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ABSTRACT
Most speechinterfacesarebasedon naturallanguageprocessing
techniquesthat usepre-de�nedsymbolic representationsof word
meaningsandprocessonly linguistic information. To understand
anduselanguageliketheirhumancounterpartsin multimodalhuman-
computerinteraction,computersneedto acquirespoken language
andmapit to othersensoryperceptions.Thispaperpresentsamul-
timodalinterfacethatlearnsto associatespokenlanguagewith per-
ceptualfeaturesby beingsituatedin users'everydayenvironments
andsharinguser-centricmultisensoryinformation.Thelearningin-
terfaceis trainedin unsupervisedmodein whichusersperformev-
erydaytaskswhile providing naturallanguagedescriptionsof their
behaviors. Wecollectacousticsignalsin concertwith multisensory
informationfrom non-speechmodalities,suchasuser'sperspective
video, gazepositions,headdirectionsandhandmovements.The
system�rstly estimatesusers'focusof attentionfrom eyeandhead
cues.Attention,asrepresentedby gaze�xation, is usedfor spotting
thetargetobjectof userinterest.Attentionswitchesarecalculated
and usedto segmentan action sequenceinto action units which
arethencategorizedby mixturehiddenMarkov models.A multi-
modallearningalgorithmis developedto spotwordsfrom contin-
uousspeechandthenassociatethemwith perceptuallygrounded
meaningsextractedfrom visualperceptionandaction. Successful
learninghasbeendemonstratedin theexperimentsof threenatural
tasks:“unscrewing a jar”, “staplinga letter” and“pouringwater”.

Categoriesand SubjectDescriptors
I.2.6 [Arti�cial Intelligence]: Learning—Language acquisition;
I.2.0[Arti�cial Intelligence]: General—Cognitivesimulation; H.5.2
[Inf ormation interfaces and representation]: UserInterfaces—
Theoryandmethods

GeneralTerms
Languages,HumanFactors
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LanguageAcquisition,MachineLearning,Multimodal Integration
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1. INTRODUCTION
The next generationof computersis expectedto interact and

communicatewith usersin acooperative andnaturalmannerwhen
usersengagein everydayactivities. By being situatedin users'
environments,intelligent computersshouldhave basicperceptual
abilities,suchasunderstandingwhatpeoplearetalkingabout(speech
recognition),what they are looking at (visual object recognition)
andwhat they aredoing (actionrecognition). Furthermore,simi-
lar to humancounterparts,computersshouldacquireandthenuse
theknowledgeof associationsbetweendifferentperceptualinputs.
For instance,spokenwordsof objectnames(sensedfrom auditory
perception)arenaturallycorrelatedwith visualappearancesof the
correspondingobjectsobtainedfrom visualperception.Oncema-
chineshave that knowledgeand thoseabilities, they candemon-
stratemany human-like behaviors andperformmany helpful acts.
In the scenarioof makinga peanut-butter sandwich,for example,
whena userasksfor a pieceof breadverbally, a computercanun-
derstandthat the spoken utteranceof “bread” refersto some�at
squarepiecein thevisualscene.Therefore,with anactuatorsuch
asa robotic arm, the machinecan �rst locatethe positionof the
bread,thengraspanddeliver it to the user. In anothercontext, a
computermaydetecttheuser's attentionandnoticethat theatten-
tionalobjectis a peanutbutterjar, it canthenuttertheobjectname
andprovide informationrelatedto peanutbutterby speech,suchas
asetof recipesor nutritionalvalues.In athird example,acomputer
maybeableto recognizewhat theuseris doingandlinguistically
describewhatit sees.Theability to generateverbaldescriptionsof
user's behaviors canbea precursorto makingcomputerscommu-
nicatewith usersnaturally. In this way, computerswill seamlessly
integrateinto our everydaylivesandwork asintelligentobservers
andhuman-like assistants.

To progresstowardthegoalof anthropomorphicinterfaces,com-
putersneedto not only recognizesoundpatternsof spoken words
but alsoassociatethemwith theirperceptuallygroundedmeanings.
Two research�elds arecloselyrelatedto this topic: speechrecog-
nition andmultimodalhuman-computerinterfaces.Unfortunately,
bothof themonly addresssomepartsof theproblem.They do not
provide a solutionto thewholeissue.

Most existing speechrecognitionsystemscan not achieve the
goal becausethey rely on purely acoustics-basedstatisticalmod-
els, suchashiddenMarkov models[13] andhybrid connectionist
models[9]. Thesesystemshave two inherentdisadvantages.First,
they requirea training phasein which large amountsof spoken
utterancespairedwith manuallylabeledtranscriptionsareneeded
to train the model parameters.This training procedureis time-
consumingandneedshumanexpertiseto label spoken data. Sec-
ond,thesesystemstransformacousticsignalsto symbolicrepresen-



tations(texts) without regardto theirgroundedmeanings.Humans
needto interpretthemeaningsof thesesymbolsbasedon our own
knowledge. For instance,a speechrecognitionsystemcan map
thesoundpattern“jar” to thestring“jar”, but it doesnot know its
meaning.

In multimodalhuman-computerinterfacestudies,researchersmainly
focuson the designof multimodalsystemswith performancead-
vantagesover unimodalonesin the context of different typesof
human-computerinteraction[12]. Thetechnicalissuehereismulti-
modalintegration– how to integratesignalsin differentmodalities.
Generally, multimodalsystemsusingsemanticfusionincludeindi-
vidual recognizersanda sequentialintegrationprocess.Thesein-
dividual recognizerscanbetrainedusingunimodaldata,whichcan
thenbeintegrateddirectlywithout re-training.However, mostsys-
temsdo not have learningability in thesensethatdevelopersneed
to encodeknowledgeinto somesymbolicrepresentationsor prob-
abilistic modelsduring the training phase.Oncethe systemsare
trained,they arenot ableto automaticallygain additionalknowl-
edgeeven thoughthey aresituatedin surroundingphysicalenvi-
ronmentsandcanobtainmultisensoryinformation.

To overcometheabove shortcomings,a few recentstudiespro-
posedseveral unsupervisedmethodsfor learningwordsfrom lin-
guistic and contextual inputs [18, 15]. Among them, the work
of Roy [15] is particularly relevant to our work. He proposeda
computationalmodelof infantlanguageacquisition,whichutilizes
temporalcorrelationof speechandvisionto associatespokenutter-
anceswith acorrespondingobject'svisualfeatures.Themodelhas
beenimplementedto processa corpusof audio-visualdatafrom
infant-caregiver interactions.Our work differs from his in thatwe
focus on building a multimodal learninginterfacethat is able to
acquirea lexicon from naturallyco-occurringmultisensoryinfor-
mationin everydayactivities.

This paperpresentsa multimodal learningsystemthat is able
to learnperceptuallygroundedmeaningsof wordsfrom user's ev-
erydayactivities. The only requirementis that usersneedto de-
scribetheir behaviors verballywhile performingthoseday-to-day
tasks. Sinceno manuallylabeleddatais involved in the learning
procedure,the rangeof problemswe needto addressin this kind
of word learningis substantial.To make concreteprogress,this
paperfocusesonhow to associatevisualrepresentationsof objects
with their spokennamesandmapbodymovementsto actionverbs.
Our work suggestsa new trendin developinghuman-computerin-
terfacesthat can automaticallylearnspoken languageby sharing
user-centricmultisensoryinformation. This advent representsthe
beginningof a progressiontowardcomputationalsystemscapable
of human-like sensoryperception.

2. A MULTIMOD AL LEARNING INTERFACE
We believe that thelimits of existing systemslie in the fact that

sensoryperceptionandlanguageacquisitionof machinesarequite
different from thoseof humancounterparts.Humanslearn lan-
guagebasedonoursensorimotorexperienceswith thephysicalen-
vironment. We learn words by sensingthe environmentthrough
ourperceptualsystemsandassociatingspokenlanguagewith other
sensoryperceptions.In light of humanlanguageacquisition,we
are developing a multimodal learningsystemthat can also learn
meaningfulsemanticrepresentationsgroundedin thephysicalen-
vironmentaroundus.

To ground language,the computationalsystemneedsto have
sensorimotorexperiencesby interactingwith the physicalworld.
Our solution is to attachdifferent kinds of sensorsto a real per-
sonasshown in Figure1. Thosesensorsincludea head-mounted
CCD camerato capturea �rst-personpoint of view, a microphone

to senseacousticsignals,aneye tracker to track thecourseof eye
movementsthat indicatesthe agent's attention,andpositionsen-
sorsattachedto the headandhandsof the agentto simulatepro-
prioceptionin thesenseof motion. Thefunctionsof thosesensors
aresimilar to humansensorysystemsandthey allow theintelligent
systemto collectuser-centricmultisensorydatato simulatethede-
velopmentof human-like perceptualcapabilities. In the learning
phase,therealagentperformssomeeverydaytasks,suchasmaking
asandwich,pouringsomedrinksor staplinga letter, while describ-
ing his/heractionsverbally. We collect acousticsignalsin con-
cert with user-centric multisensoryinformation from non-speech
modalities,suchasuser's perspective video, gazepositions,head
directionsandhandmovements.A multimodallearningalgorithm
is developedthat �rstly spotswords from continuousspeechand
then builds the groundedsemanticsby associatingobject names
andactionverbswith visualperceptionandbodymovements.The
central idea is to make useof user's focus of attentionto �rstly
infer his/herreferentialintentionsin speechandthenbuild word-
meaningassociations.Thesystemconsistsof several components
asfollows:

� Attention detection�nds whereandwhenauserlooksbased
ongazeandheadmovements.

� Attentional object spotting and action categorizationex-
tract groundedmeaningsof words encodedin non-speech
contextual information, suchas attentionalobjectsand in-
tentionalactions.

� Speechsegmentationandword spottingdiscoverthesound
patternsthatcorrespondto words.

� Multimodal integration associatesspoken wordswith per-
ceptualfeatures.

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 gazeandheaddirection

to detecta performer's focus of attention. Attention, as repre-
sentedby eye �xation, is usedfor spottingthetargetobjectof user
interest. Attention switchesare calculatedand usedto segment
the action sequenceinto action units. We developeda velocity-
basedmethodto model eye movementsusing a Hidden Markov
Model(HMM) representationthathasbeenwidely usedin speech
recognitionwith greatsuccess[13]. A hiddenMarkov modelcon-
sistsof a setof
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given protocol. Our approachis different from his in two ways.
First, we usetraining datato estimatethe transitionprobabilities
insteadof settingpre-determinedvalues. Second,we notice that
headmovementsprovidevaluablecuesto modelfocusof attention.
This is becausewhenuserslook towardanobject,they alwaysori-
ent their headstoward the object of interestso as to make it in
the centerof their visual �elds. As a result of the above analy-
sis, headpositionsareintegratedwith eye positionsasthe obser-
vationsof HMMs. Figure 2 shows a 4-stateHMM usedin our
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Figure 2. The HMM of eye and headmovements. 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 observationsof HMM are2-
dimensionalvectorsconsistingof themagnitudesof thevelocities
of headrotationsin threedimensionsand the magnitudesof ve-
locities of eye movements.We modelthe probabilitydensitiesof
the observationsusinga two-dimensionalGaussian.Theparame-
tersof HMM neededto beestimatedcomprisetheobservationand
transitionprobabilities. The estimationproblemconcernshow to
adjustthe model � to maximize -

%(' 1
�

, given an observation
sequence' of eye andheadmotions.We caninitialize themodel
with �at probabilities,thentheforward-backwardalgorithmallows
usto train themodelparametersusingtrainingdata(see[13]). Fig-
ure 3 illustratesthestatetransitionsof HMM giveneye andhead
motions.Amongthosefour states,dwell and�xation representat-
tentionalstatesin whichuserslook towardtheobjectsin thevisual
scene.
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Figure 3. Eye and head movement analysis. 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 integratingvisual informationwith eye gazedata.For eachat-
tentionalpoint in time,theobjectof userinterestis discoveredfrom

the snapshotof the scene. Multiple visual featuresare then ex-
tractedfrom thevisualappearanceof theobjectwhichareusedfor
objectcategorization.

2.2.1 ObjectSpotting
Attentionalobjectspottingconsistsof two steps.First, thesnap-

shotsof the scenearesegmentedinto blobs using ratio-cut [21].
Theresultof imagesegmentationis illustratedin Figure 5(b) and
only blobslarger thana thresholdareused.Next, we groupthose
blobs into several semanticobjects. Our approachstartswith the
original image,usesgazepositionsasseedsandrepeatlymerges
themostsimilar regionsto form new groupsuntil all theblobsare
labeled.Eyegazein eachattentionaltime is thenutilized asa cue
to extracttheobjectof userinterestfrom all thedetectedobjects.

We usecolor asthesimilarity featurefor merging regions. ���
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colorspaceis adoptedto overcomeundesirableeffectscaused
by variedlighting conditionsandachievemorerobustillumination-
invariantsegmentation.��� ���
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color consistsof a luminanceor
lightnesscomponent(L*) andtwo chromaticcomponents:the a*
component(from greento red)andtheb* component(from blueto
yellow). To thiseffect,wecomputein the ��� ���

$

colorspacethe
similarity distancebetweentwo blobs andemploy the histogram
intersectionmethodproposedby [20]. If �
	 and �
� denotethe
colorhistogramsof two regions � and � , theirhistogramintersec-
tion is de�ned as:
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wheren is thenumberof bin in colorhistogram,and ���
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�!� ! . Two neighboringregionsaremergedinto a new region if the
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, and �!� ! . While thissimilarity measureis fairly simple,it is re-

markablyeffective in determiningcolorsimilarity betweenregions
of multi-coloredobjects.

Theapproachof merging blobsis basedon a setof regionsse-
lectedby auser'sgaze�xations, termedseedregions.Westartwith
a numberof seedregions � 	��
� �������������

� , in which n is thenumber
of regionsthat theuserwas�xating on. Giventhoseseedregions,
themergingprocessthen�nds a groupingof theblobsinto seman-
tic objectswith theconstraintthattheregionsof visualobjectsare
chosento beashomogeneousaspossible.Theprocessevolvesin-
ductively from theseedregions.Eachstepinvolvestheadditionof
oneblob to oneof the seedregionsandthe merging of neighbor
regionsbasedon their similarities.

In theimplementation,we make useof a sequentiallysortedlist
(SSL) [1] that is a linked list of blobsorderedaccordingto some
attribute. In eachstepof our method,we considertheblob at the
beginningof thelist. Whenaddinga new blob to thelist, we place
it accordingto its value of the orderingattribute so that the list
is always sortedbasedon the attribute. Let
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all theregions
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attributeof region � is thende�ned as
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, . Themergingpro-
cedureis illustratedin Figure4. Figure5 shows how thesesteps
arecombinedto getanattentionalobject.

2.2.2 ObjectRepresentationandCategorization
Thevisual representationof theextractedobjectcontainscolor,

shapeand texture features. Basedon the works of [10, 17, 20],



Algorithm : objectsegmentationbasedon gaze�xations
Initialization:

Computethecolor histogramof eachregion.
Labelseedregionsaccordingto thepositionsof gaze�xations.
Mergeseedregionsthatareneighborsto eachotherandare
closewith respectto their similarity.
Putneighboringregionsof seedregionsin theSSL.

Merging:
WhiletheSSLis notempty

Remove thetop region � from SSL.
Comparethesimilarity between� andall theregionsin

�

% � , and�nd theclosestseedregion � .
Mergetheregions � and � andcomputethecolorhistogram
of new region �/������� .
Testeachneighboringregion � � of � :

If � � is labeledasa seedregion
Mergetheregion with � if they aresimilar.

Otherwise
Add theregion to theSSLaccordingto its colorsimilarity
with � ,
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Figure 4. The algorithm for merging blobs

(a) (b) (c)

Figure 5. Left: The snapshot image 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 constructthevisualfeaturesof objectswhich arelargein num-
ber, invariantto differentviewpoints,anddrivenby multiplevisual
cues. Speci�cally, 64-dimensionalcolor featuresareextractedby
a color indexing method[20], and48-dimensionalshapefeatures
arerepresentedby calculatinghistogramsof local shapeproperties
[17]. The Gabor�lters with threescalesand� ve orientationsare
appliedto thesegmentedimage.It is assumedthatthelocal texture
regionsarespatiallyhomogeneous,andthemeanandthestandard
deviation of the magnitudeof the transformcoef�cients areused
to representan object in a 48-dimensionaltexture featurevector.
Thefeaturerepresentationsconsistingof a total of 160dimensions
areformedby combiningcolor, shapeandtexture features,which
provide fundamentaladvantagesfor fast,inexpensive recognition.
Most patternrecognitionalgorithms,however, do not work ef�-
ciently in higherdimensionalspacesbecauseof the inherentspar-
sity of the data. This problemhasbeentraditionally referredto
as the dimensionalitycurse. In our system,we reducedthe 160-
dimensionalfeaturevectorsinto the vectorsof dimensionality30
by principle componentanalysis(PCA) [2], which representsthe
datain a lower dimensionalsubspaceby pruningaway thosedi-
mensionswith the leastvariance. Next, sincethe featurevectors
extractedfrom visualappearancesof attentionalobjectsdo not oc-
cupy a discretespace,we vectorquantizetheminto clustersby ap-
plying a hierarchicalagglomerative clusteringalgorithm. Finally,
we selecta prototypeto representperceptualfeaturesof eachclus-
ter.

2.3 Action Segmentationand Recognition
Recentresultsin visualpsychophysics[8, 7] indicatethatin nat-

ural circumstances,the eye, the head,andhandsare in continual
motionin thecontext of ongoingbehavior. This requiresthecoor-
dinationof thesemovementsin bothtimeandspace.In light of this,
our hypothesisis thateye andheadmovements,asanintegral part
of the motor programof humans,provide importantinformation
for actionrecognitionin humanactivities. We testthis hypothesis
by developinga methodthat segmentsactionsequencesbasedon
thedynamicpropertiesof eye gazeandheaddirection,andapplies
DynamicTime Warping(DTW) andHMM to clustertemporalse-
quencesof humanmotion.

2.3.1 ActionSegmentation
Thesegmentationof acontinuousactionstreaminto actionprim-

itivesis the�rst steptowardunderstandinghumanbehaviors. With
the ability to track the courseof gazeand headmovements,our
approachusesgazeandheadcuesto detectagent-centeredatten-
tion switchesthat can then be utilized to segmenthumanaction
sequences.

In ourexperiments,wenoticethatactionscanoccurin two situa-
tions:duringeye �xations andduringhead�xations. For example,
in a “picking up” action,theperformerfocuseson the object�rst
thenthemotor systemmovesthehandto approachit. During the
procedureof approachingandgrasping,theheadmovestowardthe
object as the result of the upperbody movements,but eye gaze
remainsstationaryon the targetobject. The secondcaseincludes
suchactionsas“pouringwater” in whichthehead�xates ontheob-
jectinvolvedin theaction.Duringthehead�xation, eye-movement
recordingsshow that therecanbe a numberof eye �xations. For
example,whenthe performeris pouringwater, he spends5 �xa-
tionson thedifferentpartsof thecupand1 look-ahead�xation to
the location wherehe will placethe water pot after pouring. In
this situation,thehead�xation is a bettercuethaneye �xation to
segmenttheactions.In eithercase,thereis almostalwaysaniden-
ti�able saccadethat switchesattentionfrom oneplaceto another.
Basedon theabove analysis,the timesof actionboundaryareex-
tractedby �nding any of dwells, �xations andapproachingsthat
follow a saccade.Handmotionsaresegmentedinto severalaction
primitivesbasedon thosetimes.Detailedtechnicaldescriptionsof
actionsegmentationcanbefoundin [22].

2.3.2 ActionCategorization
We collect the raw position %��

���#���
, and the rotation %
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dataof eachactionunit from which featurevectorsareextracted
for recognition.We want to recognizethetypesof motionnot the
accuratetrajectoryof thehandbecausethesameactionperformed
by different peoplevaries. Even in different instancesof a sim-
pleactionof “picking up” performedby thesameperson,thehand
goesroughly in a different trajectory. This indicatesthat we can
not directly usethe raw positiondatato be the featuresof theac-
tions. As pointedout by Campbellet al. [5], featuresdesigned
to be invariantto shift androtationperformbetterin thepresence
of shifted and rotatedinput. The featurevectorsshouldbe cho-
sensothatlargechangesin theactiontrajectoryproducerelatively
small excursionsin the featurespace,while the differenttypesof
motion producerelatively large excursions. In the context of our
experiment,we calculatedthreeelementfeaturevectorsconsisting
of thehand's velocity on the tableplane( �

�

�

�

�
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� ), theveloc-
ity in the z-axis,andthe velocity of rotation in the 3 dimensions
( �
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Let � denotea handmotiontrajectorythatis a multivariatetime

seriesspanningn time stepssuchthat � � ����

1 / 1 *�1
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is a vectorof valuescontainingoneelementfor the valueof each
of the componentunivariatetime seriesat time * . Given a setof



�

multivariatetime seriesof handmotion, we want to obtain in
an unsupervisedmannera partition of thesetime seriesinto sub-
setssuchthat eachclustercorrespondsto a qualitatively different
regime. Our clusteringapproachis basedon the combinationof
HMM (describedbrie�y in Section 2.1)andDynamicTimeWarp-
ing [11]. Giventwo timeseries� 	 and � � , DTW �nds thewarping
of the time dimensionin � 	 , which minimizesthe differencebe-
tweentwo series.

Wemodeltheprobabilityof individualobservation(atimeseries
S) asgeneratedby a �nite mixturemodelof � componentHMMs
[19]:
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where 	 %��
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, is the prior probability of � th HMM and 	
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,

is the generative probability given the � th HMM with its transi-
tion matrix, observationdensityparameters,andinitial stateprob-
abilities. 	
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% � 1 �
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, can be computedvia the forward part of the
forward-backward procedure.Assumethat thenumberof clusters

� is known, thealgorithmfor clusteringsequencesinto � groups
canbedescribedin termsof threesteps:

� given
�

time series,constructa completepairwisedistance
matrix by invoking DTW

�

%

�	�

/�,�

� times. Usethedis-
tancematrix to clusterthesequencesinto � groupsby em-
ploying ahierarchicalagglomerativeclusteringalgorithm[6].

� �t oneHMM for eachindividual groupandtrain theparam-
etersof theHMM. 	

%��
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, is initialized to �
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� where �

�

is thenumberof sequenceswhichbelongto cluster � .
� iteratively reestimatethe parametersof all the � HMMs in

theBaum-welchfashionusingall of thesequences[13]. The
weightthatasequence� hasin thereestimationof � th HMM
is proportionalto the log-likelihood probability of the se-
quencegiventhatmodel ��� ( 	

�

%
�

1 �

�

, . Thus,sequenceswith
biggergenerativeprobabilitiesfor aHMM havegreaterin�u-
encein reestimatingtheparametersof thatHMM.

Theintuition of theprocedureis asfollows: sincetheBaum-Welch
algorithmis hill-climbing the likelihoodsurface,the initial condi-
tions critically in�uence the �nal results. Therefore,DTW-based
clusteringis usedto geta betterestimateof the initial parameters
of HMMs sothattheBaum-Welchprocedurewill notconvergeto a
local maximumonly. In thereestimation,sequencesthataremore
likely generatedby a speci�c modelcausethe parametersof that
HMM to changein sucha way that it further �ts for modelinga
speci�c groupof sequences.

2.4 SpeechProcessing
We brie�y describeour methodsof phonemerecognitionand

phonemestringcomparisonin thissubsection,whichprovideaba-
sis for word-meaningassociation.Furtherinformationcanbeob-
tainedfrom [3].

2.4.1 PhonemeRecognition
We have implementedan endpointdetectionalgorithm to seg-

ment the speechstreaminto several spoken utterances.Thenthe
speaker-independentphonemerecognitionsystemdevelopedbyRobin-
son [14] is employed to convert spoken utterancesinto phoneme
sequences.The methodis basedon RecurrentNeural Networks
(RNN) that perform the mappingfrom a sequenceof the acous-
tic featuresextractedfrom raw speechto a sequenceof phonemes.
The training dataof RNN are from the TIMIT database— pho-
netically transcribedAmericanEnglishspeech— which consists

of readsentencesspoken by 630 speakers from eight dialect re-
gionsof the United States. To train the networks, eachsentence
is presentedto therecurrentback-propagationprocedure.Thetar-
get outputsare set using the phonemetranscriptionsprovided in
theTIMIT database.Oncetrained,a dynamicprogrammingmatch
is madeto �nd themostprobablephonemesequenceof a spoken
utterance,for example,theboxeslabeled“phonemestrings”in Fig-
ure6.

2.4.2 ComparingPhonemeSequences
Thecomparisonof phonemesequenceshastwo purposes:oneis

to �nd thelongestsimilarsubstringsof two phoneticsequencesand
theotheris to spota shortstring (a pattern)from a long sequence
of spoken utterance.In both cases,analgorithmof thealignment
of phonemesequencesis anecessarystep.Givenraw speechinput,
thespeci�c requirementhereis to copewith theacousticvariability
of spoken wordsin differentcontexts andby varioustalkers. Due
to this variation,theoutputsof thephonemerecognizerpreviously
describedarenoisy phonemestringsthat aredifferent from pho-
netic transcriptionsof text. In this context, the goal of phonetic
stringmatchingis to identify sequencesthatmight bedifferentac-
tual strings,but have similar pronunciations.

To align phoneticsequences,we �rst needa metric for measur-
ing distancesbetweenphonemes.Werepresentaphonemeby a15-
dimensionalbinaryvectorin which every entrystandsfor a single
articulatoryfeaturecalleda distinctive feature. Thosedistinctive
featuresareindispensableattributesof aphonemethatarerequired
to differentiateonephonemefrom anotherin English.Wecompute
the distancebetweentwo individual phonemesas the Hamming
distance.Basedon this metric,a modi�ed dynamicprogramming
algorithmisdevelopedto comparetwo phonemestringsbymeasur-
ing their similarity. A similarity scoringschemeassignslargepos-
itive scoresto pairsof matchingsegments,largenegative scoresto
pairsof dissimilarsegments,andsmallnegative scoresto theoper-
ationsof insertionanddeletionto convert onesequenceto another.
Theoptimalalignmentis theonethatmaximizestheaccumulated
score.

2.5 Word­lik eUnit Spotting
Figure6 illustratesour approachto spottingword-like units in

which the central idea is to utilize non-speechcontextual infor-
mation to facilitate word spotting. The reasonwe usethe term
“word-like units” is that someactionsare verbally describedby
verbphrases(e.g.“line up”) but notsingleactionverbs.Theinputs
arephonemesequences(�

	
���

�
���

�
����� ) andpossiblemeaningsof

words(objectsandactions)extractedfrom non-speechperceptual
inputs.Thosephonemeutterancesarecategorizedinto severalbins
basedon their possibleassociatedmeanings.For eachmeaning,
we �nd the correspondingphonemesequencesutteredin tempo-
ral proximity, andthencategorizetheminto the samebin labeled
by that meaning. For instance,� 	 and � � are temporallycorre-
latedwith the action“stapling”, so they aregroupedin the same
bin labeledby the action “stapling”. We needto point out here
that,sinceoneutterancecouldbetemporallycorrelatedwith multi-
plemeaningsgroundedin differentmodalities,it is possiblethatan
utteranceis selectedandclassi�ed in differentbins. For example,
theutterance“stapling a few sheetsof paper”is producedwhena
userperformstheactionof “stapling” andlookstoward theobject
“paper”. In this case,theutteranceis put into two bins: onecorre-
spondingto theobject“paper” andtheotherlabeledby theaction
“stapling”.

Next, basedon the methoddescribedin Subsection2.4.2, we
computethesimilarsubstringsbetweenany two phonemesequences
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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 bin to �nd the
similar subsequences that are treated as word-like units.

in eachbin to obtainword-likeunits.Figure7 showsanexampleof
extractingword-like unitsfrom theutterance�

� and ��� thatarein
thebinof theaction“folding”. In thisway, wespotall theword-like
unitsin eachspokenutterancewhichwill beusedto associatewith
their possiblegroundedmeaningsto build lexical items. Among
thosespottedwords, someof them have groundedmeaningsbut
othersarenot.

eh m hh gcl g ow in ng m t uh f ow l d th hh pcl p ey p er


f l ow dcl d ih ng t eh pcl p ay p hh er ih l ay kcl k th ix


u
2
: I am going to fold the paper


u
4
: folding the paper like this


Figure 7. An exampleof word-lik e unit spotting. The similar
substrings of two sequences are /f ow l d/ (fold), /f l 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-occurrenceof multimodal dataselects

meaningfulsemanticsthatassociatespokenwordswith visualrep-
resentationsof objectsandbodymovements(shown in Figure 8).
We take a novel view of this problemas beinganalogousto the
word alignmentproblemin machinetranslation.For thatproblem,
given texts in two languages(e.g. EnglishandFrench),computa-
tional linguistic techniquescanestimatetheprobabilitythatanEn-
glish word will be translatedinto any particularFrenchword and
thenalign the wordsin an Englishsentencewith the wordsin its
Frenchtranslation.Similarly, for our problem,if differentmean-
ingscanbelookedaselementsof a “meaninglanguage”,associat-
ing meaningswith objectnamesandactionverbscanbeviewedas
theproblemof identifying word correspondencesbetweenEnglish
and“meaninglanguage”.In light of this,atechniquefrom machine
translationcanaddressthis problem.Theprobabilityof eachword
is expressedas a mixture model that consistsof the conditional
probabilitiesof eachwordgivenits possiblemeanings.In thisway,
anExpectation-Maximization(EM) algorithmcan�nd thereliable
associationsof spokenwordsandtheirgroundedmeaningsthatwill
maximizetheprobabilities.
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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 as follows: supposewe have a word set
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is the numberof word-like units and � is the number
of perceptuallygroundedmeanings.Let � be the numberof spo-
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� . Given a dataset � , we want to maximize
the likelihood of generatingthe “meaning” corpusgiven English
descriptions:
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We usethe model similar to that of Brown et al. [4]. The joint
likelihoodof meaningsandanalignmentgivenspokenutterances:
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, is the associationprobability for a word-meaning
pair and
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is a smallconstant.
We wish to �nd theassociationprobabilitiessoasto maximize
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Therefore,we introduceLagrangemultipliers �

� andseekanun-
constrainedmaximization:
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Wethencomputederivativesof theaboveobjectivefunctionwith
respectto themultipliers �
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andsetthemto bezeros.As a result,we canexpress:
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TheEM-basedalgorithmsetsaninitial *2%
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, to be�at dis-
tribution andperformstheE-stepandtheM-stepsuccessively un-
til convergence.In E-step,we compute� %
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, by
Equation(10). In M-step,we reestimateboth theLagrangemulti-
pliersandtheassociationprobabilitiesusingEquation(8) and(9).

Whentheassociationprobabilitiesconverge,we obtaina setof
*�%

�

�

1 �

�

, andneedto selectcorrectlexical itemsfrom many pos-
sibleword-meaningassociations.Comparedwith thetrainingcor-
pusin machinetranslation,ourexperimentaldatais sparseandcon-
sequentlycausessomewordsto have inappropriatelyhigh proba-
bilities to associatethemeanings.This is becausethosewordsoc-
cur very infrequentlyandarein a few speci�c contexts. We there-
fore usetwo constraintsfor selection.First, only wordsthatoccur
morethana pre-de�nedtimesareconsidered.Moreover, for each
meaning

�

� , the systemselectsall the wordswith the probabil-
ity *�%

�

�

1
�

�

, greaterthan a pre-de�nedthreshold. In this way,
onemeaningcanbe associatedwith multiple words. This is be-
causepeoplemay usedifferentnamesto refer to the sameobject
andthespokenform of anactionverbcanbeexpresseddifferently.
For instance,the phonemestringsof both “staple” and“stapling”
correspondto theactionof stapling.In this way, thesystemis de-
velopedto learnall the spoken wordsthathave high probabilities
in associationwith a meaning.

3. EXPERIMENTS AND RESULTS
A Polhemus3D tracker wasutilized to acquire6-DOFhandand

headpositionsat � ��� � . Theperformerworea head-mountedeye
tracker from AppliedScienceLaboratories(ASL).Theheadbandof
the ASL held a miniature“scene-camera”to the left of the per-
former's headthat provided the video of the scenefrom a �rst-
personperspective. The video signalsweresampledat the reso-
lution of 320 columnsby 240 rows of pixels at the frequency of

/
!�� � . Thegazepositionson theimageplanewerereportedat the

frequency of � ��� � . Beforecomputingfeaturevectorsfor HMMs,
all position signalspassedthrougha 6th order Butterworth �lter
with cut-off frequency of !�� � . Theacousticsignalswererecorded
using a headsetmicrophoneat a rate of 16 kHz with 16-bit res-
olution. In this study, we limited useractivities to thoseon a ta-
ble. Threeactivities thatusersperformedwere:“staplinga letter”,
“pouring water”and“unscrewing a jar”. Figure9 shows snapshots
capturedfrom thehead-mountedcamerawhenasubjectperformed
threetasks.Six subjectsparticipatedin theexperiment.They were
asked to performeachtaskninetimes. We collectedmultisensory
datawhen they performedthe task, which were usedas training
datafor our computationalsystem.

Theactionsequencesin theexperimentsconsistof severalmo-
tion types: “pick up”, “line up”, “staple”, “fold”, “place”, “un-
screw” and“pour”. Theobjectsthatarereferredto by speechare:
“cup”, “jar”, “waterpot”and“paper”. For theevaluationpurpose,
we manuallyannotatedspeechdataandcalculatethe frequencies
of words.We have collectedapproximately960spokenutterances
andon average,a spoken utterancecontains6 words,which illus-
tratesthenecessityof word segmentationfrom connectedspeech.
Among all thesewords, approximately12% of them are action
verbsand object namesthat we want to spot and associatewith

their groundedmeanings.Thesestatisticsfurtherdemonstratethe
dif�culty of learninglexical itemsfrom naturallyco-occurringdata.
Theseannotationswereonly usedfor theevaluationpurpose.

Figure 9. The snapshots of three continuous action se-
quences 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 measuresthe recognitionac-
curacy of processingnon-linguisticinformation,which consistsof
recognizingbothhumanactionsandvisualattentionalobjects.(2)
Speechsegmentationaccuracy measureswhetherthe beginning
andtheendof phonemestringsof word-like unitsarecorrectword
boundaries.For example,thestring /k ahp/ is a positive instance
that correspondsto the word “cup” while the string /k uh p i/ is
negative. The phraseswith correctboundariesarealsotreatedas
positioninstancesbecausethosephrasesdonotbreakwordbound-
ariesbut only combinesomewordstogether. (3) Word learning
accuracy(precision) measuresthepercentageof successfullyseg-
mentedwords that are correctly associatedwith their meanings.
(4) Lexical spotting accuracy(recall)measuresthepercentageof
word-meaningpairsthatarespottedby thecomputationalsystem.
Thismeasureprovidesaquantitive indicationaboutthepercentage
of groundedlexical itemsthatcanbesuccessfullyfound.

Table 1 shows the resultsof four measures.The recognition
rateof thephonemerecognizerweusedis 75%becauseit doesnot
encodeany languagemodel and word model. Basedon this re-
sult, theoverall accuracy of speechsegmentationis 69.6%. Natu-
rally, animprovedphonemerecognizerbasedona languagemodel
would improve the overall results,but the intent hereis to study
themodel-independentlearningmethod.Theerror in word learn-
ing is mainlycausedby a few words(suchas”several” and“here”)
that frequentlyoccur in somecontexts but do not have grounded
meanings.Theoverallaccuracy of lexical spottingis �

�
� ��	 , which

demonstratesthatby inferringspeakers' referentialintents,thesta-
ble links betweenwordsandmeaningscouldbeeasilyspottedand
established.Consideringthat thesystemprocessesnaturalspeech
andourmethodworksin unsupervisedmodewithoutmanuallyen-
codingany linguistic information, the accuraciesfor both speech
segmentationandword learningareimpressive.

4. CONCLUSION
Thispaperpresentsamultimodallearninginterfacefor wordac-

quisition. Thesystemis ableto learnthesoundpatternsof words
and their semanticswhile usersperformeverydaytasksandpro-
vide spokendescriptionsof their behaviors. Comparedto previous
works, the novelty of our approacharisesfrom the following as-
pects.First, our systemsharesuser-centricmultisensoryinforma-
tion with a real agentand groundssemanticsdirectly from ego-
centric experiencewithout manualtranscriptionsand humanin-
volvement. Second,both words and their perceptuallygrounded
meaningsareacquiredfromsensoryinputs.Furthermore,grounded
meaningsare representedby perceptualfeaturesbut not abstract



Table 1. Results of word acquisition
sound semantics speech word lexical
patternexamples segmentation learning spotting

pick up / p ih kcl k uhp / 96.5% 72.5% 87.5% 72.6%
place / p l ey z / 93.9% 66.9% 81.2% 69.2%
line up / l ayn axp/ 75.6% 70.3% 86.6% 83.5%
staple / s t ey pcl p / 86.9% 70.6% 85.3% 90.6%
fold / f ow l d / 86.3% 69.8% 89.2% 87.7%
unscrew / axn s kcl k r uw / 90.6% 73.8% 91.6% 80.6%
pour / p aw r / 86.7% 65.3% 91.9% 85.5%
paper / pcl p ey p axr / 96.7% 73.9% 86.6% 82.1%
jar / j aar / 91.3% 62.9% 92.1% 76.6%
cup / k ahp / 92.9% 68.3% 87.3% 76.9%
waterpot / w ax t axr p ux t / 87.5% 71.9% 85.6% 82.3%
overall 90.2% 69.6% 87.9% 82.6%

symbols,which provides a sensorimotorbasisfor machinesand
peopleto communicatewith eachother throughlanguage.From
theperspectiveof machinelearning,wearguethatthesolelystatis-
tical learningof co-occurringdatais lesslikely to explainthewhole
storyof languageacquisition.The inferenceof speaker's referen-
tial intentionsfrom their body movementsprovidesconstraintsto
avoid the large amountof irrelevant computationsandcanbe di-
rectly appliedasdeictic referenceto associatewordswith percep-
tually groundedreferentsin thephysicalenvironment.Fromanen-
gineeringperspective, our systemdemonstratesa new approachto
developinghuman-computerinterfaces,in which computersseam-
lessly integratein our everydaylivesandareableto learnlexical
itemsby sharinguser-centricmultisensoryinformation.
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