each spolen utterance. To do so, we comparethe ex-
tractedfeaturesfrom eachword with thosefrom eachut-
terancewhichindicateswhetheraword sounddik e “high-
lighted” in the acousticcontext. Speci cally, for the word
w; in the spolen utteranceu; , we form a featurevector:
[y Pk P p P pi T, wherepy isthemean
deltapitch of the utteranceandpyy is thatof the word and
soon. In thisway, the prosodicenvelopeof awordis repre-
sentedby 3-dimensionafeaturevector We usethe support
vectorclustering(SVC) method[5] to groupdatapointinto

the bear hasa baby bottle S0 we can see you

400

300
200

100

50 100 150 200 250 300 ¢ 20 40 60 80 100

Figure 2. Speechand intonation. Theprosodiccueshighlight
severalwords. The rst columnrepresentspeectsignalsandthe
secondcolumnshaws the pro les of fundamentafrequeng (f0).
Theword babyis highlightedin theleft utteranceandtheword you
is prosodicallydistinctive from othersin theright utterance.

two cateyories. One consistsof prosodicallysalientwords
andthe otheroneincludesnon-emphasizedords. In SVC

algorithm, datapoints are mappedfrom the dataspaceto

a high dimensionaffeaturespaceusinga Gaussiarkernel.
In this featurespace the algorithmlooks for the smallest
spherghatencloseshedata,andthenmapsthe datapoints
backto thedataspaceandformsasetof contourgo enclose
them. Thesecontourscanbe interpretedasclusterbound-
aries.

transcripts yeah'| see those hands should big-bird sing his abc

= LS
B2\ P
visual context bird @'

Figure 3. Cross-situationalword-meaning associationwith

social cues The prosodiccueshighlight somewordsin speech
andthe cuesof joint attentionhighlightattentionabbjectsin visual
contexts.

5.3 Modeling the Role of SocialCuesin Statistical
Learning

We encodesocial cuesin the framavork of the statisti-
cal learningmodelasshavn in Figure3. Eachword u(i)
is assignedvith a weightwy(i) basedon its prosodiccat-
egory. Similarly, eachvisual objectv; is setwith aweight
wy (j ) basedon whetherit is attendedby the spealer and
thelearner In this way, the samemethoddescribedn pre-
vious sectionis appliedandthe only differenceis thatthe

estimateof c(mp jwhy ; r(ns);SévS)) now is givenby:

c(Mmjwn; S§; s = P(Mm jWn)

P(Mmjwyuey) + 5+ p(Mmjwy(ry)



(Wnsu(i)  wp(i))
(4)

In practice we setthevaluesof wy (j ) andw,(i) to be3 for
highlightedobjectsandwords. The weightsof all the other
wordsandobjectsaresetto be 1.

X
(Mm3v() we())

j=1 i=1

O statistical

@ prosody-cued

cat W attention-cued

M prosodic+attentional
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kitty-cat meow my watch baby says yeah
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mirror
0.5
0.25
0
mirror David bunnies hiphop can song see
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Figure 4. Thecomparatie resultsof the methodsconsidering
differentsetsof cues. Eachplot shavs the associatiorprobabili-
ties of several wordsto one speci ¢ meaninglabeledon the top.
The rst oneor two itemsarecorrectwordsthatarerelevantto the
meaningsndthefollowing wordsareirrelevant.

6 Experimental Results

Our modelwasevaluatedby usingtwo videoclips from
CHILDES databaseWe labeledvisual contexts in termsof
12 objectsthatoccurredn thevideoclips. For eachobject,
we selectedthe correctly associatedvords basedon gen-
eral knowledge. For instance both the word kitty-cat and
meoware positive instancedecauseoth of themarerel-
evant to the object“cat”. Overall, therewere 26 positive
wordsfor all of the 12 objects. The computationaimodel
estimatedthe associationprobabilitiesof all the possible
word-meaningassociationsindthenselectedexical items
basedon a threshold. Two measuresvereusedto evaluate
the performance:(1) word-meaningassociatioraccurag
(precision)measureghe percentageof the words spotted

by themodelwhich actuallyarecorrect.(2) lexical spotting
accuray (recall) measureshe percentagef correctwords
thatthemodellearnedamongall the 26 words.

Four methodswvereappliedon the samedataandthere-
sultsareasfollows (precisionandrecall): (1) purely statis-
tical learning( 75% and58%). (2) statisicallearningwith
prosodiccues( 78% and58%). (3) statisticallearningwith
the cuesfrom visual attention( 80%and73%). (4) statisti-
cal learningwith both attentionaland prosodiccues( 83%
and77%). Figure4 shaws the comparatre resultsof these
four approachefor speci c instancesldeally, we wantthe
associatiorprobabilitiesof the rst or secondwordsto be
high andothersto be low. For instancethe rst plot rep-
resentshe meaningof the object“cat”. Both the spolen
word kitty-catandthe spolen word meoware closelyrele-
vantto this meaning. Therefore the associatiorprobabil-
ities are high for thesetwo words and are low for all the
otherswords, suchas my, watc and baby, which are not
correlatedwith this context. Note thatin the meaningof
the object“bird”, we countthe word eye asa positive one
becauseghe motherutteredit several timesduring the in-
teractionwhen shepresentedhe object“bird” to her kid.
Similarly, whensheintroducedheobject‘mirror”, shealso
mentionedhe nameof the kid David whosefaceappeared
in themirror.

The resultsof the statisticallearningapproachthe rst
bars) are reasonablygood. For instance,it obtainsbig-
bird and eye for the meaningbird, kitty-cat for the mean-
ing “cat”, mirror for the meaning“mirror” and hand for
the meaning“hand”. But it also makeswrong estimates,
suchasmy for the meaning“‘cat” andgot for the meaning
“hand”. We expectthatattentionalndprosodicconstraints
will make the associationprobabilities of correct words
higher and decreasehe associationprobabilitiesof irrel-
evantwords. The methodencodingprosodiccuesmoves
towardthis goalalthoughoccasionallyit changeshe prob-
abilities on the reverseway, suchasincreasingthe proba-
bility of myin the meaning“cat”. Whatis really helpful
is to encodethe cuesof joint attention. The attention-cued
methodsigni cantly improvesthe accurag of estimatefor
almostevery word-meaningpairs. Of course,the method
including both joint-attentionand prosodiccuesachieves
the best performance. Comparedwith purely statistical
learning, this method highlights the correct associations
(e.g. kitty-catwith themeanind‘cat”), anddecreasetheir-
relevantassociationssuchasgot with themeaning‘hand”.
In this method,we cansimply selecta thresholdand pick
theword-meaningpairswhich areoverlappedwith the ma-
jority of wordsin thetarget set. We needto point out that
theresultshereareobtainedfrom very limited data. With-
out ary prior knowledge of the language(the worst case
in word learning),the modelis ableto learna signi cant
amountof correctword-meaningassociations.



7 Conclusion

We believe that in a natural infant-cargiver interac-
tion, the motherprovides non-linguisticsignalsto the in-
fantthroughherbodymovementsthedirectionof hergaze,
andthetiming of her affective cuesvia prosody Previous
experimentshave shavn that someof thesenon-linguistic
signalscanplay acritical role in infantword learning,but a
detailedestimateof their relative weightshasnot beenpro-
vided. Basedon statisticallearningand social-pragmatic
theories this work proposeda uni ed modelof earlyword
learning,which integratesstatisticaland social cuesto en-
able the word-learningprocesgo function effectively and
efciently. In our model, we explored the computational
role of non-linguisticinformation, suchas joint attention
andprosodyin speechandprovidedthe quantitatve results
to comparedheeffectsof differentstatisticalandsocialcues.
We needto pointoutthatthecurrentuni ed modeldoesnot
encodeary syntacticpropertiesof thelanguagewhich def-
initely play a signi cant role in word learning, especially
in the later stage. Therefore,one naturalextensionof the
currentwork is to addthe syntacticconstraintdn the cur
rent probabilisticframework to study how this knowledge
canhelp the lexical acquisitionprocessand how multiple
sourcesanbeintegratedin agenerakystem.
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