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Abstract

Previouswork on early language acquisitionhasshown
that word meaningscanbeacquiredby an associativepro-
cedure that mapsperceptualexperienceonto linguistic la-
bels basedon cross-situationalobservation. A new trend
termedsocial-pragmatic theory [27] focuseson the effect
of the child's social-cognitive capacities,such as joint at-
tentionand intentionreading. This paperarguesthat sta-
tistical andsocial cuescanbeseamlesslyintegratedto fa-
cilitate early word learning. To supportthis idea, we �r st
introducea statistical learning mechanismthat providesa
formal accountof cross-situationalobservation.Themain
part of this paperthenpresentsa uni�ed modelthat is able
to make useof different kindsof social cues,such as joint
attentionandprosodyin maternalspeech, in thestatistical
learning framework. In a computationalanalysisof infant
data, the quantitativeresultsof our uni�ed modeloutper-
forms the purely statistical learning methodin computing
word-meaningassociations.

1 Intr oduction

What kinds of learningmechanismsunderlielanguage
acquisition? Oneof the centraldebatesconcernswhether
the innateor environmentalcontribution playsa vital role
in languagedevelopment. Learning-orientedtheoriesbe-
lieve that languageis learnedandthe child's environment
playsa crucialrole [14, 11, 24]. Thereis growing evidence
thatbabiesdo possesspowerful statisticallearningmecha-
nisms[23]. Ontheotherhand,anativist view seeslinguistic
universalsasa productof thechild's linguistic endowment
andsuggeststhatthey donotneedto belearned,whichpro-
vide anelegantexplanationfor cross-linguisticsimilarities
betweendifferenthumanlanguages[10].

In this paper, we �rst review two theoriesof language
learning: statistical learning theory and social-pragmatic
theory. ThenSection3 proposesour uni�ed modelthat in-

tegratesstatisticalandsocialcuesin ageneralsystem.Sec-
tion 4 describesthe implementationof thestatisticallearn-
ing modelof word meaning,which providesa probabilistic
framework for furtherstudy. Section5 presentsthemethods
to extractprosodiccuesfrom raw speechandjoint attention
cuesfrom infant-caregiver interactions.Section6 provides
a comparative studyof differentmethodsconsideringdif-
ferentsetsof statisticalandsocialcues.

2 Two Theoriesof LanguageLearning
This sectionreviews two well-known learning-oriented

theoriesof languageacquisition. The theoryof statistical
learningsuggeststhat languageacquisitionis a statistically
drivenprocessin whichyounglanguagelearnersutilize the
lexical contentand syntacticstructureof speechas well
as non-linguisticcontextual information as input to com-
pute distributional statistics. The social-pragmatictheory
focuseson mind reading(socialcognition)asfundamental
to theword learningprocess.Both theorieshave beensup-
portedby variousempiricalandcomputationalstudies.

2.1 The Theory of Statistical Learning

Human languagelearnerspossesspowerful statistical
learningcapacities.That is, the cognitive systemin both
children and adults is sensitive to featuresof the input
(e.g., occurrencestatistics). Saffran, Aslin and Newport
[23] showedthat8-month-oldinfantsareableto �nd word
boundariesin an arti�cial languageonly basedon statisti-
cal regularities. Later studies[22] demonstratedthat in-
fantsarealsosensitiveto transitionalprobabilitiesover tone
sequences,suggestingthat this statisticallearningmecha-
nism is moregeneralthantheonededicatedsolely to pro-
cessinglinguistic data. Furthermore,statisticallanguage
learningincludesnot only statisticalcomputationsto iden-
tity wordsin speechbut alsoalgebraic-likecomputationsto
learngrammaticalstructures[18].

In the study of word learning, associationismclaims
that word acquisition is basedon statistical learning of



co-occurringdata from the linguistic modality and non-
linguistic context (seea review by [19]). Richardsand
Goldfarb [21] proposedthat children come to know the
meaningof a word throughrepeatedlyassociatingthever-
bal label with their experienceat the time that the label is
used.Smith[25] arguedthatwordlearningis initially apro-
cessin which children's attentionis capturedby objectsor
actionsthat arethe mostsalientin their environment,and
thenusedto associatethoseobjectsor actionswith acous-
tic patternsvoiced by an adult. Plunkett [19] developed
a connectionistmodelof vocabulary developmentto asso-
ciate preprocessedimagesand linguistic labels. The lin-
guisticbehaviorsof thenetwork canmimic thewell-known
vocabulary spurtbasedon smallcontinuouschangesin the
connectionstrengthswith and acrossdifferent processing
modalitiesin the network. In general,the statisticaland
associative mechanismof word learningdivides the word
learningtaskinto threesubtasks:word discovery, meaning
discovery andword-meaningassociation.Thevital part is
to usemultiple word-meaningpairscollectedfrom differ-
entsituationsto computeco-occurrencesandthenestablish
word-to-world mappings[14].

2.2 The Social­PragmaticTheory

Thesocial-pragmatictheoryof languageacquisitionar-
guedthat the major sourcesof constraintsin languageac-
quisitionaresocialcognitive skills, suchaschildren's abil-
ity to infer theintentionsof adultsasadultsactandspeakto
them[1, 27, 7]. Thesekindsof socialcognitionarecalled
“mind reading”by Baron-Cohen[4]. Kuhl et al. [16] stud-
ied whetherphoneticlearning of 9-10 month children is
simplytriggeredby hearinglanguage.If so,childrenshould
beableto learnby beingexposedto languagematerialsvia
digital video without humaninteraction. However, the re-
sultsshowedthatinfantscannotlearnphoneticsthroughthis
way, suggestingthat thepresenceof a live personprovides
not only socialcuesbut alsoreferentialinformation. But-
terworth [9] showed that even by 6 monthsof age,infants
demonstratesensitivities to socialcues,suchasmonitoring
and following anotherperson's gaze. In Baldwin's work
[1], the 18-monthold infant heardthe novel word while
his/herattentionwas focusedon one toy and the experi-
menterlookedatanothertoy. Whenchildrenheardthesame
word in a testingphase,they chosetheobjectat which the
experimenterhadbeenlooking. This suggestedthatthein-
fantswereableto follow the speaker's attentionandinfer
thementalstateof thespeaker to determinethereferentof
the novel word. Furthermore,Baldwin et al.[2] proposed
thatinfantsgiveaspecialweightto thecuesof indexing the
speaker's referentialintentwhendeterminingthereference
of a novel label. Their experimentsshowedthat infantses-
tablishedastablelink betweenthenovel labelandthetarget
toy only whenthatlabelwasutteredby aspeakerwhocon-

currentlyshowedhisattentiontowardthetarget,andsucha
stablemappingwasnot establishedwhenthe labelwasut-
teredby a speaker who showedno signsof attentionto the
target toy, even if theobjectappearedat thesamemoment
whenthat label wasutteredandthe speaker wastouching
theobject. In addition,their resultssuggestedthatchildren
notonly attendto referentialintentionsof aspeakerbut also
actively look for theintentionof thespeakerwhendetermin-
ing whetherto associateanovel wordwith anobject.

3 A Uni�ed Model

Bloom [6] arguedthat children's conceptualbiases,in-
tentional understandingand syntacticknowledge are not
only necessaryfor wordlearningbut thatthey arealsosuf�-
cient. This claim contrastswith thetheorythatword learn-
ing is basedon an associative learningmechanismthat is
sensitive to statisticalpropertiesof the input [19]. Thesta-
tisticalandassociativetheorysuggestedthatthechild'ssen-
sitivity to spatio-temporalcontiguity is suf�cient for word
learning,aspostulatedby associationistmodelsof language
acquisitionwith supportby computationalimplementation
[11, 20]. Thedebateon thesetwo theorieshasbeengoing
on for severalyears.

Associative learning mechanismsmake sensebecause
wordsare typically spoken at the momentwhenthe child
looksat thethingsthatthosewordsreferto. In westerncul-
tures,parentsprovide linguistic labelsof objectsfor their
kidswhentheobjectsarein thekids' visual�elds. Thus,no
onedoubtsthat humanscan learnco-occurrencerelation-
shipsandthat the easiestway to teachlanguageis to pro-
videlinguistic labelsat thesametimethatchildrenfocuson
them. However, parentsdo not carefully nameobjectsfor
theirkids in many cultures.Evenin westerncultures,words
arenot alwaysusedat the momentthat their referentsare
perceived.For instance,Gleitman[13] showedthatmostof
thetime,thechilddoesnotobservesomethingbeingopened
whentheverb“open” is used.Nevertheless,childrenhave
no dif�culty in learningthosewords. Associative learning,
without somefurtherconstraintsor additionalinformation,
cannotexplain thisobservation.

Thetheoryof mind readingis ableto explainmany phe-
nomenafrom theperspectiveof theinferenceof aspeaker's
referentialintentions,especiallyfor the casesthat words
and the correspondingmeaningsare not co-occurring,or
wordsare temporallycorrelatedwith irrelevant meanings.
However, the environment in which infantsdevelop does
containtheinformationthatis usefulfor statisticallearning
mechanisms.Meanwhile,empiricalstudies(e.g. [23] and
[18]) showed that infantscanutilize the statisticalproper-
ties of the input in languageacquisition. Taken together,
it is very plausiblethat infantsperformstatisticalcomputa-
tionsin languagelearning.

Fortunately, thetheoryof statisticallearningandsocial-



pragmatictheory are not mutually exclusive. Recently,
Hirsh-Pasek,Golinkoff andHollich [15] proposeda coali-
tion model in which multiple sources,suchas perceptual
salience,prosodiccue,socialeye gaze,socialcontext, syn-
tacticcuesandtemporalcontiguity, areusedby childrento
learnnew words.They arguedthatduringthedevelopment,
theweightingof thecueschangesover time while younger
childrencanjustdetectandmakeuseof only asubsetof the
cuesin thecoalitionandtheoldercanuseawidersubsetof
cues.

The purposeof this study is to show quantitatively the
effects of statisticalcross-situationalobservation and so-
cial cuesthroughcomputationalmodeling. In early word
learning, children needto start by pairing spoken words
with the co-occurringpossiblereferents,collectingmulti-
ple suchpairs,andthen�guring out thecommonelements.
Althoughno onedoubtsthis process,few researchhasad-
dressedthe detailsof cross-situationalobservation. This
work �rst introducesa formal model of statisticalword
learningwhich providesa probabilisticframework for en-
coding multiple sourcesof information. Given multiple
scenespairedwith spokenwordscollectedfrom naturalin-
teractionsbetweencaregiversand their kids, the model is
ableto computetheassociationprobabilitiesof all thepos-
sible word-meaningpairs. Moreover, we arguethat social
cuescanbenaturallyintegratedin themodelasadditional
constraintsin computation.Theclaimhereis thatlanguage
learnerscanusesocialcues,suchasgazedirection,headdi-
rection,bodymovement,gesture,intonationof speechand
facial expression,to infer speakers' referentialintentions.
Weshow how thesesocialcuescanbeseamlesslyintegrated
in the framework of statisticallearningandfacilitateword
learning.Speci�cally, wefocusontwo kindsof socialcues:
bodymovementcuesindicatingthespeaker's attentionand
prosodiccuesin speech.This studyproposesthatthoseso-
cial cuescanplayaspotlightrole(shown in Figure1) in the
statisticallearningby causinglanguagelearnersto focuson
certainaspectsof a scene. Sinceevery sceneis ambigu-
ousandcontainsmultiple possiblereferents,this spotlight
function is crucial in solving the word-to-world mapping
problem.Thefollowing subsectionsdiscusshow 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
bodyplayacrucialrole in cognitionandform ausefulcom-
putationallevel, termedtheembodimentlevel. At this level,
theconstraintsof thebodydeterminethenatureof cognitive
operations.Thiscomputationprovidesalanguagethatlinks
externalsensorydatawith internalcognitive programsand
motoractionsthroughasystemof implicit referencetermed

deictic,wherebypointingmovementsof thebodyareused
to bind objectsin the world to cognitive programs. Ex-
amplesof sensorimotorprimitivesat theembodimentlevel
includean eye movement,a handmovement,or a spoken
word.

Weapplythetheoryof embodiedcognitionin thecontext
of languagelearning. To do so, oneneedsto considerthe
role of embodimentfrom boththeperspective of a speaker
(languageteacher)and that of a languagelearner. In the
study of speechproduction,Meyer et al. [17] found that
speakers'eyemovementsweretightly linkedto theirspeech
output. Whenspeakerswereaskedto describea setof ob-
jects from a picture, they usually looked at eachnew ob-
ject beforementioningit, andtheir gazesremainedon the
objectuntil they wereaboutto say the last word aboutit.
From the perspective of a languagelearner, Baldwin [1]
showedthat infantsactively gatheredsocialinformationto
guidetheir inferencesaboutword meaningsandthey sys-
tematicallycheckedthespeaker'sgazeto clarify his/herref-
erence. In the follow-up studies,Baldwin and Baird [2]
proposedthat humansgraduallydevelop the skill of mind
readingso thatultimately they carelittle aboutthesurface
behaviors of others' dynamicactionbut focuson discern-
ing underlyingintentionsbasedon a generative knowledge
system. Summarizingall theseideason embodiedcogni-
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Figure 1. Cross-situationalobservationandsocialcuescanbe
seamlesslyintegratedin astatisticallearningmodel.

tion, speechproductionandsocialdevelopment,thespeak-
ers' bodymovements,suchaseye movements,headmove-
mentsandhandmovements,canreveal their referentialin-
tentionsin verbalutterances,which,in turnalmostcertainly
couldpossiblyplay a signi�cant role in early languagede-
velopment[29]. A plausiblestartingpoint of learningthe
meaningsof words is the deployment of speakers' inten-
tional bodymovementsto infer their referentialintentions.
Tosupportthisidea,weprovideaformalaccountof how the
intentionsderived from body movements,which we term
embodiedintention, facilitatetheearlystageof vocabulary
acquisition.Wearguethatinfantslearnwordsthroughtheir
sensitivity to others'intentionalbodymovementsin a very



speci�c way: They usetemporalsynchrony betweenspeech
andreferentialbodymovementsto �nd thereferentsof lan-
guage.

3.2 The Roleof ProsodicCue
When talking to humaninfants,parentsusevocal pat-

terns that are different from normal conversation. They
speakslowly andwith higherpitch andexaggeratedinto-
nationcontours.Fernald[12] proposeda modelconsisting
of four developmentalfunctionsof intonationin speechto
infants.The�rst functionis that infantsareattentive to in-
trinsicperceptualandaffectivesaliencein themelodicinto-
nationof mothers'speech.At thesecondlevel, theexagger-
atedintonationpatternsof mothers'speechwould in�uence
bothattentionalpreferenceandaffective responsivenessof
infants.Thethird functionisabouttheinferenceof thecom-
municative intentsof speakersfrom maternalintonationof
speech.Infantsareableto interprettheemotionalstatesof
othersandmakepredictionsaboutthefutureactionsof oth-
ersusinginformationavailablein vocal andfacial expres-
sions,which provide reliablecuesto theaffective stateand
intentionsof speakers.Thefourth level focuseson therole
of prosodiccuesin early languagedevelopment. Fernald
arguedthat theprosodyof speechhelpsto identify linguis-
tic unitswithin thecontinuousspeechsignal.Thusit serves
asan attention-focusingdevice so that mothersusea dis-
tinctive prosodicstrategy to highlight focusedwords.Most
often, exaggeratedpitch peaksare correlatedwith lexical
stress.In light of this, we investigatethe role of prosodic
cue in early word learningin this paper. Speci�cally, we
focus on the spotlight function of prosodyand provide a
formalaccountof how prosodiccuesmightbeusedin word
learning.

4 A Statistical Model of Cross-Situational
Observation

Our study uses the video clips of mother-infant in-
teractionsfrom the CHILDES standarddatabase.These
clips containsimultaneousaudioandvideodatawhereina
motherintroducesherchild to asuccessionof toysstoredin
anearbybox.

In this kind of naturalinteraction,thevocabulary is rich
andvariedandthe centralitems(toy names)are far from
themostfrequentwords. This complex but perfectlynatu-
ral situationcanbeeasilyquanti�edby plottingahistogram
of word frequency which shows thatnoneof thekey words
– toy namesmake it into the top 15 itemsof the list. An
elementaryideafor improving therankingof key wordsas-
sumesthat the infantsareableto weight thetoy utterances
moreby takingadvantageof theapproximatelycoincident
bodycues.For instance,theutterancesthatweregenerated
whenthe infant's gazewas �xated on the toys by follow-
ing themother's gazehave moreweightsthantheonesthe
youngchild just looked aroundwhile not payingattention

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

Next, we manuallylabeledvisualobjectsin thecontext
whena spokenutterancewasproduced,andfoundwhat is
helpful is to partition the toy sequences(contextual infor-
mationwhenthespeechwasproduced)into intervalswhere
within eachinterval a single toy or small numberof co-
occurringtoys is the centralsubjector meaning,andthen
categorizespoken utterancesusing the contextual bins la-
beledby differenttoys. Thehypothesisis thatmothersuse
temporalsynchrony to highlight novel word-referentrela-
tions for young infants. That is, presentinginformation
acrossmultiple modalitiessimultaneouslyserves to high-
light the relationsbetweenthe two patternsof stimulation.
Thus, temporalsynchrony can facilitate infants' detection
of word-referentrelations.Formally, associatingmeanings
(toys, etc.) with words(toy names,etc.) canbeviewedas
the problemof identifying word correspondencesbetween
Englishanda “meaninglanguage”,given thedataof these
two languagesin parallel.With thisperspective,atechnique
from machinetranslationcan addressthe correspondence
problem[8]. Theprobabilityof eachword is expressedas
a mixture modelthat consistsof the conditionalprobabili-
tiesof eachword given its possiblemeanings.In this way,
anExpectation-Maximization(EM) algorithmcan�nd the
reliable associationsof object namesand their meanings
which will maximizethe likelihoodfunction of observing
thedataset.

The generalsetting is as follows: supposewe have a
word setX = f w1; w2; :::; wN g anda meaningsetY =
f m1; m2; :::; mM g, whereN is the numberof wordsand
M is the numberof meanings(toys, etc.). Let S be the
numberof spoken utterances.All word dataare in a set
� = f (S(s)

w ; S(s)
m ); 1 � s � Sg, whereeachspoken ut-

teranceS(s)
w consistsof r wordswu(1) ; wu(2) ; :::; wu(r ) , and

u(i ) canbeselectedfrom 1 to N . Similarly, thecorrespond-
ing contextual informationS(s)

m includel possiblemeanings
mv(1) ; mv(2) ; :::; mv( l ) andthevalueof v(j ) is from1 toM .
Assumethateverywordwn canbeassociatedwith amean-
ing mm . Given a dataset � , We usethe machinetransla-
tion methodproposedby Brown et al. [8] to maximizethe
likelihoodof generatingthemeaningstringsgivenEnglish
descriptions:

P(S(1)
m ; S(2)

m ; :::; S(S)
m jS(1)

w ; S(2)
w ; :::; S(S)

w )

=
SY

s=1

X

a

p(S(s)
m ; ajS(s)

w )

=
SY

s=1

�
(r + 1)l

lY

j =1

rX

i =0

p(mv( j ) jwu( i ) ) (1)



wherethealignmenta indicateswhichword is alignedwith
whichmeaning.p(mv( j ) jwu( i ) ) is theassociationprobabil-
ity for a word-meaningpair and� is a small constant.The
expectednumberof timesthatany particularword wn in a
languagestringS(s)

w generatesany speci�c meaningmm in
theco-occurringmeaningstringS(s)

m is givenby

c(mm jwn ; S(s)
m ; S(s)

w ) =
p(mm jwn )

p(mm jwu(1) ) + ::: + p(mm jwu(r ) )

�
lX

j =1

� (mm ; v(j ))
rX

i =1

� (wn ; u(i ))

(2)
where� is equalto onewhenbothof its argumentsarethe
sameandequalto zerootherwise.Accordingly, theassoci-
ationprobabilitiesaregivenby

p(mm jwn ) =
P S

s=1 c(mm jwn ; S(s)
m ; S(s)

w )
P M

m =1

P S
s=1 c(mm jwn ; S(s)

m ; S(s)
w )

(3)

The methodsetsan initial p(mm jwn ) to be �at distribu-
tion, andthensuccessively computethecountsof all word-
meaningpairsc(mm jwn ; S(s)

m ; S(s)
w ) usingEquation(2) and

theassociationprobabilitiesusingEquation(3). The tech-
nicaldetailsof ourmethodcanbefoundin [28]. Theresults
of thisstatisticallearningmodelarereportedin Section6.

5 The Integration of SocialCuesin Statistical
Learning

The communicationof infants and their caregivers is
multisensory. It involvesvisual information, tactile infor-
mationaswell asauditoryinformation. Besideslinguistic
information, we believe that social cuesencodedin mul-
timodal interactionhighlight target word-referentrelations
for younglanguagelearners.In a bidirectionalrelationship
betweenmaternalmultimodalcommunicationstylesandin-
fants' perceptionof word-referentrelations,motherssyn-
chronizetheir verbalreferencesandnonverbalbodymove-
ments(eyegaze,gesture,etc.) for infants.At thesametime,
infantsareableto rely on observingmother's eye gazeand
otherpointingmotionsto detecttheir'sreferentialintentions
in speech.Thus,bothmothersandinfantsactively involve
into multimodalcommunicationto solvethemappingprob-
lemin lexicalacquisition.Thisstudyprovidesaquantitative
accountof how thosemultimodalsocialcuescanfacilitate
word learning. Speci�cally, we focus on two cues: joint
attentioncuesasdeicticreferenceandprosodiccuesin ma-
ternalspeech.

5.1 Visual Spotlight

Childrenasyoungas12-18monthsspontaneouslycheck
wherea speaker is looking whenhe/sheuttersa word, and

then link the word with the object the speaker is looking
at. Thisobservationindicatesthatjoint visualattention(de-
ictic gaze)is a critical factor that shouldbe consideredin
word learning. When presentinginformation, that visual
spotlightgivesmaximalprocessingto thatpartof thevisual
�eld. During naturalinfant-caregiver interactions,joint vi-
sualattentioninvolves detectinga spotlightof a mother's
attentionto the object in the scene,and then moving the
body, headandeyesto acquirethe targetobjectwith high-
resolutionfocal vision, which is oneof thecrucialstepsto
dealwith themappingproblem.

transcriptions attended other
objects objects

– thekitty-catgo kitty-cat baby, big-bird,
meow meow rattle,book
– ahandababy baby kitty-cat,big-bird,

rattle,book
– there's ababyjust baby kitty-cat,big-bird,
likemy 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 ourexperiment,wecodedvisualcontexts to studythe
role of joint attention. As shown in Table1, we provided
two labelstodescribevisualcontextualinformationfor each
spoken utterance.Onelabel indicatedthe objectsof joint
attentionwhich wereattendingby both themotherandthe
kid. Thesecondlabelrepresentedall theotherobjectsin the
visual�eld of thekid. Figure 3 illustratestwo examplesof
speech-scenepairsin which theshadedmeaningsareatten-
tional objectsand non-shadedmeaningsare other objects
in the scene.In Section5.3, we describeour methodthat
makesuseof thisattentionalinformationin word learning.

5.2 ProsodicSpotlight

Snedeker andTrueswell[26] showed thatspeakerspro-
duceandlistenersuseprosodiccuesto disambiguatealter-
native meaningsof a syntacticphrasein a referentialcom-
municationtask.Moreover, previousresearchsuggeststhat
mothersadapttheir verbalcommunicationto infantsin or-
derto facilitatetheir languagelearning.In thiswork,wean-
alyzematernalspeechby extractinglow-level acousticfea-
turesandusingthosefeaturesto spotthewordsemphasized
by adults. We proposedthat perceptuallysalientprosodic
patternsmayserveas“spotlights”on linguistic information
conveyedby speech.Thus,wefocusontheroleof prosodic
featuresin wordlearning,whichmighthelplanguagelearn-
ersto identify key wordsfrom thespeechstream.



Fernald[12] suggestedthattheexaggeratedacousticpat-
ternshave evolvedto elicit andsustaininfants' attentionto
speechaswell ashighlight theimportantpartsof thespeech
stream. In the context of word learning,we observe that
prosodicallysalientwordsin maternalspeechcanbecate-
gorizedinto two classes.Onegroupof wordsserveascom-
municationof intentionandemotion. One importantrole
of thosewords is to attractthe kid's attentionso that the
child would follow what the mothertalks aboutandwhat
shelooksat. In this way, boththemotherandthelanguage
learnersharethevisualattention,which is a cornerstonein
socialandlanguagedevelopment.Theright columnin Fig-
ure2 illustratesanexamplein thevideoclips in which the
motherusedhigh pitch to say you to attract the kid's at-
tention.Someothercommonwordsandphrasesfrequently
usedby themotherareyeah,oh, look andthat's. Theother
groupof wordscontainthemostimportantlinguistic infor-
mationthat the motherwantsto convey. In the context of
wordlearning,mostof thosewordsreferto theconceptsthat
are relatedto visual objectsin the physical environment,
suchasobjectnames,their colors,sizesandfunctions.An
exampleof words in the secondgroup is the objectname
babyshown in theleft columnof Figure2.

In implementation,CMU sphinxspeechrecognitionsys-
tem wasusedto align maternalspeechandtranscriptions.
As a result, the timestampsof the beginning and end of
eachspokenwordwasextracted.Next, wemadethreekinds
of low-level acousticmeasurementson eachutteranceand
word. Theprosodicfeatureswereextractedbasedon pitch
(f0) information. For eachfeature,we extractedthevalues
over bothanutteranceandeachwordwithin thisutterance.

� 75 percentile pitch p75: the75 percentilepitch value
of all voicedpartof thespeechunit.

� Delta pitch range pr : the changein pitch between
frames(20ms)wascalculatedasdeltapitch. Thismea-
surerepresentsthedifferencebetweenthehighestand
thelowestdeltapitch valueswithin theunit (utterance
or word).

� Mean delta pitch pm : the meandelta pitch of the
voicedpartof thespokenunit.

We want to obtain prosodicallyhighlighted words in
each spoken utterance. To do so, we comparethe ex-
tractedfeaturesfrom eachword with thosefrom eachut-
terance,which indicateswhethera word soundslike “high-
lighted” in the acousticcontext. Speci�cally, for the word
wi in the spoken utteranceuj , we form a featurevector:
[pw i

75 � pu j
75 pw i

r � pu j
r pw i

m � pu j
m ]T , wherepu j

m is themean
deltapitch of theutteranceandpw i

m is thatof theword and
soon. In thisway, theprosodicenvelopeof aword is repre-
sentedby 3-dimensionalfeaturevector. We usethesupport
vectorclustering(SVC)method[5] to groupdatapoint into
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Figure 2. Speechand intonation. Theprosodiccueshighlight
severalwords. The �rst columnrepresentsspeechsignalsandthe
secondcolumnshows the pro�les of fundamentalfrequency (f0).
Thewordbabyis highlightedin theleft utteranceandthewordyou
is prosodicallydistinctive from othersin theright utterance.

two categories. Oneconsistsof prosodicallysalientwords
andtheotheroneincludesnon-emphasizedwords.In SVC
algorithm,datapointsaremappedfrom the dataspaceto
a high dimensionalfeaturespaceusinga Gaussiankernel.
In this featurespace,the algorithm looks for the smallest
spherethatenclosesthedata,andthenmapsthedatapoints
backto thedataspaceandformsasetof contoursto enclose
them. Thesecontourscanbe interpretedasclusterbound-
aries.
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 yeah I see those hands
 should big-bird sing his abc
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Figure 3. Cross-situationalword-meaning associationwith
social cues. The prosodiccueshighlight somewords in speech
andthecuesof joint attentionhighlightattentionalobjectsin visual
contexts.

5.3 Modeling the Roleof SocialCuesin Statistical
Learning

We encodesocialcuesin the framework of the statisti-
cal learningmodelasshown in Figure3. Eachword u(i )
is assignedwith a weight wp(i ) basedon its prosodiccat-
egory. Similarly, eachvisualobjectvj is setwith a weight
wv (j ) basedon whetherit is attendedby the speaker and
thelearner. In this way, thesamemethoddescribedin pre-
vious sectionis appliedandthe only differenceis that the
estimateof c(mm jwn ; S(s)

m ; S(s)
w ) now is givenby:

c(mm jwn ; S(s)
m ; S(s)

w ) =
p(mm jwn )

p(mm jwu(1) ) + ::: + p(mm jwu(r ) )



�
lX

j =1

� (mm ; v(j ) � wv (j ))
rX

i =1

� (wn ; u(i ) � wp(i ))

(4)
In practice,wesetthevaluesof wv (j ) andwp(i ) to be3 for
highlightedobjectsandwords.Theweightsof all theother
wordsandobjectsaresetto be1.
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Figure 4. Thecomparative resultsof themethodsconsidering
differentsetsof cues. Eachplot shows the associationprobabili-
ties of several words to onespeci�c meaninglabeledon the top.
The�rst oneor two itemsarecorrectwordsthatarerelevantto the
meaningsandthefollowing wordsareirrelevant.

6 Experimental Results
Our modelwasevaluatedby usingtwo videoclips from

CHILDESdatabase.We labeledvisualcontexts in termsof
12 objectsthatoccurredin thevideoclips. For eachobject,
we selectedthe correctly associatedwords basedon gen-
eral knowledge. For instance,both the word kitty-cat and
meowarepositive instancesbecauseboth of themarerel-
evant to the object “cat”. Overall, therewere26 positive
wordsfor all of the 12 objects. The computationalmodel
estimatedthe associationprobabilitiesof all the possible
word-meaningassociationsandthenselectedlexical items
basedon a threshold.Two measureswereusedto evaluate
the performance:(1) word-meaningassociationaccuracy
(precision)measuresthe percentageof the words spotted

by themodelwhichactuallyarecorrect.(2) lexical spotting
accuracy (recall)measuresthepercentageof correctwords
thatthemodellearnedamongall the26words.

Four methodswereappliedon thesamedataandthere-
sultsareasfollows (precisionandrecall): (1) purelystatis-
tical learning( 75% and58%). (2) statisicallearningwith
prosodiccues( 78%and58%). (3) statisticallearningwith
thecuesfrom visualattention( 80%and73%). (4) statisti-
cal learningwith bothattentionalandprosodiccues( 83%
and77%). Figure4 shows thecomparative resultsof these
four approachesfor speci�c instances.Ideally, we wantthe
associationprobabilitiesof the �rst or secondwordsto be
high andothersto be low. For instance,the �rst plot rep-
resentsthe meaningof the object “cat”. Both the spoken
word kitty-catandthespokenword meowarecloselyrele-
vant to this meaning.Therefore,the associationprobabil-
ities arehigh for thesetwo words andare low for all the
otherswords,suchasmy, watch andbaby, which arenot
correlatedwith this context. Note that in the meaningof
the object“bird”, we countthe word eye asa positive one
becausethe motherutteredit several timesduring the in-
teractionwhenshepresentedthe object “bird” to her kid.
Similarly, whensheintroducedtheobject“mirror”, shealso
mentionedthenameof thekid David whosefaceappeared
in themirror.

The resultsof thestatisticallearningapproach(the �rst
bars) are reasonablygood. For instance,it obtainsbig-
bird andeye for the meaningbird, kitty-cat for the mean-
ing “cat”, mirror for the meaning“mirror” and hand for
the meaning“hand”. But it also makes wrong estimates,
suchasmy for the meaning“cat” andgot for the meaning
“hand”. Weexpectthatattentionalandprosodicconstraints
will make the associationprobabilitiesof correct words
higher and decreasethe associationprobabilitiesof irrel-
evant words. The methodencodingprosodiccuesmoves
towardthis goalalthoughoccasionallyit changestheprob-
abilities on the reverseway, suchasincreasingthe proba-
bility of my in the meaning“cat”. What is really helpful
is to encodethecuesof joint attention.Theattention-cued
methodsigni�cantly improvestheaccuracy of estimatefor
almostevery word-meaningpairs. Of course,the method
including both joint-attentionand prosodiccuesachieves
the best performance. Comparedwith purely statistical
learning, this methodhighlights the correct associations
(e.g.,kitty-catwith themeaning“cat”), anddecreasestheir-
relevantassociations,suchasgotwith themeaning“hand”.
In this method,we cansimply selecta thresholdandpick
theword-meaningpairswhich areoverlappedwith thema-
jority of wordsin the target set. We needto point out that
theresultshereareobtainedfrom very limited data.With-
out any prior knowledgeof the language(the worst case
in word learning),the model is able to learna signi�cant
amountof correctword-meaningassociations.



7 Conclusion
We believe that in a natural infant-caregiver interac-

tion, the motherprovides non-linguisticsignalsto the in-
fantthroughherbodymovements,thedirectionof hergaze,
andthe timing of her affective cuesvia prosody. Previous
experimentshave shown that someof thesenon-linguistic
signalscanplayacritical 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 integratesstatisticalandsocialcuesto en-
able the word-learningprocessto function effectively and
ef�ciently . In our model, we explored the computational
role of non-linguistic information, suchas joint attention
andprosodyin speech,andprovidedthequantitativeresults
to comparetheeffectsof differentstatisticalandsocialcues.
Weneedto pointout thatthecurrentuni�ed modeldoesnot
encodeany syntacticpropertiesof thelanguage,whichdef-
initely play a signi�cant role in word learning,especially
in the later stage. Therefore,onenaturalextensionof the
currentwork is to addthe syntacticconstraintsin the cur-
rent probabilisticframework to studyhow this knowledge
canhelp the lexical acquisitionprocessandhow multiple
sourcescanbeintegratedin ageneralsystem.
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