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ABSTRACT

We presenta multimodalinterfacethat learnswordsfrom natural
interactionswith users.Thesystemcanbetrainedin unsupervised
modein which usersperformeverydaytaskswhile providing nat-
ural languagedescriptionsof their behaviors. We collectacoustic
signalsin concertwith user-centricmultisensoryinformationfrom
non-speechmodalities,suchasuser'sperspectivevideo,gazeposi-
tions,headdirectionsandhandmovements.A multimodallearn-
ing algorithm is developedthat �rstly spotswords from contin-
uousspeechand then associatesaction verbsand object names
with their groundedmeanings.Thecentralideais to make useof
non-speechcontextual informationto facilitatewordspotting,and
utilize temporalcorrelationsof datafrom differentmodalitiesto
build hypothesizedlexical items.Fromthoseitems,anEM-based
methodselectscorrectword-meaningpairs. Successfullearning
hasbeendemonstratedin the experimentof the natural task of
“staplingpapers”.

1. INTR ODUCTION

Thenext generationof computersis expectedto interactandcom-
municatewith usersin a cooperative and naturalmannerwhen
userscarryouteverydayactivities. Towardsthisend,a truly intel-
ligenthuman-machineinterfaceshouldbeableto understandwhat
peoplearedoingandtheir intentions,andperformhelpful speech
acts,suchas con�rming userrequests,answeringquestionsand
providing relatedinformationthroughspeech.In this way, com-
puterswill be seamlesslyintegratedinto our everydaylives and
work asintelligentobserversandhuman-like assistants.

To progresstowardsthis goal, computersneedto know the
soundpatternsof spoken words and understandtheir meanings.
Mostexistingspeechrecognitionsystemsrely onpurelyacoustics-
basedstatisticalmodels,suchashiddenMarkov modelsandhybrid
connectionistmodels.Thesesystemshave two inherentdisadvan-
tages.First, they requirea trainingphasein which largeamounts
of spoken utterancespairedwith manuallylabeledtranscriptions
are neededto train the model parameters.This training proce-
dureis time-consumingandneedshumanexpertiseto labelspoken
data.Second,thesesystemstransformacousticsignalstosymbolic
representations(texts)without regardto their groundedmeanings.
Humansneedto interpretthemeaningsof thesesymbolsbasedon
their own knowledge. For instance,a speechrecognitionsystem
canmapthesoundpattern“car” to thestring“car”, but it doesnot
know whatthisstringmeans.

Toovercometheaboveshortcomings,afew recentstudiespro-
posedseveral unsupervisedmethodsfor learningwordsfrom lin-

guistic andcontextual inputs. Among them,thework of Roy [1]
is particularlyrelevant to our work. He proposeda computational
modelof infantlanguageacquisition,whichutilizestemporalcor-
relationof speechandvision to associatespoken utteranceswith
a correspondingobject's visual features.Themodelhasbeenim-
plementedto processa corpusof audio-visualdatafrom infant-
caregiver interactions.Our work differs from his in thatwe focus
on building a multimodal learninginterfacethat is groundedin
naturally-occurringmultisensoryinformation in everydayactivi-
ties.Our learningmethodincorporatesanextensive descriptionof
gaze,headandhandmovementsaswell asvisualdatato provide
contextual informationwhenspokenwordsareuttered.

Thispaperdescribesamultimodallearningsystemthatis able
to learnperceptuallygroundedmeaningsof wordsfrom user's ev-
erydayactivities. The only requirementis that usersneedto de-
scribetheir behaviors verballywhile performingthoseday-to-day
tasks. To learna word (shown in Figure1), the systemneedsto
discover its soundpatternfrom continuousspeech,recognizeits
meaningfrom non-speechcontext, andassociatethesetwo. The
rangeof problemswe needto addressin thiskind of unsupervised
word learningis substantial,so to make concreteprogress,this
paperfocusesonhow to associatevisualrepresentationsof objects
with theirspokennamesandmapbodymovementsto actionverbs.
Ourwork suggestsanew trendin developinghuman-computerin-
terfacesthatcanautomaticallylearnwordsby sharinguser-centric
multisensoryinformation.
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Fig. 1. The problems in word learning. The raw speechis �rstly
convertedto phonemesequences.The goal of our methodis to discover
phonemesubstringsthat correspondto the soundpatternsof words and
theninfer themeaningsof thosewordsfrom non-speechmodalities.

2. A MULTIMOD AL LEARNING INTERFACE

In typicalscenarios,auserperformseverydaytaskswhile describ-
ing his/heractionsverbally. To learnwordsfrom user'sspokende-
scriptions,threefundamentalproblemsneededtobeaddressedare:
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(1) actionrecognitionandobjectrecognitionto provide grounded
meaningsof wordsencodedin non-speechcontextual information,
(2) speechsegmentationand word spottingto extract the sound
patternsthatcorrespondto words,(3) associationbetweenspoken
wordsandtheir groundedmeanings.

2.1. Recognitionof Actions and Objects
The non-speechinputsof the systemconsistof visual datafrom
a head-mountedcamera,headandhandpositionsin concertwith
gaze-in-headdata.Thosedataprovide a context in which spoken
utterancesareproduced.Thus, the possiblemeaningsof spoken
wordsthatusersutterareencodedin this context, andwe needto
extract thosemeaningsfrom raw sensoryinputs. Speci�cally, the
systemshouldspotandrecognizeactionsfrom user's bodymove-
ments,anddiscover theobjectsof userinterest.

Weobservethatin accomplishingwell-learnedtasks,theuser's
focusof attentionis linkedwith bodymovements.In light of this,
our method�rstly utilizeseye andheadmovementsascuesto es-
timatethe user's focusof attention. Attention,asrepresentedby
gaze�xation, is thenutilized for spottingthetargetobjectof user
interest.Attentionswitchesarecalculatedandusedto segmenta
sequenceof handmovementsinto actionunitswhicharethenrec-
ognizedby HiddenMarkov Models(HMMs). Theresultsaretwo
temporalsequencesof groundedmeaningsasdepictedby thebox
labeled“contextual information” in Figure2. Furtherinformation
aboutattentionalobjectspottingandactionrecognitioncanbeob-
tainedfrom [2, 3].

2.2. SpeechProcessing
We describeour methodsof phonemerecognitionandphoneme
stringcomparisonin thissubsection,whichprovideabasisfor fur-
therprocessing.Detailedtechnicaldescriptionsof algorithmscan
beobtainedfrom [4].

2.2.1. PhonemeRecognition
Wehave implementedanendpointdetectionalgorithmto segment
thespeechstreaminto severalspokenutterances.Thenthespeaker-
independentphonemerecognitionsystemdevelopedby Robinson
[5] is employed to convert spoken utterancesinto phonemese-
quences. The methodis basedon RecurrentNeural Networks
(RNN) that performthe mappingfrom a sequenceof the acous-
tic featuresextractedfrom raw speechto asequenceof phonemes.
The training dataof RNN arefrom the TIMIT database— pho-
netically transcribedAmericanEnglishspeech— which consists
of readsentencesspoken by 630 speakers from eight dialect re-
gionsof theUnitedStates.To train thenetworks,eachsentenceis
presentedto therecurrentback-propagationprocedure.Thetarget
outputsaresetusing the phonemetranscriptionsprovided in the
TIMIT database.Oncetrained,a dynamicprogrammingmatch
is madeto �nd the most probablephonemesequenceof a spo-
ken utterance,for example,the boxeslabeled“phonemestrings”
in Figure2.

2.2.2. ComparingPhonemeSequences
In oursystem,thecomparisonof phonemesequenceshastwo pur-
poses:oneis to �nd thelongestsimilar substringsof two phonetic
sequences(word-likeunitsspottingdescribedin Subsection2.3.1),
and the other is to clustersegmentedutterancesrepresentedby
phonemesequencesinto groups(word-like units clusteringpre-
sentedin Subsection2.3.2). In both cases,an algorithm of the
alignmentof phonemesequencesis a necessarystep. Given raw
speechinput, the speci�c requirementhere is to copewith the
acousticvariability of spoken wordsin differentcontexts andby

varioustalkers. Dueto this variation,theoutputsof thephoneme
recognizerpreviouslydescribedarenoisyphonemestringsthatare
differentfrom phonetictranscriptionsof text. In this context, the
goalof phoneticstringmatchingis to identify sequencesthatmight
bedifferentactualstrings,but have similar pronunciations.

To align phoneticsequences,we �rst needa metric for mea-
suringdistancesbetweenphonemes.We representa phonemeby
a 15-dimensionalbinary vectorin which every entry standsfor a
singlearticulatoryfeaturecalleda distinctive feature.Thosedis-
tinctive featuresareindispensableattributesof aphonemethatare
requiredto differentiateone phonemefrom anotherin English.
Wecomputethedistancebetweentwo individualphonemesasthe
Hammingdistance.Basedonthismetric,amodi�ed dynamicpro-
grammingalgorithmis developedto comparetwo phonemestrings
by measuringtheir similarity. A similarity scoringschemeassigns
largepositive scoresto pairsof matchingsegments,largenegative
scoresto pairsof dissimilarsegments,andsmallnegativescoresto
theoperationsof insertionanddeletionto convert onesequenceto
another. Theoptimalalignmentis theonethatmaximizestheac-
cumulatedscore.See[4] for furtherinformationaboutourmethod
of phonemesequencecomparison.

2.3. Word Learning
In this subsection,we describeour approachto integratingmulti-
modaldatafor word acquisition.We divide this probleminto two
basicsteps: speechsegmentationshown in Figure2 and lexical
acquisitionillustratedin Figure4.
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Fig. 2. Word-lik e unit segmentation. Spokenutterancesarecategorized
into several bins that correspondto temporallyco-occurringactionsand
attentionalobjects.Thenwecompareany pairof spokenutterancesin each
bin to �nd thesimilar subsequencesthataretreatedasword-like units.

2.3.1. Word-like Unit Spotting
Figure 2 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 thecorrespondingphonemesequencesutteredin temporal
proximity, andthencategorizetheminto thesamebin labeledby
that meaning.For instance,��� and ��
 aretemporallycorrelated
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with the action “stapling”, so they are groupedin the samebin
labeledby the action“stapling”. We needto point out herethat,
sinceoneutterancecould be temporallycorrelatedwith multiple
meaningsgroundedin differentmodalities,it is possiblethat an
utteranceis selectedandclassi�ed in differentbins. For example,
the utterance“stapling a few sheetsof paper” is producedwhen
a userperformstheactionof “stapling” andlooks toward theob-
ject “paper”. In this case,the utteranceis put into two bins: one
correspondingto the object“paper” andthe other labeledby the
action “stapling”. Next, basedon the methoddescribedin Sub-
section2.2.2,we computethesimilar substringsbetweenany two
phonemesequencesin eachbin to obtainword-likeunits.Figure3
shows anexampleof extractingword-like unitsfrom theutterance

� � and � 
 thatarein thebin of theaction“folding”.

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


Fig. 3. An exampleof word-lik e unit spotting. Thesimilar substrings
of two sequencesare/f ow l d/ (fold), /f l ow dcl d/ (fold), /pcl p ey p er/
(paper)and/pcl p ayp hher/ (paper).

2.3.2. Word-like Unit Clustering
As shown in Figure4, theextractedphonemesubstringsof word-
like unitsareclusteredby a hierarchicalagglomerative clustering
algorithmthat is implementedbasedon the methoddescribedin
Subsection2.2.2. The centroidof eachclusteris thenfound and
adoptedasa prototypeto representthis cluster. Thoseprototype
stringsare associatedwith their possiblegroundedmeaningsto
build hypothesizedlexical items. Among them,somearecorrect
ones,suchas/s t ei hh p l in ng/ (stapling)associatedthe action
of “stapling”, andsomeareincorrect,suchas/s t ei hh p l in ng/
(stapling)pairedwith the object“paper”. Now that we have hy-
pothesizedword-meaningpairs,the next stepis to selectreliable
andcorrectlexical items.
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Fig. 4. Word learning. The word-like units in eachbin are clustered
basedon the similaritiesof their phonemestrings. The EM-algorithmis
appliedto �nd lexical itemsfrom hypothesizedword-meaningpairs.

2.3.3. MultimodalIntegration
Next, we utilize the co-occurrenceof multimodal datato select
meaningfulsemanticsthatassociatevisual representationsof ob-
jectsandbody movementswith spoken words. We take a novel
view of this problemastheword correspondenceproblemin ma-
chine translation. For example,body movementscanbe looked
as a “body language”. Thus, associatingbody movementswith
action verbscan be viewed as the problemof identifying word
correspondencesbetweenEnglishand“body language”. In light
of this, we applya techniquefrom machinetranslationto address
this problem. We model the probability of eachword asa mix-
ture model that consistsof the conditionalprobabilitiesof each
word given its possiblemeanings.In this way, the Expectation-
Maximization(EM)algorithmis employed to �nd the reliableas-
sociationsof spokenwordsandtheir groundedmeaningsthatwill
maximizetheprobabilities.

We assumethat every meaning� can be associatedwith a
word-like phonemestring � . We can�nd the word

�

� that is as-
sociatedwith themeaning� by choosingtheonethatmaximizes
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TheEM algorithmcanbeexpressedin two steps.Let �
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be our estimateof theparametersat the G th iteration. In E-step:
we computetheexpectationof thelog-likelihoodfunction:
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We wish to �nd the assignmentprobabilitiesso as to maximize
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We computederivativeswith respectto themultipliers [ andthe
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Thealgorithmsetsan initial �

�

�!��� to be �at distribution andper-
forms the E-stepand the M-stepsuccessively until convergence.
Thenfor eachmeaning�	� , thesystemselectsall thewordswith
theprobability �

�

� ��� � greaterthanapre-de�nedthreshold.In this
way, onemeaningcanbeassociatedwith multiple words. This is
becausepeoplemayusedifferentnamesto referto thesameobject
andthespokenform of anactionverbcanbeexpresseddifferently.
For instance,thephonemestringsof both “staple” and“stapling”
correspondto theactionof stapling. Therefore,thesystemis de-
velopedto learnall thespokenwordsthathave high probabilities
in associationwith a meaning.

3. EXPERIMENT

We collecteddatafrom multiple sensorswith timestamps.A Pol-
hemus3D tracker wasutilized to acquire6-DOF handandhead
positionsat �����
	 . A userworea head-mountedeye tracker from
Applied ScienceLaboratories(ASL).The headbandof the ASL
holds a miniature“scene-camera”to the left of the user's head,
which provides the video of the scenefrom the �rst-person per-
spective. Thevideosignalsweresampledat theresolutionof 320
columnsby 240 rows of pixels at the frequency of 15Hz. The
gazepositionson the imageplanewerereportedat the frequency
of �����
	 . Theacousticsignalswererecordedusinga headsetmi-
crophoneata rateof 16kHz with 16-bit resolution.

Six usersparticipatedin the experiments. They were asked
to sit at a tableandperformedthetaskof “staplingpapers”while
describingtheir actionsverbally. Eachuserperformedthe task
six times. Figure5 shows thesnapshotscapturedfrom thehead-
mountedcamerawhena userperformedthetask.

(a) (b) (c) (d) (e) (f)

Fig. 5. The snapshotsof anactionsequencewhena userperformedthe
taskof staplingseveral sheetsof paper:(a) picking up papers(b) placing
themto thepositioncloseto thebody(c) lining up (d) stapling(e) folding
(f) placingthemto thetargetlocation.

To evaluateexperimentalresults,wede�ne thefollowing three
measures:(1) Semanticaccuracy is to measurethe recognition
accuracy of processingnon-linguisticinformation,which consists
of recognizingbothhumanactionsandvisualattentionalobjects.
(2) Speechsegmentationaccuracyis to measurewhetherthebe-
ginningandtheendof phonemestringsof word-like unitsarecor-
rectword boundaries.(3) Word learning accuracyis to measure
thepercentageof successfullysegmentedwordsthatarecorrectly
associatedwith their meanings.

Table 1 shows theresultsof threemeasures.Therecognition
rateof the phonemerecognizerwe usedis 75% becauseit does
notencodeany languagemodelandwordmodel.Basedonthis re-
sult, theoverall accuracy of speechsegmentationis 71.6%.Natu-
rally, animprovedphonemerecognizerbasedonalanguagemodel
wouldimprovetheoverall results,but theintenthereis to studythe
model-independentlearninginterface.Theerror in word learning
is mainly causedby a few words (suchas”several” and“here”)

Table 1. Resultsof wordacquisition
semantics speech word

segmentation learning
overall 92.9% 71.6% 90.2%
pickingup 96.3% 73.2% 89.6%
placing 93.6% 68.9% 92.3%
lining up 73.2% 73.6% 88.9%
stapling 86.2% 72.9% 86.3%
folding 83.6% 71.5% 86.9%
paper 96.7% 70.8% 92.1%

that frequentlyoccurin somecontexts but do not have grounded
meanings.Consideringthat the systemprocessesnaturalspeech
andourmethodworksin unsupervisedmodewithoutmanuallyen-
codingany linguistic information,the accuraciesfor both speech
segmentationandword learningareimpressive.

4. CONCLUSIONS
This paperpresentsa multimodallearninginterfacefor word ac-
quisition. Thesystemis ableto learnthesoundpatternsof words
andtheir semanticswhile usersperformeverydaytasksandpro-
vide spoken descriptionsof their behaviors. From the perspec-
tive of multimodal integration, we believe that a powerful con-
straint in multisensorydatais coherencein time andspace.Our
methodof learningwordsexhibits how to capitalizeon this con-
straintfor word acquisitionwithoutmanualtranscriptionsandhu-
man involvement. From an engineeringperspective, our system
demonstratesa new approachto developinghuman-computerin-
terfaces,in which computersseamlesslyintegratein our everyday
lives and are able to learn lexical items by sharinguser-centric
multisensoryinformation.
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