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1. INTRODUCTION

The next generatiorof computerds expectedto interactand communicatewith usersin
a cooperatie and naturalmannerwhile usersengagein everydayactiities. By being
situatedin users'ernvironments,ntelligentcomputersshouldhave basicperceptuahbili-
ties, suchasunderstandingvhat peoplearetalking about(speechrecognition),whatthey
are looking at (visual objectrecognition)and what they are doing (action recognition).
Furthermore similar to humancounterpartscomputersshouldacquireandthen usethe
knowledgeof associationbetweerdifferentperceptualnputs. For instancespolenwords
of objectnameqsensedrom auditoryperceptionarenaturallycorrelatedwith visualap-
pearancesf the correspondingbjectsobtainedfrom visual perception.Oncemachines
have thatknowledgeandthoseabilities, they candemonstratenary human-like behaiors
andperformmary helpful acts. In the scenarioof makinga peanut-litter sandwich for
example,whena userasksfor a pieceof breadverbally, a computercanunderstandhat
the spokenword “bread” refersto some at squarepieceon the kitchentable. Therefore,
with an actuatorsuchas a robotic arm, the machinecan rst locatethe position of the
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bread thengraspanddeliverit to the user In anothercontext, a computemay detectthe

users attentionandnoticethatthe attentionabbjectis a peanutoutterjar, it canthenutter

the objectnameand provide informationrelatedto peanutbutter by speechsuchasa set

of recipesor nutritional values.In a third example,a computemrmay be ableto recognize
whattheuseris doingandverballydescribevhatit sees.Theability to generateverbalde-

scriptionsof users behaiorsis a precursoto makingcomputercommunicatevith users
naturally In this way, computerswill seamlesslyntegrateinto our everydaylives, and

work asintelligentobsenersandhuman-like assistants.

To progresgowardthe goal of anthropomorphiinterfaces computersieedto not only
recognizethe soundpatternsof spolkenwordsbut alsoassociateghemwith their percep-
tually groundedmeanings. Two researchelds are closely relatedto this topic: speech
recognitionandmultimodalhuman-computeinterfaces.Unfortunately both of themonly
addressomepartsof the problem.They cannotprovide a solutionto thewholeissue.

Most existing speeclrecognitionsystemsannot achieve the goalbecausehey purely
rely on statisticalmodelsof speechandlanguagesuchashiddenMarkov models[Rabiner
andJuangl1989] and hybrid connectionismodels[Lippmann1989]. Typically, an auto-
matic speechrecognitionsystemconsistsof a setof modules:acousticfeatureextraction,
acousticmodeling,word modelingand languagemodeling. The parameter®f acoustic
modelsare estimatedusingtraining speectdata. Word modelsanda languagemodelare
trainedusingtext corpora. After training, the systemcandecodespeectsignalsinto rec-
ognizedword sequenceasingacousticmodels languagenodelsandword network. This
kind of systemshastwo inherentdisadwantages.First, they requirea training phasein
which large amountof spolenutterancepairedwith manuallylabeledtranscriptionsare
neededo trainthemodelparametersThistrainingprocedurés time-consumingndneeds
humanexpertiseto labelspolendata.Secondthesesystemgransformacousticsignalsto
symbolicrepresentationéexts) without regardto their perceptuallygroundedmeanings.
Humanseedto interpretthe meaning®of thesesymbolsbasedn our own knowledge.For
instance a speechrecognitionsystemcanmapthe soundpattern“jar” to the string“jar”,
but it doesnotknow its meaning.

In multimodalhuman-computenterfacestudiesyesearchemnainlyfocusonthedesign
of multimodalsystemawith performancedwantage®ver unimodalonesin the context of
differenttypesof human-computeinteraction[Oviatt 2002]. Thetechnicalissuehereis
multimodalintegration— how to integratesignalsin differentmodalities. Therearetwo
typesof multimodalintegration,oneis to memgesignalsat the sensorylevel andthe other
atasemantidevel. The rst approachs mostoftenusedin suchapplicationghatthedata
is closely coupledin time, suchasspeechandlip movements.At eachtimestamp,sev-
eralfeaturesextractedfrom differentmodalitiesarememgedto form a higherdimensional
representationywhich is thenusedasinput of the classi cation systemusually basedon
multiple HMMs or temporalneuralnetworks. Multimodal systemsaisingsemantidusion
includeindividual recognizersanda sequentialntegrationprocess.Theseindividual rec-
ognizerscanbetrainedusingunimodaldata,which canthenbeintegrateddirectly without
re-training.Integrationis thusanassemblingrocesghatoccursaftereachunimodalpro-
cessingsystemhasalreadymadedecisionsbasedon the individual inputs. However, no
matterbasedon featureor semantidusion, mostsystemsdo not have learning ability in
thesensahatdeveloperseedto encodeknowledgeinto somesymbolicrepresentationsr
probabilisticmodelsduringthetraining phase.Oncethe systemsaretrained,they arenot
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ableto automaticallygain additionalknowledgeeventhoughthey aresituatedn physical
ervironmentsandcanobtainmultisensoryinformation.

We arguethatthe shortcominggiescribedabove lie in the factthat sensoryperception
andknowledgeacquisitionof machineare quite differentfrom thoseof humancounter
parts. For instance humandearnlanguagebasedon their sensorimotoexperiencewith
the physicalenvironment. We learnwords by sensingthe environmentthroughour per
ceptualsystemswhich do not provide the labeledor preprocessedata. Differentlevels
of abstractiorarenecessaryo ef ciently encodethosesensorimotoexperiencesandone
vital role of humarnbrainis to mapthoseembodiedxperiencesvith linguistic labels(sym-
bolic representations) hereforeto communicatavith humansn daily life, achallengén
machinentelligenceis how to acquirethesemantic®f wordsin alanguagdrom cognitive
andperceptuakxperiences.This challengeis relevantto the symbolgroundingproblem
[Harnad1990]: establishingorrespondencdmetweerinternalsymbolicrepresentations
anintelligentsystemrsituatedn the physicalworld (e.g.,arobotor anembodiedagent)and
sensorydatacollectedfrom the environment. We believe that computationallynmodeling
how humansgroundsemanticds a key to understandingur own minds and ultimately
creatingembodiedearningmachines.

This paperdescribesa multimodal learning systemthat is able to learn perceptually
groundedneaning®f wordsfrom users'everydayactiities. The only requirements that
usersneedto describetheir behaiors verbally while performingthoseday-to-daytasks.
To learnaword (showvn in Figure1), the systemneedso discover its soundpatternfrom
continuousspeechyecognizeits meaningfrom non-speecltontext, and associatehese
two. Sinceno manuallylabeleddatais involved in the learningprocessthe rangeof
problemsawe needto addressn thiskind of word learningis substantialTo make concrete
progressthis paperfocuseson how to associateisualrepresentationsf objectswith their
spokennamesandmapbody movementgo actionverbs.

In our system perceptuarepresentationare extractedfrom sensorydataand usedas
perceptuallygroundedneaningf spolkenwords. Thisis basedn evidencethatfrom an
early age,humanlanguagdearnersare able to form perceptually-basedategorical rep-
resentation$Quinn et al. 1993]. Thosecatayoriesare highlightedby the useof common
wordsto referto them. Thus,the meaningof the word “dog” correspondso the category
of dogs,which is a mentalrepresentatiom the brain. Furthermore[SchynsandRodet]
armguedthatthe representationsf objectcategoriesemepgefrom the featureghatareper
ceptuallylearnedfrom visualinput duringthe developmentatourseof objectrecognition
andcategorization.In this way, objectnamingby youngchildrenis essentiallyaboutmap-
ping wordsto selectecherceptuaproperties.Most researcheragreethatyounglanguage
learnersgeneralizenamesto new instanceson the basisof somesimilarity but thereare
mary debatesaboutthe natureof similarity (seea review in Landauet al. 1998). It has
beenshavn thatshapes generallyattendedo for solid rigid objects,andchildrenattend
to otherspeci ¢ properties suchastexture,sizeor color, of the objectsthat have eyesor
arenotrigid [Smithetal. 1996]. In light of the perceptuahatureof humancategorization,
our systemrepresent®bject meaningsas perceptuafeaturesconsistingof shape,color
andtexture featuresextractedfrom the visual appearancesf objects. The catgyoriesof
objectsare formedby clusteringthoseperceptuafeaturesinto groups. Our systemthen
chooseghe centroidof eachcatagory in the perceptuafeaturespaceasa representation
of the meaningof this cateyory, and associatehis featurerepresentationvith linguistic
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labels. The meaning®f actionsverbsaredescribedn termsof motionpro les in our sys-
tem,whichdonotencapsulatsferences@boutcausality,functionandforcedynamicqsee
[Siskind2001]for angoodexample).We understandhatthosemeaninggor objectnames
andactionverbs(mentalrepresentations our computationakystem)are simpli ed and
may not be the exact samewith the conceptdn the brain (mentalrepresentations the
users brain) becauseét dependon how machinegudgethe contentof the users mental
stateswvhenhe/sheuttersthe speechin addition,mary humanconceptsannotbe simply
characterizeih easyperceptuaterms(seefurtherdiscussionsboutconceptdrom differ-
entviews in [Gopnik andMeltzoof 1997;Keil 1989]). However, aslong aswe agreethat
meaningaresomementalentitiesin theusersbrainandthatthecognitive structuresn the
users brainareconnectedo his/herperceptuamechanismghenit followsthatmeanings
shouldbe at leastpartially perceptuallygrounded.Sincewe focuson automatidanguage
learningbut not conceptiearningin this work, a hypothesisereis thatthe form we store
perceptionshasthe sameform asthe meaningsof words[Gardenfors1999]. Therefore,
we usethe form of perceptuatepresentatiothat canbe directly extractedfrom sensory
datato represenmeanings.

To learnperceptuallygroundedsemanticsthe essentiaildeasof our systemareto iden-
tify the soundpatternsof individual wordsfrom continuousspeechusing non-linguistic
contetual information and employ body movementsas deictic referencego discover
word-meaningssociationsOurwork suggestanew trendin developinghuman-computer
interfacesthat canautomaticallylearnspolen languagéedy sharingusercentricmultisen-
soryinformation. This adwentrepresentshe beginning of anongoingprogressiortoward
computationasystemgsapableof human-like sensoryperceptiorfWengetal. 2001].
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Fig. 1. The problemsin word learning. Theraw speechs rst convertedto phonemesequencesThe goal of
our methodis to discarer phonemesubstringghat correspondo the soundpatternsof wordsandtheninfer the
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groundedneaningof thosewordsfrom non-speecimodalities.
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2. BACKGROUND

Languagés aboutsymbolsandhumangroundthosesymbolsin sensorimotoexperiences
during their developmentLakoff andJohnsoril980]. To develop a multimodallearning
interfacefor word acquisition,it is helpful to make useof our knowledgeof humanlan-
guagedevelopmentto guide the designof our approach. English-learninginfants rst
displaysomeability to sggmentwordsat about7.5 months[JusczykandAslin 1995]. By
24 months,the speedandaccurag with which infantsidentify wordsin uent speechs
similarto thatof native adultlisteners A numberof relevantcueshave beenfoundthatare
correlatedwith the presenceof word boundariesand can potentially signalword bound-
ariesin continuousspeech(see[Jusczyk1997]for areview). Around 6 to 12 monthsis
thestageof graspingthe rst words.A predominanproportionof mostchildren’s rst vo-
cahulary (the rst 100wordsor so),in variouslanguagesndundervarying child-rearing
conditions,consistof objectnames,suchasfood, clothing andtoys. The secondlarge
catgory is the setof verbsthatis mainly limited to actionterms. Gillette et al. [Gillette
et al. 1999] shaved that learnability of a word is primarily baseduponits imageability
or concretenessTherefore mostobjectnamesandactionverbsare learnedbeforeother
wordsbecauséhey aremoreobsenableandconcrete.Next, infantsmove to the stageof
vocahulary spurtor namingexplosion,in which they startlearninglargeamountsof words
muchmorerapidly thanbefore. At the meanwhile grammargraduallyemegesfrom the
lexicon, both of which sharethe samemental-neuramechanismgBatesand Goodman
1999]. Mary of the laterlearnedwordscorrespondo abstrachotions(e.g.,noun:"“idea”,
verb:“think”) andare not directly groundedin embodiedexperiences.However, Lakoff
and Johnsor{Lakoff andJohnsonl980] proposedhatall humanunderstandings based
on metaphoricakxtensionof how we perceve our own bodiesandtheir interactionswith
the physicalworld. Thus,the initial andimageablenvordsdirectly groundedin physical
embodimentsene asa foundationfor the acquisitionof abstractwords and syntaxthat
becomeindirectly groundedthroughtheir relationsto thosegroundedwords. Therefore,
theinitial stageof languageacquisitionjn whichinfantsdealprimarily with thegrounding
problemiis critical in this semantidootstrappingrocedurebecausét providesa sensori-
motorbasisfor furtherdevelopment.

The experimentalstudieshave yieldedinsightsinto perceptuahbilities of young chil-
drenandprovidedinformative constraintsn building computationabystemghatcanac-
quire languageautomatically Recentcomputationamodelsaddresshe problemsof both
speechseggmentationand lexical learning. A good surwey of the relatedcomputational
studiesof speechseggmentationcanbe foundin [Brent 1999], in which several methods
areexplained,their performancen computersimulationsis summarizedandbehaioral
evidencebearingon themis discussed.Among them, Brent and Cartwright[Brent and
Cartwright 1996] have encodednformation of distributional regularity and phonotactic
constraintdn their computationamodel. Distributional regularity meansthat soundse-
guencesoccurring frequentlyand in a variety of contexts are better candidatedor the
lexiconthanthosethatoccurrarelyor in few contexts. Thephonotacticonstraintsnclude
boththerequirementhateveryword musthave avowel andtheobsenationthatlanguages
imposeconstrainton word-initial andword- nal consonantlusters Most computational
studies,however, usephonetictranscriptionsof text asinput and do not deal with raw
speechFromacomputationaperspectre, they simpli ed the problemby not copingwith
the acousticvariability of spolkenwordsin differentcontexts and by varioustalkers. As
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a result, their methodscannotbe directly appliedto develop computationakystemshat
acquirelexiconsfrom raw speech.

Siskind [Siskind 1995] developeda mathematicamodel of lexical learningbasedon
cross-situationalearningandthe principle of contrast,which learnedword-meaningas-
sociationswhen presentedvith pairedsequencesf pre-sgmentediokensand semantic
representation®Regier'swork [Regier 1996]wasaboutmodelinghow somelexical items
describingspatialrelationsmight develop in differentlanguages.Bailey [Bailey 1997]
proposeda computationaimodelthat learnsto not only produceverb labelsfor actions
but alsocarry out actionsspeci ed by verbsthatit haslearned. A goodreview of word
learningmodelscanbe foundin [Regier 2003]. Differentfrom mostothersymbolicmod-
elsof vocahulary acquisition,physicalembodimentasbeenappreciatedy the works of
[Roy 2002;Roy andPentland2002] and[SteelsandVogt 1997]. SteelsandVogt shoved
how a coherentiexicon may spontaneouslgmegein a groupof robotsengagedn lan-
guagegamesand how a lexicon may adaptto copewith nev meaningshat arise. Roy
andPentlandRoy and Pentland2002] implementeda model of early languagdearning
which canlearnwordsandtheir semanticdrom raw sensoryinput. They usedthe tem-
poralcorrelationof speechandvisionto associatespolenutterancesvith a corresponding
object'svisualappearance-dowever, theassociatedisualandaudiocorpsesarecollected
separatelyrom differentexperimentaketupsn Roy's system.Speci cally, audiodataare
gatheredrom infant-cargiverinteractionswvhile visualdataof individual objectsarecap-
turedby a CCD cameraon arobot. Thus,audioandvisualinputsaremanuallycorrelated
basedon the co-occurrencassumptionywhich claimsthatwordsarealwaysutteredwhen
theirreferentsareperceved. Roy'swork is groundbreakindput leavestwo importantareas
for improvement.The rst is thatthe co-occurrencassumptiorhasnot beenveri ed by
experimentalstudiesof humanlanguagdearners(e.g., infantslearningtheir native lan-
guage[Bloom 2000]). We arguethat this assumptioris not reliable and appropriatefor
modelinghumanlanguageacquisitionand statisticallearningof audio-visualdatais un-
likely to be the whole story for automaticlanguageacquisition. The secondssueis that
Roy's work doesnot includethe intentionalsignalsof the spealer whenhe/sheuttersthe
speechWe show thatthey canprovide pivotal constraintdo improve performance.

3. A MULTIMODAL LEARNING INTERFACE

Recentpsycholinguisticstudies(e.g., [Baldwin et al. 1996]; [Bloom 2000]; [Tomasello
2000]) have shavn thata major sourceof constraintin languageacquisitioninvolvesso-
cial cognitive skills, suchaschildren's ability to infer theintentionsof adultsasadultsact
and speakto them. Thesekinds of social cognition are called mind readingby [Baron-
Cohen1995]. Bloom [Bloom 2000] arguedthat children's word learningactually dravs
extensiely on their understandingf the thoughtsof spealers. His claim hasbeensup-
portedby theexperimentsn whichyoungchildrenwereableto gure outwhatadultswere
intendingto referto by speechln acomplementargtudyof embodiedcognition,Ballard
andcolleaguegBallard et al. 1997] proposedhat orientingmovementsof the body play
acrucialrole in cognitionandform a usefulcomputationalevel, termedthe embodiment
level. At this level, the constraintsof the body determinethe natureof cognitive opera-
tions, andthe body's pointing movementsare usedas deictic referencego bind objects
in the physicalenvironmentto cognitive programsof our brains. Also, in the studiesof
speectproduction,Meyer et al. [Meyer etal. 1998] shovedthatthe spealers' eye move-
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mentsaretightly linkedto their speectoutput. They foundthatwhenspealerswereasled
to describea setof objectsfrom a picture,they usuallylooked at eachnew objectbefore
mentioningit, andtheir gazesremainedon the objectuntil they areaboutto saythe last
word aboutit.

By putting togetherthe ndings from thesecognitive studies,we proposethat speak-
ers' bodymovementssuchaseye movementsheadmovementsandhandmovementscan
revealtheir referentialintentionsin verbalutteranceswhich could play a signi cant role
in automatidanguageacquisitionin both computationakystemsaindhumancounterparts
[Yu etal. 2003; Yu andBallard 2003]. To supportthis idea,we provide animplemented
systemto demonstratéow inferencesof spealer's referentialintentionsfrom their body
movementswhich we termembodiedntention canfacilitateacquiringgroundedexical
items.In our multimodallearninginterface,a spealer'sreferentialintentionsareestimated
andutilized to facilitatelexical learningin two ways. First, possiblereferentialobjectsin
time provide cuesfor word spottingfrom a continuousspeechstream.Speechsegmenta-
tion without prior languageknowledgeis a challengingproblemandhasbeenaddressetly
solelyusinglinguistic information. In contrastour methodemphasizetheimportanceof
non-linguisticcontets in which spokenwordsareuttered.We proposehatthe soundpat-
ternsfrequentlyappearingn thesamecontext arelik ely to have groundedneaningselated
tothiscontext. Thus,by nding frequentlyutteredsoundpatternsn aspeci c contet (e.g.,
anobjectthatusersintentionallyattendto), the systemdiscoversword-like soundunits as
candidategor building lexicons. Seconda dif cult taskof word learningis to gure out
which entitiesspeci ¢ wordsreferto from a multitude of co-occurrencebetweenspolen
words (from auditory perceptionjandthingsin the world (from non-auditorymodalities,
suchasvisual perception).This is accomplishedn our systemby utilizing spealers' in-
tentionalbody movementsasdeictic referencedo establishassociationdetweenspolen
wordsandtheir perceptuallygroundedneanings.

To groundlanguagethe computationakystemneedso have sensorimotoexperiences
by interactingwith the physicalworld. Our solutionis to attachdifferentkinds of sensors
to a real personto sharehis/hersensorimotoexperiencesasshavn in Figure2. Those
sensorsncludea head-mounte€€CD camerao capturea rst-personpointof view, a mi-
crophoneto senseacousticsignals,an eye tracker to track the courseof eye movements
thatindicatethe agents attention,and positionsensorsattachedo the headandhandsof
theagentto simulateproprioceptiorin thesenseof motion. Thefunctionsof thosesensors
aresimilar to humansensorysystemsandthey allow the computationakystemto collect
usercentricmultisensorydatato simulatethe developmentof human-like perceptuaka-
pabilities. In the learningphase the humanagentperformssomeeverydaytasks,such
asmakinga sandwich pouringsomedrinks or staplinga letter, while describinghis/her
actionsverbally We collectacousticsignalsin concertwith usercentricmultisensoryin-
formationfrom non-speechmodalities,suchas users perspectie video, gazepositions,
headdirectionsandhandmovements. A multimodallearningalgorithmis developedthat

rst spotswordsfrom continuousspeechandthenbuilds the groundedsemanticdby as-
sociatingobjectnamesandactionverbswith visual perceptiorandbody movements.To
learnwordsfrom users spolkendescriptionsthreefundamentaproblemsneededo be ad-
dressedre: (1) actionrecognitionandobjectrecognitionto provide groundedneaningof
wordsencodedn non-speecltontextual information, (2) speechsggmentationandword
spottingto extract the soundpatternsthat correspondo words, (3) associatiorbetween
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spokenwordsandtheir perceptuallygroundedmeanings.

ASL Eye Tracker |

Microphone

position
sensors

Fig. 2. Thelearningsystenmsharesnultisensoninformationwith arealagentin a rst-personsenseThis allows
theassociatiorof coincidentsignalsin differentmodalities.

4. REPRESENTING AND CLUSTERING NON-SPEECH PERCEPTUAL INPUTS

The non-speeclnputsof the systemconsistof visual datafrom a head-mountedamera,
headand handpositionsin concertwith gaze-in-headlata. Thosedataprovide contexts
in which spolen utterancesre produced. Thus, the possiblemeaningsof spolkenwords
thatusersutterareencodedn thosecontects, andwe needto extractthosemeaninggrom
raw sensonyjinputs. Speci cally, the systemshouldspotandrecognizeactionsfrom users
bodymovementsanddiscoverthe objectsof userinterest.In implementationye obsene
thatin accomplishingvell-learnedtasks,the users focusof attentionis linked with body
movements. In light of this, our method rst useseye and headmovementsas cuesto
estimatethe users focus of attention. Attention, asrepresentetby gaze xation, is then
utilized for spottingthe target objectsof userinterest. Attention switchesare calculated
andusedto sgmenta sequenc®f handmovementsnto actionunits which arethencat-
egorizedby Hidden Markov Models (HMMs). The resultsaretwo temporalsequences
of perceptuallygroundedmeaninggobjectsandactions)as depictedby the box labeled
“contextualinformation”in Figure9.

4.1 Estimating focus of attention

Eyemovementsarecloselylinkedwith visualattention.This givesriseto theideaof utiliz-
ing eye gazeandheaddirectionto detectthe spealer's focusof attention.We developeda
velocity-basednethodto modeleye movementauisinga hiddenMarkov modelrepresenta-
tion thathasbeenwidely usedin speechrecognitionwith greatsuccesgRabinerandJuang
1989]. A hiddenMarkov modelconsistof asetof — states , the
transition probability matrix , where s the transitionprobability of taking
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thetransitionfrom state to state , prior probabilitiesfor theinitial state , andout-

put probabilitiesof eachstate . Salvucciet al.[Salvucci
andAnderson1998] rst proposech HMM-based xation identi cation methodthatuses
probabilisticanalysisto determineghe mostlik ely identi cations of a givenprotocol. Our

approachis differentfrom his in two ways. First, we usetrainingdatato estimatethetran-
sition probabilitiesinsteadof settingpre-determinedalues. Secondwe noticethathead
movementsprovide valuablecuesto modelfocusof attention.Thisis becausevhenusers
look towardan object,they alwaysorienttheir headgowardthe objectof interestsoasto

male it in thecenterof theirvisual elds. As aresultof theabove analysisheadpositions
areintegratedwith eye positionsasthe obsenrationsof HMM.

A 2-stateHMM is usedin our systemfor eye xation nding. Onestatecorresponds
to saccadendthe otherrepresentscation. The obsenationsof HMM are2-dimensional
vectorsconsistingof the magnitude®f thevelocitiesof headrotationsin threedimensions
andthe magnitude®f velocitiesof eye movementsWe modelthe probability densitiesof
the obsenationsusinga two-dimensionalGaussianThe parametersf HMMs needingto
be estimateccomprisethe obsenation andtransitionprobabilities. Speci cally, we need

to computethe meang ) andvarianceg ) of two-dimensionalGaussiarior
stateandthe transitionprobabilitiesbetweentwo states.The estimationproblemcon-
cernshow to adjustthe model to maximize given an obsenation sequence

of gazeandheadmotions. We caninitialize the modelwith at probabilities,thenthe
forward-backvard algorithm[Rabinerand Juang1989] allows us to evaluatethis proba-
bility. Usingthe actualevidencefrom the training data,a new estimatefor the respectie
outputprobabilitycanbeassigned:

1)
and

)
where is de ned asthe posteriorprobability of beingin state attime giventhe

obsenationsequencandthemodel.

Aslearningresultsthesaccadstatecontainsanobsenationdistributioncenteredground
high velocitiesandthe xation staterepresentshe datawhosedistribution is centered
aroundlow velocities. The transitionprobabilitiesfor eachstaterepresenthelikelihood
of remainingin thatstateor makingatransitionto anotherstate.An exampleof theresults
of eye dataanalysisis shovnin Figure3.

4.2 Attentional Object Spotting

Knowing attentionaktatesallows for automaticobjectspottingby integratingvisualinfor-
mationwith eye gazedata. For eachattentionalpointin time, the objectof userinterest
is discoveredfrom the snapshobf the scene.Multiple visual featuresarethenextracted
from thevisualappearancef the objectwhich areusedfor objectcategorization.Figure4
shavs anoverview of our approachYu etal. 2002].

4.2.1 Object Spotting. Attentional object spotting consistsof two steps. First, the
snapshotsef the scenearesggmentednto blobsusingratio-cut[WangandSiskind2003].
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Fig. 3. Eye xation nding. The top plot: Thespeedoro le of headmovements.The middle plot: Point-to-
point magnitudeof velocitiesof eye positions.The bottom plot: A temporalstatesequencef HMM (thelabel
“xation” indicateshe xation stateandthelabel“movement’representshe saccadestate).
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Fig.4. Theoverview of attentionalbbjectspotting

Theresultof imageseggmentationis illustratedin Figure 6(b) andonly blobslargerthan
athresholdareused. Next, we groupthoseblobsinto several semanticobjects. Our ap-
proachstartswith the originalimage,usesgazepositionsasseedsandrepeatlymergesthe
mostsimilar regionsto form new groupsuntil all the blobsarelabeled.Eye gazein each
attentionaltime is thenutilized asa cueto extractthe objectof userinterestfrom all the
detectedbjects.

We usecolor asthe similarity featurefor meiging regions. color spaceis
adoptedo overcomeundesirableeffectscausedy variedlighting conditionsandachieve
morerobustillumination-invariantsegmentation. color consistof aluminanceor
lightnesscomponentL*) andtwo chromaticcomponentsthe a* componentfrom green
to red) andthe b* component(from blue to yellow). To this effect, we computein the

color spacethe similarity distancebetweerntwo blobsandemploy the histogram
intersectiormethodproposedy [SwainandBallard1991]. If and denotehecolor
histogramsf two regions and , theirhistogramintersectioris de ned as:

®3)
wheren isthenumberof bin in color histogramand . Two neighboring
regionsare memgedinto a new region if the histogramintersection is betweenma

threshold
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Algorithm : objectsggmentatiorbasedn gaze xations
Initialization:
Computethe color histogramof eachregion.
Labelseedregionsaccordingo the positionsof gaze xations.
Merge seedregionsthatareneighborgo eachotherandareclosewith respecto their similarity.
Putneighboringegionsof seedregionsin the SSL.
Merging:
Whilethe SSLis notempty
Remaethetopregion from SSL.
Comparehesimilarity between andall theregionsin and nd theclosestseedregion
Mergetheregions and andcomputethe color histogramof new region
Testeachneighboringegion  of
If islabeledasaseedregion

Mergetheregionwith if they aresimilar.
Otherwise

Add theregion to the SSLaccordingo its color similarity with

Fig.5. Thealgorithmfor meging blobs

is remarkablyeffective in determiningcolor similarity betweenregionsof multi-colored
objects.

The approachof memging blobsis basedon a setof regionsselectedby a users gaze
xations, termedseedregions. We startwith a numberof seedregions ,in
which n is the numberof regionsthatthe userwasattendingo. Giventhoseseedregions,
the meming processthen nds a grouping of the blobs into semanticobjectswith the
constrainthatthe regionsof a visualobjectarechoserto beashomogeneouaspossible.
The proces®volvesinductively from the seedregions. Eachstepinvolvesthe additionof
one blob to one of the seedregionsandthe meging of neighborregionsbasedon their

similarities.

In the implementationwe make useof a SequentiallySortedList (SSL) [Adamsand
Bischof 1994]thatis a linked list of blobs orderedaccordingto someattribute. In each
stepof our method we considerthe blob at the beginning of thelist. Whenaddinga new
blobto thelist, we placeit accordingto its valueof the orderingattribute sothatthelist is
alwayssortedbasedon the attribute. Let bethe setof immediate

neighborsof theblob , whichareseedregions.For all theregionsin  , theseedregion
thatis closesto is de nedas:

4)
where is the similarity distancebetweerregion and  basedontheselected
similarity feature. The orderingattribute of region is thende ned as . The

melging proceduras illustratedin Figure5. Figure6 shons how thesestepsarecombined
to getanattentionabbject.

4.2.2 ObjectRepesentatiorand Categorization. Thevisualrepresentationf the ex-
tractedobjectcontainscolor, shapeandtexturefeatures Basedntheworksof [Mel 1997],
we constructhevisualfeaturesof objectswhich arelargein numberinvariantto different
viewpoints,anddrivenby multiple visualcues.Speci cally, 64-dimensionatolorfeatures
areextractedby a color indexing method[Swain andBallard 1991], and48-dimensional
shapdeaturesarerepresentedly calculatinghistogramf local shapepropertiedSchiele
andCrowley 2000]. The Gabor Iters with threescalesand ve orientationsareapplied
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Fig. 6. Left: Thesnapshotmagewith eye positions(black crosses).Middle: The resultsof low-level image
segmentationRight: Combiningeye positiondatawith the sggmentatiorto extractanattendedbject.

to the sgmentedmage. It is assumedhat the local texture regionsare spatially homo-
geneousandthe meanandthe standarddeviation of the magnitudeof the transformco-
efcients areusedto representin objectin a 48-dimensionatexture featurevector The
featurerepresentationsonsistingof a total of 160 dimensionsareformedby combining
color, shapeandtexturefeatureswhich provide fundamentaadwantagegor fast,inexpen-
sive recognition.Most patternrecognitionalgorithms however, do not work ef ciently in

high dimensionalspacesecausef the inherentsparsityof the data. This problemhas
beentraditionally referredto asthe dimensionalitycurse. In our systemwe reducedhe
160-dimensiondleaturevectorsinto thevectorsof dimensionalityl 5 by principle compo-
nentanalysigPCA), whichrepresentthedatain alowerdimensionasubspacéy pruning
away thosedimensionawith the leastvariance. Next, sincethe featurevectorsextracted
from visual appearancesf attentionalobjectsdo not occupy a discretespacewe vector
guantizetheminto clustersby applyinga hierarchicalagglomeratie clusteringalgorithm
[Hartigan 1975]. Finally, we selecta prototypeto represenperceptuafeaturesof each
cluster

4.3 Segmenting and Clustering Motion Sequences

Recentesultsin visual psychophysicfl_and etal. 1999;Hayhoe2000;LandandHayhoe
2001]indicatethatin naturalcircumstanceshe eyes,the head,andhandsarein contin-
ual motionin the context of ongoingbehaior. This requiresthe coordinationof these
movementsn bothtime andspace.Land etal. [Land et al. 1999] found that during the
performanceof a well-learnedtask (makingtea), the eyes closely monitor every stepof
the processalthoughtheactionsproceedwith little consciousnvolvement.Hayhoe[Hay-
hoe2000]hasshavn thateye andheadmovementsarecloselyrelatedto therequirements
of motor tasksand almostevery actionin an actionsequencés guidedand checled by
vision, with eye and headmovementsusually precedingmotor actions. Moreover, their
studiessuggestedhat the eyesalwayslook directly at the objectsbeingmanipulated.In
our experimentswe con rm the conclusionsby HayhoeandLand. For example,in the
actionof “picking up acup”, the subject rst movesthe eyesandrotatesthe headto look
towardthe cupwhile keepingthe eye gazeat the centerof view. The handthenbeginsto
move toward the cup. Driven by the upperbody movement,the headalsomovestoward
thelocationwhile the handis moving. Whenthe armreacheghetargetplace theeyesare
xating onit to guidetheactionof grasping.

Despitethe recentdiscoveriesof the coordinationof eye, headandhandmovementsn

ACM Transaction®n Applied Perception\Vol. V, No. N, Month 20YY.
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cognitive studieslittle work hasbeendonein utilizing theseresultsfor machineunder
standingof humanbehavior. In this work, our hypothesiss thateye andheadmovements,
asanintegral partof the motor programof humansprovide importantinformationfor ac-
tion recognitionof humanactvities. We testthis hypothesidy developinga methodthat
segmentsactionsequencelasednthedynamicpropertief eye gazeandheaddirection,
andappliesDynamic Time Warping (DTW) andHMM to clustertemporalsequencesf
humanmotion[Yu andBallard2002a;2002b].

Humangperceveanactionsequencasseveralactionunits[K uniyoshiandinoue1993].
This givesrise to theideathatthe sggmentationof a continuousactionstreaminto action
primitivesis the rst steptoward understandindhumanbehaiors. With the ability to
track the courseof gazeand headmovementsour approachusesgazeand headcuesto
detectusercentric attentionswitchesthat canthen be utilized to sgmenthumanaction
sequences.

We obsene that actionscan occurin two situations: during eye xations andduring
head xations. For example,in a“picking up” action,the performerfocuseson the object
rst rstly, thenthe motor systemmovesa handto approachit. During the procedure
of approachingand grasping,the headmoves toward the object as the result of upper
body movementsput eye gazeremainsstationaryon the target object. The secondcase
includessuchactionsas“pouring water” in which the head xates on the objectinvolved
in theaction.During the head xation, eye-mosementecordingshaw thattherecanbea
numberof eye xations. For example whentheperformeris pouringwater, hespends ve
xations onthedifferentpartsof the cupandonelook-aheadxation to thelocationwhere
hewill placethewaterpotafterpouring. In this situation,the head xation is a bettercue
thaneye xations to segmenttheactions.

Basedon the above analysis,we develop an algorithmfor actionsegmentationwhich
consistof thefollowing threesteps:

(1) Head xation nding is basedntheorientationsof thehead.We use3D orientations
to calculatethespeedpro le of thehead,asshavn in the rst two rows of Figure?.

(2) Eye xation nding isaccomplishethy avelocity-threshold-basealgorithm.A sam-
ple of theresultsof eye dataanalysiss shavn in thethird andfourth rows of Figure?.

(3) Action Segmentationis achievedby analyzingheadandeye xations, andpartition-
ing the sequenc®f handpositionsinto actionsegments(shavn in the bottomrow of
Figure7) basedn thefollowing threecases:

—A head xation may containone or multiple eye xations. This correspondgo
actions,suchas“unscraving”. “Action 3" in thebottomrow of Figure7 represents
thiskind of action.

—Duringthe headmovementthe performer xates onthespeci ¢ object. This situa-
tion corresponds$o actions,suchas“picking up”. “Action 1” and“Action 2" in the
bottomrow of Figure7 representhis classof actions.

—During the headmovement,eyes are also moving. It is most probablethat the
performeris switchingattentionafterthe completionof the currentaction.

We collectthe raw position andthe rotation dataof eachactionunit
from whichfeaturevectorsareextractedfor recognition.We wantto recognizehetypesof
motionnottheaccuratdrajectoryof thehandbecauséhe sameactionperformedoy differ-
entpeoplevaries.Evenin differentinstance®f asimpleactionof “picking up” performed
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Head rotation

speed (degree)

Head fixation

Eye speed
(degree)

Eye fixation

hand movement action 1 action 2 ‘ ‘ action 3

Fig. 7. Segmentingactionsbasedon headand eye xations. The rst tworows: point-to-pointspeed®f head
dataandthe correspondingxation groups(1l- xating, 0-maoving).The third and fourth rows: eye movement
speedsandtheeye xation groups(1- xating, 0—-maving) afterremaving saccadgoints. The bottom row: the
resultsof actionseggmentatiorby integratingeye andhead xations.

by the samepersonthe handgoesroughlyin differenttrajectories.Thisindicatesthatwe
cannotdirectly usethe raw positiondatato bethe featuresof the actions.As pointedout
by Campbelletal. [Campbellet al. 1996], featuresdesignedo be invariantto shift and
rotation performbetterin the presenceof shiftedandrotatedinput. The featurevectors
shouldbe chosenso that large changesn the action trajectory producerelatively small
excursiondn thefeaturespacewhile thedifferenttypesof motionproducerelatively large
excursions.In the context of our experiment,we calculatedhreeelementfeaturevectors
consistingof thehands speednthetableplane( ), thespeedn thez-axis,and
the speedof rotationin the 3 dimensiong ).

Let denotea handmotiontrajectorythatis a multivariatetime seriesspanningn time
stepssuchthat . is avectorof valuescontainingoneelement
for the valueof eachof the componenunivariatetime seriesattime . Givena setof
multivariatetime seriesof handmotion, we wantto obtainin an unsuperviseagnannera
partition of thesetime seriesinto subsetssuchthat eachclustercorrespondso a quali-
tatively differentregime. Our clusteringapproachis basedon the combinationof HMM
(describedbrie y in Section 4.1) and DynamicTime Warping[Oateset al. 1999]. Given
two time series and , DTW nds the warpingof the time dimensionin  , which
minimizesthedifferencebetweertwo series.

We modelthe probability of individual obsenation (a time seriesS) asgeneratedy a

nite mixturemodelof componenHMMs [Smyth1997]:

()

where is theprior probabilityof thHMM and is thegeneratie probability
giventhe th HMM with its transitionmatrix, obsenation densityparametersandinitial
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stateprobabilities. canbecomputediiatheforwardpartof theforward-backvard
procedure. Assumethat the numberof clusters is known, the algorithmfor clustering
sequencemto  groupscanbedescribedn termsof threesteps:

—given time series,constructa completepairwisedistancematrix by invoking DTW
times. Usethe distancematrix to clusterthe sequencesito  groupsby
employing a hierarchicalgglomeratie clusteringalgorithm[Hartigan1975].

—t oneHMM for eachindividual groupandtrain the parametersf the HMM. is
initialized to where  isthenumberof sequencewhichbelongto cluster .

—iteratively reestimatethe parameterof all the HMMs in the Baum-welchfashion
usingall of the sequencefRabinerand Juang1989]. The weight thata sequence
hasin thereestimatiorof th HMM is proportionalto thelog-likelihoodprobability of
the sequencaiven that model . Thus, sequencesvith biggergeneratie
probabilitiesfor a HMM have greaterin uence in reestimatinghe parametersf that
HMM.

The intuition of the procedureis as follows: since the Baum-Welch algorithm is hill-
climbing the likelihoodsurface,theinitial conditionscritically in uence the nal results.
Therefore DTW-basedclusteringis usedto geta betterestimateof theinitial parameters
of HMMs sothatthe Baum-Welch procedurewill not convergeto alocal maximumonly.
In thereestimationsequencethataremorelik ely generatedby a speci ¢ modelcausethe
parametersf thatHMM to changen suchaway thatit further ts for modelingaspeci c
groupof sequences.

5. SPEECH PROCESSING

This sectionpresentshe methodof phonemeecognitionandphonemestringcomparison
[Ballard andYu 2003],which provide a basisfor word-meaningassociation.

5.1 Phoneme Recognition

An endpointdetectionalgorithmwasimplementedo segmenta speectstreaminto several
spokenutterancesThenthe spealer-independenphonemaecognitionsystemdeveloped
by RobinsonRobinson1994]is employedto corvertspokenutterancesnto phonemese-
guences. The methodis basedon RecurrentNeural Networks (RNN) that performthe
mappingfrom asequencef theacoustideaturesextractedfrom raw speecto asequence
of phonemes.The training dataof RNN are from the TIMIT database— phonetically
transcribedAmericanEnglishspeech— which consistsof readsentencespolen by 630
spealersfrom eightdialectregionsof the United States.To train the networks, eachsen-
tenceis presentedo the recurrentback-propagatiomprocedure. The target outputsare
setusing the phonemetranscriptionsprovided in the TIMIT database.Oncetrained,a
dynamicprogrammingmatchis madeto nd the mostprobablephonemesequencef a
spokenutterancge.g.theboxeslabeledwith “phonemestrings”in Figure9).

5.2 Comparing Phoneme Sequences

The comparisorof phonemesequencehastwo purposesn our system:oneisto nd the
longestsimilar substringof two phoneticsequenceévord-like unitsspottingdescribedn
Subsectior6.1),andthe otheris to clustersegmentedutterancesepresentetty phoneme
sequencemto groups(word-like units clusteringpresentedn Subsectior6.2). In both
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Algorithm : phoneticstringcomparison

for to do
endfor

for to do

endfor

for to do

for to do
endfor

endfor

Fig.8. Thealgorithmfor computingthe similarity of two phoneticstrings

casesanalgorithmof thealignmentof phonemesequences anecessargtep.Givenraw
speechnput,thespeci ¢ requiremenhereis to copewith theacoustiovariability of spolken
wordsin differentcontexts andby varioustalkers. Dueto this variation,the outputsof the
phonemerecognizerdescribedabore are noisy phonemestringsthat are differentfrom
phonetictranscriptionsf text. In this context, the goal of phoneticstring matchingis to
identify sequencethatmight be differentactualstrings,but have similar pronunciations.

5.2.1 Similarity betweerindividual phonemesTo align phoneticsequencesye rst
needa metric for measuringdistancesdbetweenphonemes.We represent phonemeby
a 12-dimensionabinary vectorin which every entry standsfor a single articulatoryfea-
ture calleda distinctive feature. Thosedistinctive featuresareindispensablattributesof
aphonemehatarerequiredto differentiateonephonemerom anotherin English[Lade-
foged1993]. In a featurevector, the numberonerepresentshe presencef afeaturein a
phonemeand zerorepresentshe absencef that feature. Whentwo phonemedliffer by
only onedistinctive feature they areknown asbeingminimally distinctfrom eachother
For instance,phonemegp/ and/b/ are minimally distinct becausehe only featurethat
distinguisheghemis “voicing”. We computethe distance betweerntwo individual
phonemesasthe Hammingdistancewhich sumsup all value differencedor eachof the
12 featuresn two vectors.The underlyingassumptiorof this metricis thatthe numberof
binary featuresin which two given soundsdiffer is a goodindication of their proximity.
Moreover, phonologicatulescanoftenbeexpressedsamaodi cation of alimited number
of featurevalues. Therefore,soundsthat differ in a small numberof featuresare more
likely to berelated.

We computethe similarity matrix thatconsistof elementswhere isthenumber
of phonemesEachelements assignedo a scorewhich representshe similarity of two
phonemesThe diagonalelementsaresetto a positive value astherewardsof matching
(with thesamephoneme)The otherelementsn the matrix areassignedo negative values

which correspondo the distance®f distinctive featureshetweertwo phonemes.
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5.2.2 Alignmentof two phoneticsequencesThe outputsof the phonemerecognizer
are phoneticstringswith timestampof the beginning andthe end of eachphoneme We
subsampleéhe phoneticstringsso that symbolsin the resultingstringscontainthe same
duration. The conceptof similarity is thenappliedto comparephoneticstrings. A simi-
larity scoringschemeassigngositive scoresto pairsof matchingsegmentsandnegative
scoresto pairsof dissimilarsegments. The optimal alignmentis the onethat maximizes
theoverall score.Theadvantageof the similarity approachs thatit implicitly includesthe
lengthinformationin comparingthe segments.Fundamentatio thealgorithmis the notion
of string-changingperationof DynamicProgrammingDP). To determinethe extentto
which two phoneticstringsdiffer from eachother, we de ne a setof primitive string op-
erations suchasinsertionanddeletion.By applyingthosestring operationspnephonetic
stringis alignedwith the other Also, thecostof eachoperatiorallows themeasuremeruf
the similarity of two phoneticstringsasthe sumof the costof individual stringoperations
in alignmentandthe reward of matchingsymbols. To identify the phoneticstringsthat
may be of similar pronunciationthe methodneedso considerboth the durationandthe
similarity of phonemesThus,eachphoneticstringis subjectnot only to alternatiorby the
usualadditiverandomerrorbut alsoto variationsin speedthedurationof thephonemee-
ing uttered).Suchvariationscanbe considerec&ascompressiomndexpansiornof phoneme
with respecto the time axis. In addition,additive randomerror may alsobe introduced
by interpolatingor deletingoriginal sounds Onesteptowarddealingwith suchadditional
dif culties is to performthe comparisonin a way that allows for deletionand insertion
operationsaaswell ascompressiorandexpansionones.In the caseof anextraneousound
thatdoesnotdelaythe normalspeechiut merelyconceals bit of it, deletionandinsertion
operationgpermitthe concealedit to be deletedandthe extraneoussoundto beinserted,
which is a morerealisticand perhapanore desirableexplanationthanthat permittedby
additive randomerror.

The details of the phonemecomparisonmethodare as follows: giventwo phoneme
sequences and , of length and respectiely, to nd the
optimalalignmentof two sequenceasingdynamicprogrammingwe constructan -by-

matrix wherethe ( ) elementof the matrix containsthe similarity score
thatcorrespond$o theshortespossibletime-warpingbetweertheinitial subsequencesf

and containing and elementsrespectiely. canberecurrentlycalculated
in anascendingrderwith respecto coordinates and , startingfrom theinitial condition
at upto . Oneadditionalrestrictionis appliedon thewarpingprocess:

(6)

wherer is anappropriatgositiveintegercalledwindow length. This adjustmentvindow
conditionavoids undesirablalignmentcausedy atoo excessie timing difference.

Let bethemetricof thesimilarity scoreand
and . Figure 8 containsour DP algorithmto
computethe similarity scoreof two phoneticstrings.

6. WORD LEARNING

At this point, we candescribeour approactto integratingmultimodaldatafor word acqui-
sition [Ballard andYu 2003]. The systemcomprisegwo basicsteps:speechseggmentation
shavn in Figure9 andlexical acquisitionillustratedin Figure11.
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Fig. 9. Word-lik e unit segmentation Spolen utterancesare cat@orizedinto several bins that correspondo
temporallyco-occurringactionsandattentionabbjects. Thenwe compareary pair of spolenutterancesn each
binto nd thesimilar subsequencedbataretreatedasword-like units.

6.1 Word-like Unit Spotting

Figure9 illustratesour approacho spottingword-like unitsin which the centralideais to
utilize non-speecleontextual informationto facilitateword spotting. Thereasorfor using
theterm“word-like units” is thatsomeactionsareverballydescribedy verbphrasege.g.
“line up”) but notsingleactionverbs.Theinputsshonvn in Figure9 arephonemesequences
( ) andpossiblemeaningf words(objectsandactions)extractedfrom non-
speechperceptualinputs, which are temporally co-occurringwith speech. First, those
phonemeutterancesare catgyorizedinto several bins basedon their possibleassociated
meanings.For eachmeaning,we nd the correspondingphonemesequencesitteredin
temporalproximity, andthencateyorizetheminto the samebin labeledby thatmeaning.
For instance, and aretemporallycorrelatedwith the action“stapling”, sothey are
groupedin the samebin labeledby the action“stapling”. Note that, sinceone utterance
couldbetemporallycorrelatedvith multiple meaningggroundedn differentmodalities it
is possiblethat an utterances selectecandclassi ed in differentbins. For example,the
utterance'staplinga few sheetof paper”is producedvhena userperformsthe actionof
“stapling” andlooks towardthe object“paper”. In this case the utterances put into two
bins: onecorrespondingo theobject‘paper”andtheotherlabeledby theaction“stapling”.
Next, basednthemethoddescribedn Subsectiorb.2,we computethesimilar substrings
betweenary two phonemesequence eachbin to obtainword-like units. Figure 10
shavs anexampleof extractingword-like unitsfrom the utterances and thatarein
thebin of theaction“folding”.

6.2 Word-like Unit Clustering

Extractedphonemesubstringf word-like unitsareclusteredoy a hierarchicabgglomer

ative clusteringalgorithmthatis implementedbasedon the methoddescribedn Subsec-
tion 5.2. The centroidof eachclusteris thenfound andadoptedasa prototypeto repre-
sentthis cluster Thoseprototypestringsare mappedbackto continuousspeechstream
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U2: 1 am going to fold the paper

P e it

ehmhhgclgowmngmtuhfowldthhhpdlp{'p\er
\———-.

,flowdcld!hngtehpclpayphherlhllaykclkthlx

U 4: folding the paper like this

Fig. 10. An exampleof word-lik e unit spotting. The similar substringf two sequenceare/f ow | d/ (fold), /f
| ow dcl d/ (fold), /pcl p ey p er/ (paper)and/pcl p ay p hh er/ (paper).

asshown in Figure 11, which are associatedvith their possiblemeaninggo build hy-
pothesizedexical items. Among them, someare correctones,suchas/st eihhp | in
ng/ (stapling)associatedhe action of “stapling”, andsomeare incorrect,suchas/st ei
hh p I in ng/ (stapling) pairedwith the object“paper”. Now thatwe have hypothesized
word-meaningairs,the next stepis to selectreliableandcorrectlexical items.

6.3 Multimodal Integration

In the nal step,the co-occurrencef multimodal dataselectaneaningfulsemanticghat
associatspolenwordswith their groundedneaningsWe take a novel view of this prob-
lem asbeinganalogougo the word alignmentproblemin machinetranslation. For that
problem,giventexts in two languagege.g. EnglishandFrench),computationalinguistic
techniquescan estimatethe probability that an Englishword will be translatednto ary
particular Frenchword andthenalign the wordsin an English sentencewith the words
in its Frenchtranslation.Similarly, for our problem,if differentmeaningscanbe looked
aselementof a “meaninglanguage” associatingneaningswith objectnamesandaction
verbscanbeviewedasthe problemof identifying word correspondencdsetweerEnglish
and“meaninglanguage”In light of this,atechniquerom machindranslationcanaddress
this problem. The probability of eachword is expressedasa mixture modelthat consists
of the conditional probabilitiesof eachword given its possiblemeanings. In this way,
an Expectation-MaximizatioEM) algorithmcan nd thereliableassociationsf spolken
wordsandtheir groundedneaningghatwill maximizethe probabilities.

phoneme stemhpllnng eh mhh gclgowu)ng flowdcld leh;pclp
strings pe),pe” m t uh fow i d YethcI Sg“ter']gr']l:] ayphh er 1{ay)<cl4<
p ee' p e L th ix
meanings
stapling  paper paper folding stapling  paper paper  folding

Fig.11. Word learning. Theword-like unitsin eachspolenutteranceandco-occurringneaningsaretemporally
associatedo build possibldexical items.

The generalsettingis asfollows: supposeve have a word set

and a meaningset , Where is the numberof word-like units
and isthenumberof perceptuallygroundedneaningslLet bethenumberof spolen
utteranceand all dataarein a set , whereeachspolen
utterance  consistof words ,and canbeselectedrom 1

to . Similarly, thecorrespondingontetualinformation include possibleneanings
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andthevalueof isfromlto . Weassumehateveryword
canbeassociateadvith ameaning . Givenadataset , we wantto maximizethe
likelihoodof generatinghe “meaning”corpusgiven Englishdescriptions:

(7)

We usethe modelsimilar to thatof Brown etal. [Brown etal. 1993]. Thejoint likelihood
of meaningsaindanalignmentgivenspolenutterances:

— (8)
wherethe alignment cantaken ary valuefrom 0 to which indicates
whichword is alignedwith meaning. is theassociatiorprobability for
aword-meaningairand is asmallconstant.

We wishto nd theassociatiorprobabilitiessoasto maximize subjectto
the constraintghatfor eachword
9)

ThereforeweintroducelLagrangemultipliers  andseekanunconstrainedhaximization:

(10)
We thencomputederivativesof the above objective functionwith respecto the multi-
pliers  andtheunknovnparameters andsetthemto bezeros.As aresult,we
canexpress:
(11)
(12)
where
(13)
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TheEM-basedlgorithmsetsaninitial tobe at distributionandperformshe

E-stepandtheM-stepsuccessiely until corvergenceln E-stepwe compute
by Equation(13). In M-step,we reestimatdoththe Lagrangemultipliersandtheassocia-
tion probabilitiesusingEquation(11) and(12).

Whenthe associatiomprobabilitiescorverge, we obtain a set of and need
to selectcorrectlexical itemsfrom mary possibleword-meaningassociationsCompared
with the training corpusin machinetranslation,our experimentaldatais sparseandcon-
sequentlycausessomewordsto have inappropriatelyhigh probabilitiesto associatéhe
meanings.This is becausehosewordsoccurvery infrequentlyandarein a few speci c
contexts. We thereforeusetwo constraintgor selection First, only wordsthatoccurmore
thanapre-de nedtimesareconsideredMoreover, for eachmeaning , the systemse-
lectsall thewordswith the probability greatetthanapre-de nedthreshold.In
this way, onemeaningcanbe associatedvith multiple words. Thisis becausgeoplemay
usedifferentnamedo referto the sameobjectandthe spolenform of anactionverb can
be expressedifferently. For instancethe phonemestringsof both*“staple” and“stapling”
correspondo the actionof stapling. In this way, the systemis developedto learnall the
spokenwordsthathave high probabilitiesin associatiorwith a meaning.

7. EXPERIMENTAL RESULTS

A Polhemus3D tracker wasutilized to acquire6-DOF handandheadpositionsat
Theperformemworeahead-mountedyetrackerfrom Applied ScienceLaboratories(ASL).
The headbanaf the ASL held a miniature“scene-camerato the left of the performers
headthatprovidedthevideoof thescendrom a rst-personperspectie. Thevideosignals
weresampledat theresolutionof 320 columnsby 240 rows of pixels at the frequeny of

. The gazepositionson the imageplanewerereportedat the frequeng of
Before computingfeaturevectorsfor HMMs, all position signalspassedhrougha 6th
order Butterworth Iter with the cut-off frequeng of . The acousticsignalswere
recordedusing a headseticrophoneat a rate of 16 kHz with 16-bit resolution. In this
study we limited useractvities to thoseon a table. The threeactiities that userswere
performingwere: “stapling a letter”, “pouring water” and“unscraving a jar”. Figure12
shavs snapshotgapturedfrom the head-mountedamerawhen a userperformedthree
tasks. Six usersparticipatedin the experiment. They were asked to perform eachtask
nine times while describingwhat they were doing verbally. We collectedmultisensory
datawhenthey performedhetask,which wereusedastrainingdatafor our computational
model. Several examplesof verbaltranscriptionand detectedmeaningsare shoved in
AppendixA.

The action sequence@ the experimentsconsistof several motion types: “pick up”,
“line up”, “staple”, “fold”, “place”, “unscrev” and“pour”. The objectsthatarereferred
to by speechare: “cup”, “jar”, “waterpot”’and“paper”. For the evaluationpurposewe
manuallyannotategpeechdataandcalculatehefrequencie®f words. We have collected
963spolkenutterancesindon average aspolenutteranceapproximatelycontainss words,
which illustratesthe necessityof word sggmentationfrom connectedspeech.Amongall
thesewords, mostfrequentlyoccurringwords, suchas“and”, “are”, “going to”, are not
action verbsand object namesthat we want to spotand associatewith their perceptual
groundedneaningsThisfurtherdemonstratethedif culty of learninglexical itemsfrom
naturallyco-occurringdata. Theseannotationsvereonly usedfor the evaluationpurpose
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andour modeldid not usethemasextra information.

Fig. 12. Thesnapshotsf threecontinuousactionsequencei ourexperiments.Top row: pouringwater Middle
row: staplingaletter Bottom row: unscreving ajar.

To evaluatethe resultsof the experimentswe de ne the following measuresn word-
like unitsandgroundedexical items.

—Semanticaccuracy measuresherecognitionaccurag of processingion-linguisticin-
formation,whichconsistof clusteringthefeaturesequencesf humanbodymovements
aswell ascatgorizingvisualfeaturesof attentionabbjects.

—Segmentationaccuracymeasurewhethetthebeginningandtheendof phoneticstrings
of word-like unitsareword boundariesFor example the string/k ahp/ is a positive in-
stancecorrespondingo the word “cup” while the string /k ah p i/ is negative. The
phraseswith correctboundariesare alsotreatedas positioninstancedor two reasons.
Oneis thatthosephrasegio not breakword boundariesut only combinesomewords
together Theotherreasoris thatsomephrasesorrespondo concretegroundedmean-
ings, which areexactly spokenunitswe wantto extract. For instancethe phrasessuch
as“pick up” or “line up”, specifysomehumanactions.

—Word learning accuracy(precision)measurethepercentagef successfullsggmented
wordsthatarecorrectlyassociateavith their meanings.

—Lexical spotting accuracy(recall) measurethe percentagef word-meaningairsthat
are spottedby the model. This measurerovidesa quantitive indicationaboutthe per
centageof groundedexical itemsthatcanbe successfullyfound.

Table | shavs theresultsof four measuresThe recognitionrate of the phonemerec-
ognizerwe usedis 75%becausét doesnot encodeary languaganodelandword model.
Basedon this result,the overall accurag of speectseggmentationis 69.6%. Naturally, an
improved phonemerecognizetasedon a languagemodelwould improve the overall re-
sults,but theintenthereis to studythe model-independenearningmethod. The errorin
word learningis mainly causedby a few words (suchas”several” and“here”) that fre-
guentlyoccurin somecontexts but do not have groundedmeaningsThe overall accurag
of lexical spottingis , which demonstratethatby inferring spealers' referentialin-
tents thestablelinks betweerwordsandmeaningsouldbeeasilyspottedandestablished.
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detected | discoveredspolenwords semantics| speech word lexical

meanings| /phonemestring/[text] segmentation| learning | spotting

pick up /pih kel k ahp/ [pick up] 96.5% 72.5% 87.5% | 72.6%
/pih kel k ih ngahp/ [picking up]
/graespclp/ [grasp]

place Ipl ey sl[place] 93.9% 66.9% 81.2% | 69.2%
/ pleysihng/[placing]
/puht/ [put]

line up /I aynahpcl p/ [line up] 75.6% 70.3% 86.6% | 83.5%
/I aynih ngahpcl p/ [lining up]
/I ayn hhhm ahpcl p/ [line themup]

staple /st ey pcl p/ [staple] 86.9% 70.6% 85.3% | 90.6%
/st ey pcl pih ng/[stapling]

fold /f ow | d/ [fold] 86.3% 69.8% 89.2% | 87.7%
/f ow | dih ng/[folding]

unscrev | /ahnskcl k r uw/[unscrav] 90.6% 73.8% 91.6% | 80.6%
/ow p ahn/[open]

pour /pcl p aor/ [pour] 86.7% 65.3% 91.9% | 85.5%
/pcl p aor ih ng/ [pouring]

paper pcl p ey p er/ [paper] 96.7% 73.9% 86.6% | 82.1%
/shiy tcl t/sheet

jar /j aar/ [jar] 91.3% 62.9% 92.1% | 76.6%
/pclpiy naht b ahtcl t er/ [peanutbutter]
Nl'ih d/ lid]

cup /k ahp/ [cup] 92.9% 68.3% 87.3% | 76.9%

waterpot | /w aotcl t erpclp aat / [waterpot] 87.5% 71.9% 85.6% | 82.3%
Ipcl p aat/ [pot]
/kcl k aof iy pcl p aat/ [coffeepot]

overall 90.2% 69.6% 87.9% | 82.6%

Consideringthat the systemprocessesaturalspeechand our methodworksin unsuper
visedmodewithoutmanuallyencodindabelsfor multisensorynformation,theaccuracies
for bothspeectsegmentatiorandword learningareimpressve.

8. CONCLUSION

This paperpresentsa multimodallearninginterfacefor word acquisition. The systemis
ableto learnthe soundpatternsof words and their semanticswhile usersperform ev-
erydaytasksand provide spolen descriptionsof their behaiors. Comparedo previous
works, the novelty of our approacharisesfrom the following aspects.First, our system
shareausercentricmultisensoryinformationwith a realagentandgroundssemanticgli-
rectly from egocentricexperiencewithout manualtranscriptionsandhumaninvolvement.
Secondpothwordsandtheir perceptuallygroundedneaningsareacquiredfrom sensory
inputs. Furthermoregroundedmeaningsare representedy perceptuafeaturesbut not
abstractsymbols,which providesa sensorimotobasisfor machinesand peopleto com-
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municatewith eachotherthroughlanguage Fromtheperspectie of machindearning,we
proposea new approachof unsupervisedearningusing multisensoryinformation. Fur
thermore,we arguethat the solely statisticallearningof co-occurringdatais lesslikely
to explain the whole story of languageacquisition. The inferenceof spealer's referential
intentionsfrom their body movementsprovides constraintgo avoid the large amountof
irrelevantcomputationandcanbedirectly appliedasdeicticreferenceo associatevords
with perceptuallygroundedreferentsin the physicalervironment. From an engineering
perspectie, our systemdemonstratea new approacto developinghuman-computein-
terfaces,in which computersseamlesslyntegratein our everydaylivesandare able to
learnlexical itemsby sharingusercentricmultisensoryinformation.
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Appendix A

Thetables |l 11l and IV shav severalexamplesof transcriptsandcontextualinformation
extractedrom visualperceptiorandbodymaovementsNotethatourcomputationasystem
actuallyprocessedontinuousspeectsignalsinsteadof (sggmented}ranscripts.

Tablell. Two sampletranscriptf thetasksof staplingpapers

transcripts | actions | attentionabbjects
rst, | reachoverandpick up somepapers| pick up paper
andl line themup line up paper
andl staplethem staple paper
pushthearmdown staple paperstapler
now | fold thepaper fold paper
fold thebottom-up rst fold paper
thenl fold thetop over fold paper
smoothcreases fold paper
andl| placethepaperup here place paper

I ampicking up several piecesof papers | pick up paper

I amlining up the paper line up paper
now | will stapleit staple paperstapler
now | amgoingto fold the paper fold paper
fold thebottomanthetop fold paper
nally 1 will placeit atits locationhere place paper
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Tablelll. Two sampleranscriptsof thetasksof pouringwater
transcripts | actions | attentionabbjects
| amgoingto pick up thecup pick up cup
andputit onits spot place cup
now | amgoingto pick up thewaterpot pick up waterpot
andpourthewaterinto the cuplik e this pour waterpot,cup
afterpouringl amgoingto none cup
placethewaterpotonits spot place waterpot
I will pick upthecup pick up cup
placethewhite cupdown onits spot place cup
pick up thewaterpotandmove it towardthecup | pick up waterpot,cup
pouringmyselfsomewater pour waterpot,cup
thenplacingthewaterpotinto its targetarea place waterpot

TablelV. Two sampletranscriptof thetasksof unscreving ajar

transcripts

actions | attentionabbjects

| ampicking up a peanutbutterjar pick up jar
now | amunscraving thelid unscrev jar
placingthelid onits spot place jar
andplacingthejar onits spotwhichis labeledoverthere | place jar
| pick upajar of peanutoutter pick up jar
openthe peanutbutterjar unscrev jar
unscrev thelid of thejar unscrev jar
placethelid thereand place jar
placethejar atits locationhere place jar
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