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ABSTRACT

Most speechinterfacesare basedon naturallanguageprocessing
techniqueghat use pre-de nedsymbolic representationsf word
meaningsand processonly linguistic information. To understand

anduselanguagéik etheirhumancounterpartén multimodalhuman-

computerinteraction,computerseedto acquirespolen language
andmapit to othersensonyperceptionsThis papempresenta mul-
timodalinterfacethatlearnsto associatspolenlanguagewith per
ceptualfeaturesby beingsituatedn users'everydayernvironments
andsharingusercentricmultisensorynformation. Thelearningin-
terfaceis trainedin unsupervisednodein which usersperformev-
erydaytaskswhile providing naturallanguagedescriptionsf their
behaiors. We collectacousticsignalsin concertwith multisensory
informationfrom non-speecimodalities suchasusers perspectie
video, gazepositions,headdirectionsand handmovements. The
systemrstly estimatesisers'focusof attentionfrom eye andhead
cues.Attention,asrepresentetly gaze xation, is usedfor spotting
thetamgetobjectof userinterest.Attention switchesarecalculated
and usedto segmentan action sequencento action units which
arethencateyorizedby mixture hiddenMarkov models. A multi-
modallearningalgorithmis developedto spotwordsfrom contin-
uousspeechandthenassociateahemwith perceptuallygrounded
meaningsxtractedfrom visual perceptionandaction. Successful
learninghasbeendemonstrateth the experimentsof threenatural

tasks:“unscraving ajar”, “staplingaletter” and“pouring water”.

Categoriesand Subject Descriptors

1.2.6 [Arti cial Intelligence]: Learning—tLanguae acquisition
1.2.0[Arti cial Intelligence]: General—€aognitivesimulation H.5.2
[Information interfaces and representatior]: UserInterfaces—
Theoryandmethods
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1. INTRODUCTION

The next generationof computersis expectedto interactand
communicatevith usersin acooperatre andnaturalmannemwhen
usersengagein everydayactivities. By being situatedin users'
ervironments,intelligent computersshouldhave basicperceptual
abilities,suchasunderstandingvhatpeoplearetalkingabout(speech
recognition),what they arelooking at (visual objectrecognition)
andwhatthey aredoing (actionrecognition). Furthermore simi-
lar to humancounterpartscomputersshouldacquireandthenuse
theknowledgeof associationbetweerdifferentperceptualnputs.
For instance spolenwordsof objectnameqsensedrom auditory
perceptionjarenaturallycorrelatedwith visualappearancegf the
correspondingbjectsobtainedfrom visual perception.Oncema-
chineshave that knowvledge and thoseabilities, they candemon-
stratemary human-lile behaiors andperformmary helpful acts.
In the scenarioof makinga peanut-katter sandwich for example,
whena userasksfor a pieceof breadverbally, a computercanun-
derstandthat the spolen utteranceof “bread” refersto some at
squarepiecein the visual scene.Therefore with anactuatorsuch
asa robotic arm, the machinecan rst locatethe position of the
bread,thengraspanddeliver it to the user In anothercontet, a
computemay detectthe users attentionandnoticethatthe atten-
tional objectis a peanutoutterjar, it canthenutterthe objectname
andprovide informationrelatedto peanutoutterby speechsuchas
asetof recipesor nutritionalvalues.In athird example,acomputer
may be ableto recognizewhatthe useris doing andlinguistically
describevhatit seesTheability to generateverbaldescriptionof
users behaiors canbe a precursoito makingcomputerscommu-
nicatewith usersnaturally In this way, computerswill seamlessly
integrateinto our everydaylivesandwork asintelligentobserers
andhuman-lile assistants.

To progressowardthegoalof anthropomorphimterfacescom-
putersneedto not only recognizesoundpatternsof spolenwords
but alsoassociateghemwith their perceptuallygroundedneanings.
Two researchelds arecloselyrelatedto this topic: speectrecog-
nition andmultimodalhuman-computeinterfaces.Unfortunately
both of themonly addressomepartsof the problem.They do not
provide a solutionto thewholeissue.

Most existing speechrecognitionsystemscan not achieve the
goal becausehey rely on purely acoustics-basestatisticalmod-
els, suchashiddenMarkov models[13] andhybrid connectionist
models[9]. Thesesystemshave two inherentdisadantagesFirst,
they require a training phasein which large amountsof spolen
utterancegpairedwith manuallylabeledtranscriptionsare needed
to train the model parameters. This training procedureis time-
consumingand needshumanexpertiseto label spolen data. Sec-
ond,thesesystemdransformacousticsignalsto symbolicrepresen-



tations(texts) withoutregardto their groundedmeaningsHumans
needto interpretthe meaningsf thesesymbolsbasedon our own

knowledge. For instance,a speechrecognitionsystemcan map
the soundpattern“jar” to the string“jar”, but it doesnot know its

meaning.

In multimodalhuman-computenterfacestudiesresearchemnainly

focuson the designof multimodal systemswith performancead-
vantagesover unimodalonesin the contet of differenttypesof
human-computéanteraction12]. Thetechnicaissuehereis multi-

modalintegration— how to integratesignalsin differentmodalities.
Generallymultimodalsystemsusingsemantidusionincludeindi-

vidual recognizersaanda sequentialntegrationprocess.Thesein-

dividualrecognizerganbetrainedusingunimodaldata,whichcan
thenbeintegrateddirectly without re-training.However, mostsys-
temsdo not have learningability in the sensahatdevelopersneed
to encodeknowledgeinto somesymbolicrepresentationsr prob-
abilistic modelsduring the training phase. Oncethe systemsare
trained,they are not ableto automaticallygain additionalknowl-

edgeeven thoughthey are situatedin surroundingphysicalervi-

ronmentsandcanobtainmultisensoryinformation.

To overcomethe abore shortcomingsa few recentstudiespro-
posedseveral unsuperviseanethodsfor learningwords from lin-
guistic and contextual inputs [18, 15]. Among them, the work
of Roy [15] is particularly relevant to our work. He proposeda
computationamodelof infantlanguageacquisitionwhich utilizes
temporalcorrelationof speechandvisionto associatspolenutter
anceswith acorrespondin@bjects visualfeatures Themodelhas
beenimplementedo processa corpusof audio-visualdatafrom
infant-cargiver interactions.Our work differsfrom his in thatwe
focus on building a multimodal learninginterfacethat is able to
acquirea lexicon from naturally co-occurringmultisensoryinfor-
mationin everydayactuities.

This paperpresentsa multimodal learning systemthat is able
to learnperceptuallygroundedmeaningsf wordsfrom users ev-
erydayactiities. The only requiremenis that usersneedto de-
scribetheir behaiors verbally while performingthoseday-to-day
tasks. Sinceno manuallylabeleddatais involved in the learning
procedurethe rangeof problemswe needto addressn this kind
of word learningis substantial. To make concreteprogress this
paperfocuseson how to associateisualrepresentationsf objects
with their spolennamesandmapbody movementgo actionverbs.
Ourwork suggests new trendin developinghuman-computein-
terfacesthat can automaticallylearn spolen languageby sharing
usercentricmultisensoryinformation. This adwent representshe
beginning of a progressiortoward computationakystemscapable
of human-lile sensoryperception.

2. AMULTIMOD AL LEARNING INTERFACE

We believe thatthelimits of existing systemdie in thefactthat
sensornperceptiorandlanguageacquisitionof machinesarequite
different from thoseof humancounterparts. Humanslearn lan-
guagebasedon our sensorimotoexperiencesvith the physicalen-
vironment. We learnwords by sensingthe ervironmentthrough
our perceptuasystemsandassociatingpolenlanguagevith other
sensoryperceptions.In light of humanlanguageacquisition,we
are developing a multimodal learning systemthat can also learn
meaningfulsemantiaepresentationgroundedn the physicalen-
vironmentaroundus.

To groundlanguage,the computationalsystemneedsto have
sensorimotorexperiencedyy interactingwith the physicalworld.
Our solutionis to attachdifferentkinds of sensorgo a real per
sonasshawvn in Figure 1. Thosesensordncludea head-mounted
CCD camerao capturea rst-personpoint of view, a microphone

to senseacousticsignals,an eye tracler to track the courseof eye
movementsthat indicatesthe agents attention,and position sen-
sorsattachedo the headand handsof the agentto simulatepro-
prioceptionin the senseof motion. Thefunctionsof thosesensors
aresimilarto humansensorysystemsandthey allow theintelligent
systento collectusercentricmultisensorydatato simulatethede-
velopmentof human-lile perceptuakapabilities. In the learning
phasetherealagentperformssomeeverydaytasks suchasmaking
asandwichpouringsomedrinksor staplinga letter, while describ-
ing his/heractionsverbally We collect acousticsignalsin con-
cert with usercentric multisensoryinformation from non-speech
modalities,suchasusers perspectie video, gazepositions,head
directionsandhandmovements.A multimodallearningalgorithm
is developedthat rstly spotswordsfrom continuousspeechand
then builds the groundedsemanticsby associatingobject names
andactionverbswith visualperceptiorandbody movements.The
centralideais to make useof users focus of attentionto rstly
infer his/herreferentialintentionsin speechandthenbuild word-
meaningassociationsThe systemconsistof several components
asfollows:

Attention detection nds whereandwhenauserooksbased
ongazeandheadmovements.

Attentional object spotting and action categorization ex-
tract groundedmeaningsof words encodedin non-speech
contectual information, such as attentionalobjectsand in-
tentionalactions.

Speechsegmentationand word spotting discoverthesound
patternghatcorrespondo words.

Multimodal integration associatespolenwordswith per
ceptualfeatures.

___—|ASL Eye Tracker

position
sensors

Figure 1. The intelligent system shares multisensory infor-
mation with a real agent in a rst-person sense. This allows
the association of coincident signals in different modalities.

2.1 Estimating Focusof Attention

We presenta methodthat utilizes eye gazeand headdirection
to detecta performers focus of attention. Attention, as repre-
sentedby eye xation, is usedfor spottingthetamgetobjectof user
interest. Attention switchesare calculatedand usedto segment
the action sequencénto action units. We developeda velocity-
basedmethodto model eye movementsusing a Hidden Markov
Model(HMM) representatiothat hasbeenwidely usedin speech
recognitionwith greatsucces$13]. A hiddenMarkov modelcon-
sistsof asetof  states , the transition
probability matrix ,Where isthetransitionprobability
of taking the transitionfrom state to state , prior probabili-
ties for the initial state , andoutputprobabilitiesof eachstate

. Salvucciet al.[16] rstly pro-
poseda HMM-based xation identi cation methodthatusesprob-
abilistic analysisto determinethe mostlikely identi cations for a



given protocol. Our approachis differentfrom his in two ways.
First, we usetraining datato estimatethe transitionprobabilities
insteadof settingpre-determined/alues. Secondwe notice that
headmovementgprovide valuablecuesto modelfocusof attention.
Thisis becausevhenuserdook towardanobject,they alwaysori-
ent their headstoward the object of interestso asto male it in
the centerof their visual elds. As a resultof the above analy-
sis, headpositionsare integratedwith eye positionsasthe obser
vationsof HMMs. Figure 2 shavs a 4-stateHMM usedin our

Approacl
ing

Figure 2. The HMM of eye and head movements There are
four states: saccade, xation, dwell and approaching. Sac-
cadesare rapid eye movements that allow the fovea to view a
different portion of the visual scene. Dwells typically include
several xations and the relatively small amount of time for
the saccades between these xations while head direction
is xated. Fixations are relatively stable eye and head po-
sitions over some minimum duration (typically 100-200ms).
Approachingsare the xations of eye-in-head positions while
the head is moving as part of upper body.

systemfor attentiondetection. The obserationsof HMM are 2-

dimensionalectorsconsistingof the magnitudef the velocities
of headrotationsin threedimensionsand the magnitudesof ve-

locities of eye movements.We modelthe probability densitiesof

the obsenationsusinga two-dimensionalGaussian.The parame-
tersof HMM neededo be estimatedccomprisethe obserationand
transitionprobabilities. The estimationproblemconcernshow to

adjustthe model to maximize given an obsenration

sequence of eye andheadmotions. We caninitialize the model
with at probabilities thentheforward-backvardalgorithmallows

usto trainthemodelparametersisingtrainingdata(see[13]). Fig-

ure 3illustratesthe statetransitionsof HMM given eye andhead
motions. Amongthosefour statesdwell and xation represenat-

tentionalstatesn which userdook towardthe objectsin thevisual

scene.
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Figure 3. Eye and head movementanalysis. The rst Row:
point-to-point velocities of head position data. The second

row: eye movement velocities. The bottom row: the state
transitions of HMM.

2.2 Attentional Object Spotting

Knowing attentionalstatesallows for automaticobjectspotting
by integratingvisualinformationwith eye gazedata. For eachat-
tentionalpointin time, theobjectof userinterestis discoreredfrom

the snapshobf the scene. Multiple visual featuresare then ex-
tractedfrom thevisualappearancef the objectwhich areusedfor
objectcateyorization.

2.2.1 ObjectSpotting

Attentionalobjectspottingconsistof two steps.First, the snap-
shotsof the sceneare segmentedinto blobs using ratio-cut[21].
Theresultof imagesegmentatioris illustratedin Figure 5(b) and
only blobslargerthanathresholdareused. Next, we groupthose
blobsinto several semanticobjects. Our approachstartswith the
original image, usesgazepositionsas seedsand repeatlymeiges
the mostsimilar regionsto form new groupsuntil all theblobsare
labeled.Eye gazein eachattentionaltime is thenutilized asa cue
to extractthe objectof userinterestfrom all thedetectedbijects.

We usecolor asthe similarity featurefor meiging regions.

colorspacds adoptedo overcomeundesirableffectscaused
by variedlighting conditionsandachieze morerobustillumination-
invariantsegmentation. color consistof a luminanceor
lightnesscomponen{L*) andtwo chromaticcomponentsthe a*
componentfrom greento red)andtheb* componen{from blueto
yellow). To this effect, we computein the colorspacehe
similarity distancebetweentwo blobs and emplgy the histogram
intersectionmethodproposedby [20]. If and denotethe
colorhistogramof tworegions and , theirhistogramintersec-
tion is de ned as:

@)

wherenisthenumberof binin colorhistogramand
. Two neighboringregionsaremeigedinto a new region if the

histogramintersection is betweerathreshold

and . While this similarity measureés fairly simple,it is re-
markablyeffective in determiningcolor similarity betweerregions
of multi-coloredobjects.

The approachof meging blobsis basedon a setof regionsse-
lectedby ausers gaze xations, termedseedegions. We startwith
anumberof seedregions , in which n is thenumber
of regionsthatthe userwas xating on. Giventhoseseedregions,
thememging procesghen nds agroupingof theblobsinto seman-
tic objectswith the constrainthatthe regionsof visual objectsare
choserto beashomogeneouaspossible.The processvolvesin-
ductively from the seedregions. Eachstepinvolvesthe additionof
oneblob to one of the seedregions andthe memging of neighbor
regionsbasedn their similarities.

In theimplementationyve make useof a sequentiallysortedlist
(SSL)[1] thatis a linked list of blobsorderedaccordingto some
attribute. In eachstepof our method,we considerthe blob at the
beginning of thelist. Whenaddinga new blobto thelist, we place
it accordingto its value of the orderingattribute so that the list
is always sortedbasedon the attribute. Let be the setof
immediateneighborsof the blob , which are seedregions. For

all theregions , the seedregion thatis
closesto isde nedas:

2
where is the similarity distancebetweenregion

and basedon the selectedsimilarity feature. The ordering
attributeof region  isthende ned as . Themeuing pro-
cedureis illustratedin Figure4. Figure5 shawvs how thesesteps
arecombinedo getanattentionalobject.

2.2.2 ObjectRepesentatiorand Categorization

The visual representationf the extractedobjectcontainscolor,
shapeandtexture features. Basedon the works of [10, 17, 20],



Algorithm : objectsggmentatiorbasedbn gaze xations
Initialization:
Computethe color histogramof eachregion.
Labelseedegionsaccordingo thepositionsof gaze xations.
Merge seedregionsthatareneighbordo eachotherandare
closewith respecto their similarity.
Putneighboringregionsof seedregionsin the SSL.
Merging:
Whilethe SSLis notempty
Remawethetopregion from SSL.
Comparehesimilarity between andall theregionsin
and nd theclosestseedregion
Mergetheregions and andcomputethecolorhistogram
of new region
Testeachnelghborlngeglon of
If islabeledasaseedegion

Mergetheregionwith if they aresimilar.
Otherwise
Add theregionto the SSLaccordingto its color similarity
with .

Figure 4. The algorithm for merging blobs

Figure 5. Left: The snapshotimage with eye positions (black
crosses). Middle: The results of low-level image segmenta-
tion. Right: Combining the eye position data with the seg-
mentation to extract an attended object.

we constructhe visualfeaturesof objectswhich arelargein num-
ber, invariantto differentviewpoints,anddriven by multiple visual
cues. Speci cally, 64-dimensionatolor featuresare extractedby
a color indexing method[20], and 48-dimensionakhapefeatures
arerepresentetdy calculatinghistogramsf local shapeproperties
[17]. The Gabor Iters with threescalesand ve orientationsare
appliedto thesggmentedmage.lt is assumedhatthelocaltexture
regionsarespatiallyhomogeneousandthe meanandthe standard
deviation of the magnitudeof the transformcoefcients areused
to representan objectin a 48-dimensionatexture featurevector
Thefeaturerepresentationsonsistingof atotal of 160dimensions
areformedby combiningcolor, shapeandtexture featureswhich
provide fundamentahdwantagedor fast,inexpensve recognition.
Most patternrecognitionalgorithms, however, do not work ef-
ciently in higherdimensionakpace$ecausef the inherentspar
sity of the data. This problemhasbeentraditionally referredto
asthe dimensionalitycurse. In our system,we reducedthe 160-
dimensionalfeaturevectorsinto the vectorsof dimensionality30
by principle componentnalysis(PCA) [2], which representshe
datain a lower dimensionalsubspacéy pruning away thosedi-
mensionswith the leastvariance. Next, sincethe featurevectors
extractedfrom visualappearancesf attentionalobjectsdo not oc-
cupy adiscretespacewe vectorquantizetheminto clustersby ap-
plying a hierarchicalagglomeratie clusteringalgorithm. Finally,
we selecta prototypeto represenperceptuafeaturesof eachclus-
ter.

2.3 Action Segmentationand Recognition
Recentesultsin visualpsychophysic§8, 7] indicatethatin nat-

ural circumstancesthe eye, the head,and handsarein continual
motionin the context of ongoingbehaior. This requiresthe coor
dinationof thesemovementsn bothtime andspaceln light of this,
our hypothesigs thateye andheadmovementsasanintegral part
of the motor programof humans,provide importantinformation
for actionrecognitionin humanactiities. We testthis hypothesis
by developing a methodthat segmentsaction sequencebasedon
thedynamicpropertiesof eye gazeandheaddirection,andapplies
DynamicTime Warping(DTW) andHMM to clustertemporalse-
guence®f humanmotion.

2.3.1 ActionSg@mentation

Thesggmentatiorof acontinuousactionstreaminto actionprim-
itivesis the rst steptowardunderstandinfpumanbehaiors. With
the ability to track the courseof gazeand headmovements,our
approachusesgazeand headcuesto detectagent-centeredtten-
tion switchesthat can then be utilized to sggmenthumanaction
sequences.

In ourexperimentsye noticethatactionscanoccurin two situa-
tions: duringeye xations andduringhead xations. For example,
in a “picking up” action,the performerfocuseson the object rst
thenthe motor systemmavesthe handto approacht. During the
procedureof approachingandgraspingtheheadmovestowardthe
object as the result of the upperbody movements,but eye gaze
remainsstationaryon the target object. The secondcaseincludes
suchactionsas“pouringwater”in whichthehead xates ontheob-
jectinvolvedin theaction.Duringthehead xation, eye-mozement
recordingsshav thattherecanbe a numberof eye xations. For
example,whenthe performeris pouringwatet he spendss xa-
tions on the differentpartsof the cupand1 look-aheadxation to
the location where he will placethe water pot after pouring. In
this situation,the head xation is a bettercuethaneye xation to
se@gmenttheactions.In eithercasethereis almostalwaysaniden-
ti able saccadehat switchesattentionfrom one placeto another
Basedon the abave analysis the timesof actionboundaryare ex-
tractedby nding ary of dwells, xations and approachingshat
follow a saccadeHandmotionsaresegmentednto severalaction
primitivesbasedn thosetimes. Detailedtechnicaldescriptionof
actionsegmentatiorcanbefoundin [22].

2.3.2 ActionCategorization

We collect the raw position and the rotation
dataof eachactionunit from which featurevectorsare extracted
for recognition.We wantto recognizethe typesof motionnot the
accuratdrajectoryof the handbecaus¢he sameactionperformed
by differentpeoplevaries. Evenin differentinstancesof a sim-
ple actionof “picking up” performedby the samepersonthe hand
goesroughly in a differenttrajectory This indicatesthatwe can
not directly usethe raw positiondatato be the featuresof the ac-
tions. As pointedout by Campbellet al. [5], featuresdesigned
to beinvariantto shift androtationperformbetterin the presence
of shifted androtatedinput. The featurevectorsshouldbe cho-
sensothatlarge changesn the actiontrajectoryproducerelatively
small excursionsin the featurespace while the differenttypesof
motion producerelatively large excursions. In the context of our
experiment,we calculatedhreeelementfeaturevectorsconsisting
of the hands velocity on the table plane( ), theveloc-
ity in the z-axis, andthe velocity of rotationin the 3 dimensions
( )

Let denoteahandmotiontrajectorythatis a multivariatetime
seriesspanningn time stepssuchthat
is a vectorof valuescontainingone elementfor the value of each
of the componenunivariatetime seriesat time . Given a setof




multivariatetime seriesof handmotion, we wantto obtainin
an unsupervisednannera partition of thesetime seriesinto sub-
setssuchthat eachclustercorrespondso a qualitatively different
regime. Our clusteringapproachs basedon the combinationof
HMM (describedrie y in Section 2.1)andDynamicTime Warp-
ing [11]. Giventwo timeseries and ,DTW nds thewarping
of thetime dimensionin  , which minimizesthe differencebe-
tweentwo series.

We modeltheprobabilityof individual obseration (atime series

S)asgeneratedby a nite mixturemodelof = componenHMMs
[19]:

3
where is the prior probability of th HMM and

is the generatie probability given the th HMM with its transi-
tion matrix, obsenation densityparametersandinitial stateprob-
abilities. canbe computedvia the forward part of the
forward-backvard procedure Assumethatthe numberof clusters

is known, thealgorithmfor clusteringsequencegto  groups
canbedescribedn termsof threesteps:

given time seriesconstructa completepairwisedistance
matrix by invoking DTW times. Usethe dis-
tancematrix to clusterthe sequencemto  groupsby em-
ploying ahierarchicahgglomeratie clusteringalgorithm[6].

t oneHMM for eachindividual groupandtrain the param-
etersof the HMM. is initialized to where
is thenumberof sequencewhich belongto cluster .

iteratively reestimatehe parameter®f all the HMMs in
theBaum-welchfashionusingall of thesequencefl3]. The
weightthatasequence hasin thereestimatiorof th HMM

is proportionalto the log-likelihood probability of the se-
guenceagiventhatmodel . Thus,sequencewith
biggergeneratie probabilitiesfor aHMM have greateiin u-

encein reestimatinghe parametersf thatHMM.

Theintuition of the proceduras asfollows: sincetheBaum-Welch
algorithmis hill-climbing the likelihood surface,the initial condi-
tions critically in uence the nal results. Therefore, DTW-based
clusteringis usedto geta betterestimateof the initial parameters
of HMMs sothatthe Baum-Welchprocedurewill notcorvergeto a
local maximumonly. In thereestimationsequencethataremore
likely generatedy a speci c modelcausethe parametersf that
HMM to changein sucha way thatit further ts for modelinga
speci ¢ groupof sequences.

2.4 SpeechProcessing

We briey describeour methodsof phonemerecognitionand
phonemestringcomparisorin this subsectionwhich provide aba-
sis for word-meaningassociation Furtherinformationcanbe ob-
tainedfrom [3].

2.4.1 PhonemdRecanition

We have implementedan endpointdetectionalgorithmto sey-
mentthe speechstreaminto several spolen utterances.Thenthe

speakrindependenphonemeecognitionsystendevelopedcby Robin-

son[14] is employed to corvert spolen utterancesnto phoneme
sequences.The methodis basedon RecurrentNeural Networks
(RNN) that performthe mappingfrom a sequencef the acous-
tic featuresextractedfrom raw speectho a sequencef phonemes.
The training dataof RNN are from the TIMIT database— pho-
netically transcribedAmerican English speech— which consists

of readsentencespolen by 630 spealrs from eight dialectre-
gions of the United States. To train the networks, eachsentence
is presentedo the recurrentback-propagatioprocedure Thetar
get outputsare set using the phonemetranscriptionsprovided in
theTIMIT databaseOncetrained,adynamicprogrammingmatch
is madeto nd the mostprobablephonemesequencef a spolen
utterancefor example theboxeslabeled‘phonemestrings”in Fig-
ure6.

2.4.2 ComparingPhonemesequences

Thecomparisorof phonemesequencebastwo purposesoneis
to nd thelongestsimilar substring®f two phoneticsequenceand
the otheris to spota shortstring (a pattern)from along sequence
of spolen utterance.In both casesanalgorithmof the alignment
of phonemesequenceis anecessargtep.Givenraw speechnput,
thespeci ¢ requiremenhereis to copewith theacousticvariability
of spolenwordsin differentcontets andby varioustalkers. Due
to this variation, the outputsof the phonemeecognizepreviously
describedare noisy phonemestringsthat are differentfrom pho-
netic transcriptionsof text. In this context, the goal of phonetic
stringmatchingis to identify sequencethatmight be differentac-
tual strings,but have similar pronunciations.

To align phoneticsequencesye rst needa metricfor measwr
ing distancebetweemphonemesWe represena phonemey a 15-
dimensionabinary vectorin which every entry standgor a single
articulatoryfeaturecalled a distinctive feature. Thosedistinctive
featuresareindispensablattributesof aphonemehatarerequired
to differentiateonephonemedrom anotheiin English.We compute
the distancebetweentwo individual phonemesas the Hamming
distance.Basedon this metric,a modi ed dynamicprogramming
algorithmis developedto compargwo phonemestringsby measur
ing their similarity. A similarity scoringschemeassigndarge pos-
itive scoredo pairsof matchingsegmentsJarge negative scorego
pairsof dissimilarsggments andsmallnegative scoreso theoper
ationsof insertionanddeletionto corvert onesequencéo another
The optimal alignmentis the onethat maximizesthe accumulated
score.

2.5 Word-lik e Unit Spotting

Figure6 illustratesour approachto spottingword-like unitsin
which the centralideais to utilize non-speectcontetual infor-
mation to facilitate word spotting. The reasonwe usethe term
“word-like units” is that someactionsare verbally describedby
verbphrasege.g."line up”) but notsingleactionverbs.Theinputs
arephonemesequences( ) and possiblemeaningof
words (objectsand actions)extractedfrom non-speeclperceptual
inputs. Thosephonemautterancesrecateyorizedinto severalbins
basedon their possibleassociatedneanings. For eachmeaning,
we nd the correspondingphonemesequencesitteredin tempo-
ral proximity, andthencateyorize theminto the samebin labeled
by that meaning. For instance, and aretemporallycorre-
lated with the action“stapling”, sothey are groupedin the same
bin labeledby the action “stapling”. We needto point out here
that,sinceoneutterancecouldbetemporallycorrelatedvith multi-
ple meaninggiroundedn differentmodalities,it is possiblethatan
utterances selectedandclassi ed in differentbins. For example,
the utterance'stapling a few sheetsf paper”is producedvhena
userperformsthe actionof “stapling” andlookstoward the object
“paper”. In this case the utterancas putinto two bins: onecorre-
spondingto the object“paper” andthe otherlabeledby the action
“stapling”.

Next, basedon the methoddescribedin Subsectiorn?2.4.2, we
computethesimilarsubstringbetweerary two phonemeequences
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Figure 6. Word-lik e unit segmentation Spoken utterances
are categorized into several bins that correspond to tempo-
rally co-occurring actions and attentional objects. Then we
compare any pair of spoken utterances in each binto nd the
similar subsequences that are treated as word-like units.

in eachbin to obtainword-like units. Figure7 shavs anexampleof
extractingword-like unitsfrom theutterance and thatarein
thebin of theaction“folding”. In thisway, we spotall theword-like
unitsin eachspolenutterancevhichwill beusedto associatevith
their possiblegroundedmeaningsto build lexical items. Among
thosespottedwords, someof them have groundedmeaningsbut
othersarenot.

U2: | am going to fold the paper

————-v _________

ehmhhgclgowmngmtuhfowldthhhpdlpeyper

// \-1 “%\\X—-'
—————— ﬁ I_________-'

U4: folding the paper like this

Figure 7. An exampleof word-lik e unit spotting. The similar
substrings of two sequences are /f ow | d/ (fold), /f | ow dcl d/
(fold), /pcl p ey p er/ (paper) and /pcl p ay p hh er/ (paper).

2.6 Grounding Spoken Words

In the nal step,the co-occurrencef multimodal dataselects
meaningfulsemanticshatassociatespolenwordswith visualrep-
resentation®f objectsandbody movementgshavn in Figure 8).
We take a novel view of this problemas being analogougo the
word alignmentproblemin machinetranslation.For that problem,
giventexts in two languagege.g. EnglishandFrench),computa-
tional linguistic techniqueganestimatehe probabilitythatan En-
glish word will be translatednto ary particularFrenchword and
thenalign the wordsin an English sentencewith the wordsin its
Frenchtranslation. Similarly, for our problem,if differentmean-
ingscanbelooked aselementof a“meaninglanguage” associat-
ing meaningwith objecthamesandactionverbscanbeviewedas
the problemof identifying word correspondencdsetweerEnglish
and“meaninglanguage”In light of this,atechniquérom machine
translationcanaddresshis problem.The probability of eachword
is expressedas a mixture model that consistsof the conditional
probabilitiesof eachword givenits possiblemeaningsin thisway;
an Expectation-MaximizatioEM) algorithmcan nd thereliable
associationsf spolenwordsandtheirgroundedneaningshatwill
maximizethe probabilities.

phoneme

strings stel hhplinng

peyperr

eh m hh gclguwn)ng Howdcld |eh; cl p
mluhfowld veh;pcl sg:t?r"zrl";hh ayphher 1(ay,kg\k
peyper// L thix \

/

stapling  paper paper  folding

meanings

stapling  paper paper folding

Figure 8. Word learning. The word-like units in each spoken
utterance and co-occurring meanings are temporally associ-
ated to build possible lexical items.

The generalsettingis asfollows: supposewe have a word set

andameaningset ,
is the numberof word-like unitsand  is the number
be the numberof spo-

where
of perceptuallygroundedmeanings.Let

ken utteranceand all dataarein a set

, Whereeachspolen utterance consistsof words
,and canbeselectedrom1to . Sim-

ilarly, thecorrespondingontextual information include pos-
sible meanings and the value of is
from1lto . We assumehatevery word canbe associated
with ameaning . Givena dataset , we wantto maximize
the likelihood of generatinghe “meaning” corpusgiven English
descriptions:

(4)

We usethe model similar to that of Brown et al. [4]. The joint
likelihoodof meaningsandanalignmentgivenspolen utterances:

(®)

wherethe alignment cantaken ary valuefrom
0to which indicateswhich word is alignedwith meaning.
is the associatiorprobability for a word-meaning
pairand is asmallconstant.
We wishto nd theassociatiorprobabilitiesso asto maximize

subjectto the constraintghatfor eachword

(6)
Therefore we introduceLagrangemultipliers  andseekanun-
constrainednaximization:

)

Wethencomputederivativesof theabove objective functionwith
respectothemultipliers  andtheunknavn parameters
andsetthemto be zeros.As aresult,we canexpress:

®)

)



where

(10)

The EM-basedalgorithmsetsaninitial tobe at dis-
tribution andperformsthe E-stepandthe M-stepsuccessiely un-
til convergence.In E-step,we compute by
Equation(10). In M-step,we reestimateéboth the Lagrangemulti-
pliersandtheassociatioprobabilitiesusingEquation(8) and(9).

Whenthe associatiorprobabilitiescorverge, we obtaina setof

andneedto selectcorrectlexical itemsfrom mary pos-
sible word-meaningassociationsComparedvith thetraining cor
pusin machindranslationpurexperimentablatais sparseandcon-
sequentlycausessomewordsto have inappropriatelyhigh proba-
bilities to associatehe meaningsThis is becauseéhosewordsoc-
curvery infrequentlyandarein afew speci ¢ contexts. We there-
fore usetwo constraintgor selection.First, only wordsthatoccur
morethana pre-de nedtimesareconsidered Moreover, for each
meaning , the systemselectsall the wordswith the probabil-
ity greaterthan a pre-de nedthreshold. In this way,
one meaningcan be associatedvith multiple words. This is be-
causepeoplemay usedifferentnamesto referto the sameobject
andthespolenform of anactionverbcanbeexpressedifferently
For instance the phonemestringsof both “staple” and “stapling”
correspondo the actionof stapling. In this way, the systemis de-
velopedto learnall the spolen wordsthat have high probabilities
in associatiorwith ameaning.

3. EXPERIMENTS AND RESULTS

A Polhemus3D tracker wasutilized to acquire6-DOF handand
headpositionsat . The performerwore a head-mounteaye
tracker from Applied Sciencd_aboratories(ASL)Theheadbanaf
the ASL held a miniature “scene-camerato the left of the per
former's headthat provided the video of the scenefrom a rst-
personperspectie. The video signalswere sampledat the reso-
lution of 320 columnsby 240 rows of pixels at the frequeng of

. Thegazepositionson theimageplanewerereportedat the
frequeny of . Beforecomputingfeaturevectorsfor HMMs,
all position signalspassedhrougha 6th order Butterworth Iter
with cut-off frequeny of . Theacousticsignalswererecorded
using a headsemmicrophoneat a rate of 16 kHz with 16-bit res-
olution. In this study we limited useractvities to thoseon a ta-
ble. Threeactiities thatusersperformedwere: “stapling a letter”,
“pouring water” and“unscraving ajar”. Figure9 shaws snapshots
capturedrom the head-mountedameravhena subjectperformed
threetasks.Six subjectgarticipatedn the experiment.They were
asledto performeachtaskninetimes. We collectedmultisensory
datawhenthey performedthe task, which were usedastraining
datafor our computationabystem.

The actionsequence the experimentsconsistof severalmo-
tion types: “pick up”, “line up”, “staple”, “fold”, “place”, “un-
scrav” and“pour”. The objectsthatarereferredto by speectare:
“cup”, “jar”, “waterpot”and“paper”. For the evaluationpurpose,
we manuallyannotatedspeechdataand calculatethe frequencies
of words. We have collectedapproximately960 spolen utterances
andon average a spolen utterancecontainsé words, which illus-
tratesthe necessityof word seggmentationfrom connectedspeech.
Among all thesewords, approximately12% of them are action
verbs and object namesthat we want to spot and associatewith

their groundedmeanings.Thesestatisticsfurther demonstratéhe
dif culty of learninglexical itemsfrom naturallyco-occurringdata.
Theseannotationsvereonly usedfor the evaluationpurpose.

Figure 9. The snapshots of three continuous action se-
qguences in our experiments. Top row: pouring water. Middle
row: stapling a letter. Bottom row: unscrewing a jar.

To evaluateexperimentalresults,we de ne the following four
measures:(1) Semantic accuracy measureghe recognitionac-
curay of processingion-linguisticinformation,which consistsof
recognizingboth humanactionsandvisual attentionalobjects.(2)
Speechsegmentationaccuracy measuresvhetherthe beginning
andthe endof phonemestringsof word-like unitsarecorrectword
boundaries.For example,the string/k ah p/ is a positive instance
that correspondgo the word “cup” while the string/k uh p i/ is
negative. The phraseswith correctboundariesare alsotreatedas
positioninstancedbecause¢hosephraseslo not breakword bound-
ariesbut only combinesomewordstogether (3) Word learning
accuracy(precision) measurethepercentagef successfullsey-
mentedwords that are correctly associatedvith their meanings.
(4) Lexical spotting accuracy (recall) measureshe percentagef
word-meaningpairsthatare spottedby the computationakystem.
This measurerovidesa quantitive indicationaboutthe percentage
of groundedexical itemsthatcanbe successfullyffound.

Table 1 shaws the resultsof four measures.The recognition
rateof thephonemeecognizemwe usedis 75%becausét doesnot
encodeary languagemodel and word model. Basedon this re-
sult, the overall accurag of speectsggmentations 69.6%. Natu-
rally, animproved phonemeaecognizebasedn alanguagenodel
would improve the overall results,but the intent hereis to study
the model-independeriearningmethod. The errorin word learn-
ing is mainly causedy afew words(suchas”several” and“here”)
that frequentlyoccurin somecontets but do not have grounded
meaningsTheoverallaccurag of lexical spottingis , which
demonstratethatby inferring spealers' referentialintents the sta-
ble links betweennvordsandmeaningsouldbe easilyspottedand
established Consideringhatthe systemprocessesaturalspeech
andour methodworksin unsupervisednodewithoutmanuallyen-
codingary linguistic information, the accuraciedor both speech
segmentatiorandword learningareimpressie.

4. CONCLUSION

This papemresent& multimodallearninginterfacefor word ac-
quisition. The systemis ableto learnthe soundpatternsof words
and their semanticawhile usersperform everydaytasksand pro-
vide spolendescriptionsof their behaiors. Comparedo previous
works, the novelty of our approacharisesfrom the following as-
pects. First, our systemsharesusercentricmultisensoryinforma-
tion with a real agentand groundssemanticdirectly from ego-
centric experiencewithout manualtranscriptionsand humanin-
volvement. Second both words and their perceptuallygrounded
meaningsreacquiredrom sensorynputs. Furthermoregrounded
meaningsare representedy perceptualfeaturesbut not abstract



Table 1. Results of word acquisition

sound semantics speech word lexical

patternexamples segmentation| learning | spotting
pickup | /pihkclkuhp/ 96.5% 72.5% 87.5% | 72.6%
place Ipleyz/ 93.9% 66.9% 81.2% | 69.2%
lineup | /laynaxp/ 75.6% 70.3% 86.6% | 83.5%
staple /steypclp/ 86.9% 70.6% 85.3% | 90.6%
fold [fowld/ 86.3% 69.8% 89.2% | 87.7%
unscrev | /axnskclkruw/ | 90.6% 73.8% 91.6% | 80.6%
pour /pawr/ 86.7% 65.3% 91.9% | 85.5%
paper /pclpey paxr/ 96.7% 73.9% 86.6% | 82.1%
jar [jaar/ 91.3% 62.9% 92.1% | 76.6%
cup /kahp/ 92.9% 68.3% 87.3% | 76.9%
waterpot| /w axtaxrpuxt/ 87.5% 71.9% 85.6% | 82.3%
overall 90.2% 69.6% 87.9% | 82.6%

symbols,which provides a sensorimotombasisfor machinesand
peopleto communicatevith eachotherthroughlanguage.From
theperspectie of machindearning,we arguethatthesolelystatis-
tical learningof co-occurringdatais lesslik ely to explain thewhole
story of languageacquisition. The inferenceof speakr's referen-
tial intentionsfrom their body movementsprovides constraintso

avoid the large amountof irrelevant computationsand can be di-

rectly appliedasdeictic referenceo associatevordswith percep-
tually groundedeferentsn thephysicalervironment.Fromanen-
gineeringperspectie, our systemdemonstratea new approacho

developinghuman-computeinterfacesjn which computerseam-
lesslyintegratein our everydaylivesandareableto learnlexical

itemsby sharingusercentricmultisensoryinformation.
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