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ABSTRACT

We presenta multimodalinterfacethatlearnswordsfrom natural
interactionswith users.Thesystemcanbetrainedin unsupervised
modein which usersperformeverydaytaskswhile providing nat-
ural languagedescriptionsf their behaiors. We collectacoustic
signalsin concertwith usercentricmultisensoryinformationfrom
non-speecmodalities suchasusers perspectie video,gazeposi-
tions, headdirectionsandhandmovements.A multimodallearn-
ing algorithmis developedthat rstly spotswords from contin-
uous speechand then associatesction verbs and object names
with their groundedneanings.The centralideais to make useof
non-speecleontextual informationto facilitateword spotting,and
utilize temporalcorrelationsof datafrom different modalitiesto
build hypothesizedexical items. Fromthoseitems,an EM-based
methodselectscorrectword-meaningpairs. Successfulearning
hasbeendemonstratedn the experimentof the naturaltask of
“staplingpapers”.

1. INTRODUCTION

Thenext generatiorof computerss expectedo interactandcom-
municatewith usersin a cooperatie and natural mannerwhen
userscarry out everydayactivities. Towardsthis end,atruly intel-
ligenthuman-machineterfaceshouldbeableto understandvhat
peoplearedoing andtheir intentions,andperformhelpful speech
acts, suchas con rming userrequestsansweringquestionsand
providing relatedinformationthroughspeech.In this way, com-
puterswill be seamlesslyintegratedinto our everydaylives and
work asintelligentobsenersandhuman-lile assistants.

To progresstowardsthis goal, computersneedto know the
soundpatternsof spolen words and understanaheir meanings.
Mostexisting speechiecognitionsystemsely onpurelyacoustics-
basedstatisticamodels suchashiddenMarkov modelsandhybrid
connectionistnodels.Thesesystemsave two inherentdisadwan-
tages.First, they requirea training phasein which large amounts
of spolen utterancepairedwith manuallylabeledtranscriptions
are neededto train the model parameters. This training proce-
dureis time-consumingndneedshumanexpertiseto labelspolen
data.Secondthesesystemgransformacousticsignalsto symbolic
representationgexts) without regardto their groundedmeanings.
Humansneedto interpretthemeaningf thesesymbolsbasecbn
their own knowledge. For instancea speechrecognitionsystem
canmapthe soundpattern‘car” to thestring“car”, butit doesnot
know whatthis stringmeans.

To overcometheaborve shortcomingsafew recentstudiegro-
posedsereral unsuperviseanethodsfor learningwordsfrom lin-

guistic and contextual inputs. Among them, the work of Raoy [1]
is particularlyrelevantto our work. He proposeda computational
modelof infantlanguageacquisition which utilizestemporalcor
relationof speechandvision to associatespolen utterancesvith
a correspondingbjects visual features.The modelhasbeenim-
plementedto processa corpusof audio-visualdatafrom infant-
cargyiver interactions.Our work differsfrom his in thatwe focus
on building a multimodal learninginterface that is groundedin
naturally-occurringmultisensoryinformationin everyday activi-
ties. Our learningmethodincorporatesn extensve descriptionof
gaze headandhandmovementsaswell asvisual datato provide
contextual informationwhenspolenwordsareuttered.

This paperdescribes multimodallearningsystenthatis able
to learnperceptuallygroundedmeaningof wordsfrom users ev-
erydayactvities. The only requiremenis that usersneedto de-
scribetheir behaiors verbally while performingthoseday-to-day
tasks. To learna word (shawvn in Figure 1), the systemneedsto
discover its soundpatternfrom continuousspeechfecognizeits
meaningfrom non-speecltontet, andassociatehesetwo. The
rangeof problemswe needto addressn this kind of unsupervised
word learningis substantial,so to make concreteprogress this
paperfocuseson how to associateisualrepresentationsf objects
with theirspolennamesandmapbodymovementdo actionverbs.
Ourwork suggests new trendin developinghuman-computein-
terfaceghatcanautomaticallyearnwordsby sharingusercentric
multisensoryinformation.
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Fig. 1. The problemsin word learning. The raw speechis rstly

corvertedto phonemesequencesThe goal of our methodis to discaver
phonemesubstringsthat correspondo the soundpatternsof words and
theninfer the meaningof thosewordsfrom non-speecimodalities.

2. AMULTIMOD AL LEARNING INTERFACE

In typical scenariosa userperformseverydaytaskswhile describ-
ing his/heractionsverbally To learnwordsfrom users spolende-
scriptions threefundamentaproblemsneededo beaddressedre:



(1) actionrecognitionandobjectrecognitionto provide grounded
meaning®of wordsencodedn non-speeckontetual information,
(2) speechsegmentationand word spottingto extract the sound
patternghatcorrespondo words,(3) associatiorbetweenspolen
wordsandtheir groundedmeanings.

2.1. Recognitionof Actions and Objects

The non-speechinputs of the systemconsistof visual datafrom
a head-mountedameraheadandhandpositionsin concertwith
gaze-in-headlata. Thosedataprovide a context in which spolen
utterancesre produced. Thus, the possiblemeaningsof spolen
wordsthatusersutter areencodedn this contet, andwe needto
extractthosemeaningsrom raw sensoryinputs. Speci cally, the
systemshouldspotandrecognizeactionsfrom users body move-
ments,anddiscover the objectsof userinterest.

Weobsenrethatin accomplishingvell-learnedaskstheusers
focusof attentionis linked with body movements.In light of this,
our method rstly utilizes eye andheadmovementsascuesto es-
timatethe users focus of attention. Attention, asrepresentedy
gaze xation, is thenutilized for spottingthe targetobjectof user
interest. Attention switchesare calculatedand usedto sggmenta
sequencef handmovementsdnto actionunitswhich arethenrec-
ognizedby HiddenMarkov Models(HMMSs). The resultsaretwo
temporalsequencesf groundedmeaningsasdepictedby the box
labeled“contextual information”in Figure2. Furtherinformation
aboutattentionalobjectspottingandactionrecognitioncanbe ob-
tainedfrom [2, 3].

2.2. SpeechProcessing

We describeour methodsof phonemerecognitionand phoneme
stringcomparisornin this subsectionwhich provide a basisfor fur-
therprocessingDetailedtechnicaldescriptionf algorithmscan
beobtainedfrom [4].

2.2.1. PhonemeRecanition

We have implementedanendpointdetectionalgorithmto segment
thespeeclstreaninto severalspolenutterancesThenthespealer-
independenphonemeaecognitionsystemdevelopedby Robinson
[5] is employed to corvert spolen utterancednto phonemese-
guences. The methodis basedon RecurrentNeural Networks
(RNN) that performthe mappingfrom a sequencef the acous-

tic featuresextractedfrom raw speecho asequencef phonemes.

The training dataof RNN arefrom the TIMIT database— pho-

netically transcribedAmericanEnglishspeech— which consists
of readsentencespolen by 630 spealkrs from eight dialectre-

gionsof the United States.To train the networks, eachsentencés

presentedo therecurrentback-propagatioprocedure Thetarget
outputsare setusing the phonemetranscriptionsprovided in the

TIMIT database.Oncetrained,a dynamic programmingmatch
is madeto nd the mostprobablephonemesequencef a spo-
ken utterancefor example,the boxeslabeled“phonemestrings”

in Figure2.

2.2.2. ComparingPhonemeSequences

In our systemthe comparisorof phonemesequencebastwo pur-
posesoneisto nd thelongestsimilar substringsf two phonetic
sequencegvord-like unitsspottingdescribedn Subsectior2.3.1),
and the otheris to cluster sgmentedutterancesepresentedy
phonemesequenceinto groups(word-like units clusteringpre-
sentedin Subsectiorn2.3.2). In both cases,an algorithm of the
alignmentof phonemesequencess a necessangtep. Given raw
speechinput, the speci ¢ requirementhereis to cope with the
acousticvariability of spolen wordsin differentcontets and by

varioustalkers. Dueto this variation,the outputsof the phoneme
recognizepreviously describedrenoisyphonemestringsthatare

differentfrom phonetictranscriptionsof text. In this contet, the

goalof phoneticstringmatchings to identify sequencethatmight

be differentactualstrings,but have similar pronunciations.

To align phoneticsequencesye rst needa metric for mea-
suringdistancedetweenphonemesWe represent phonemeby
a 15-dimensionabinary vectorin which every entry standsfor a
single articulatoryfeaturecalled a distinctive feature. Thosedis-
tinctive featuresareindispensablattributesof aphonemehatare
requiredto differentiateone phonemefrom anotherin English.
We computethe distancebetweertwo individual phonemesisthe
Hammingdistance Basedon this metric,amodi ed dynamicpro-
grammingalgorithmis developedto compargwo phonemestrings
by measuringheir similarity. A similarity scoringschemeassigns
large positive scorego pairsof matchingsegmentsJarge negative
scoredo pairsof dissimilarsggmentsandsmallnegative scoreso
the operation®f insertionanddeletionto convert onesequencéo
another The optimal alignmentis the onethatmaximizesthe ac-
cumulatedscore.Se€[4] for furtherinformationaboutour method
of phonemesequenceomparison.

2.3. Word Learning

In this subsectionywe describeour approacho integratingmulti-
modaldatafor word acquisition.We divide this probleminto two
basicsteps: speechsggmentationshavn in Figure 2 and lexical
acquisitionillustratedin Figure4.
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Fig. 2. Word-lik e unit segmentation Spolen utterancesrecateorized
into several bins that correspondo temporally co-occurringactionsand
attentionabbjects.Thenwe compareary pairof spolenutterances each
binto nd thesimilar subsequencebataretreatedasword-like units.

2.3.1. Word-like Unit Spotting

Figure 2 illustratesour approachto spottingword-like units in

which the centralideais to utilize non-speecttontectual infor-

mationto facilitate word spotting. The reasonwe usethe term

“word-like units” is that someactionsare verbally describedoy

verbphrasege.g.“line up”) but notsingleactionverbs.Theinputs
arephonemesequences( ) andpossiblemeaningf

words(objectsandactions)extractedfrom non-speeciperceptual
inputs. Thosephonemaitterancesarecateyorizedinto severalbins
basedon their possibleassociatedneanings.For eachmeaning,
we nd thecorrespondingghonemesequencestteredin temporal
proximity, andthencateyorizetheminto the samebin labeledby

thatmeaning. For instance, and aretemporallycorrelated



with the action “stapling”, so they are groupedin the samebin
labeledby the action“stapling”. We needto point out herethat,
sinceone utterancecould be temporallycorrelatedwith multiple
meaningsgroundedin different modalities, it is possiblethat an
utterancds selectedandclassi edin differentbins. For example,
the utterance'stapling a few sheetsof paper”is producedwhen
a userperformsthe actionof “stapling” andlooks toward the ob-
ject“paper”. In this case the utterances put into two bins: one
correspondingdo the object“paper” andthe otherlabeledby the
action “stapling”. Next, basedon the methoddescribedn Sub-
section2.2.2,we computethe similar substringetweerary two
phonemesequencei eachbin to obtainword-like units. Figure3
shavs anexampleof extractingword-like unitsfrom the utterance
and thatarein thebin of theaction“folding”.
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Fig. 3. An exampleof word-lik e unit spotting. The similar substrings
of two sequenceare/f ow | d/ (fold), /f | ow dcl d/ (fold), /pcl p ey p er/
(paper)and/pcl p ay p hh er/ (paper).

2.3.2. Word-like Unit Clustering
As shavn in Figure4, the extractedphonemesubstringof word-
like units areclusterecby a hierarchicalagglomeratie clustering
algorithmthat is implementedbasedon the methoddescribedn
Subsectior?.2.2. The centroidof eachclusteris thenfound and
adoptedasa prototypeto representhis cluster Thoseprototype
stringsare associatedvith their possiblegroundedmeaningsto
build hypothesizedexical items. Among them,someare correct
ones,suchas/st ei hhp | in ng/ (stapling)associatedhe action
of “stapling”, andsomeareincorrect,suchas/st ei hhp | in ng/
(stapling) pairedwith the object“paper”. Now thatwe have hy-
pothesizedvord-meaningpairs,the next stepis to selectreliable
andcorrectlexical items.
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Fig. 4. Word leaming. The word-like unitsin eachbin are clustered
basedon the similarities of their phonemestrings. The EM-algorithmis
appliedto nd lexical itemsfrom hypothesizedvord-meaningairs.

2.3.3. MultimodalIntegration
Next, we utilize the co-occurrenceof multimodal datato select

meaningfulsemanticghat associatevisual representationsf ob-
jectsand body movementswith spolen words. We take a novel
view of this problemasthe word correspondencproblemin ma-
chine translation. For example,body movementscan be looked
as a “body language”. Thus, associatingoody movementswith
action verbs can be viewed as the problem of identifying word
correspondencesetweenEnglishand“body language”. In light
of this, we apply a techniqguefrom machinetranslationto address
this problem. We modelthe probability of eachword asa mix-
ture model that consistsof the conditional probabilitiesof each
word given its possiblemeanings.In this way, the Expectation-
Maximization(EM)algorithmis emplo/edto nd thereliableas-
sociationsof spolenwordsandtheir groundedneaningghatwill
maximizethe probabilities.

We assumethat every meaning can be associatedvith a
word-like phonemestring . We can nd theword thatis as-
sociatedwith themeaning by choosingthe onethatmaximizes

Let N be the numberof meanings, be the num-
ber of wordsin the - meaning,andlet represent setof
the possibleassignments: , suchthat as-
signstheword to themeaning is the probability
thatthemeaning s associatedvith a speci ¢ word and

is the probability of obtainingtheword giventhe

meaning . We usethe modelsimilar to that of Duygulu et al.

[6]:
@)

We canestimate from datadirectly andthe only in-
completedatais . The remainingproblemis to nd the
maximumlikelihoodparameter:

@
The EM algorithmcanbe expressedn two steps.Let

be our estimateof the parameteratthe th iteration. In E-step
we computethe expectationof thelog-likelihoodfunction:

3)

In M-step: let be that value of which maxi-
mizes

4)

We wish to nd the assignmenprobabilitiesso asto maximize
subjectto the constraintghatfor each

5)
Thereforewe introduceLagrangemultipliers  andseekanun-
constrainednaximization:

(6)



We computederivatives with respecto the multipliers andthe
parameters  to estimate

@)

The algorithmsetsaninitial to be at distribution andper

forms the E-stepandthe M-step successiely until corvergence.
Thenfor eachmeaning |, the systemselectsall the wordswith

theprobability greatetthana pre-de nedthreshold.In this

way, onemeaningcanbe associatedvith multiple words. Thisis

becaus@eoplemayusedifferentnamego referto thesameobject
andthespolenform of anactionverbcanbeexpressediifferently

For instancethe phonemestringsof both “staple” and“stapling”

correspondo the actionof stapling. Therefore the systemis de-
velopedto learnall the spolen wordsthat have high probabilities
in associatiorwith ameaning.

3. EXPERIMENT

We collecteddatafrom multiple sensorswith timestampsA Pol-
hemus3D tracker was utilized to acquire6-DOF handand head
positionsat . A userworea head-mounteeye tracker from
Applied SciencelLaboratories(ASL).The headbanddf the ASL
holds a miniature “scene-camerato the left of the users head,
which providesthe video of the scenefrom the rst-person per
spectve. Thevideosignalsweresampledat the resolutionof 320
columnsby 240 rows of pixels at the frequenyg of 15Hz. The
gazepositionson theimageplanewerereportedat the frequeny
of . Theacousticsignalswererecordedisinga headsemi-
crophoneatarateof 16 kHz with 16-bitresolution.

Six usersparticipatedin the experiments. They were asled
to sit at a tableandperformedthe taskof “stapling papers”while
describingtheir actionsverbally Eachuserperformedthe task
six times. Figure5 shaws the snapshotgapturedirom the head-
mountedcameravhena userperformedhetask.

A
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Fig. 5. The snapshot®f anactionsequencavhena userperformedthe
taskof staplingseveral sheetsof paper:(a) picking up papers(b) placing
themto the positioncloseto thebody (c) lining up (d) stapling(e) folding
(f) placingthemto thetargetlocation.

To evaluateexperimentalesultswe de ne thefollowing three
measuresi1l) Semanticaccuracy is to measurethe recognition
accurag of processingon-linguisticinformation,which consists
of recognizingboth humanactionsandvisual attentionalobjects.
(2) Speechsegmentationaccuracyis to measuravhetherthe be-
ginningandthe endof phonemestringsof word-like unitsarecor
rectword boundaries(3) Word learning accuracyis to measure
the percentagef successfullysggmentedvordsthatarecorrectly
associateavith their meanings.

Table 1 shaws theresultsof threemeasuresTherecognition
rate of the phonemerecognizemnwe usedis 75% becauset does
notencodeary languagenodelandword model.Basedonthisre-
sult, the overall accurag of speechsegmentationis 71.6%. Natu-
rally, animproved phonemeecognizebasednalanguagenodel
wouldimprovetheoverallresults put theintenthereis to studythe
model-independeriearninginterface. The errorin word learning
is mainly causedby a few words (suchas"several” and “here”)

Table 1. Resultsof word acquisition

semantics speech word

sementation| 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 systemprocessesaturalspeech
andourmethodworksin unsupervisethodewithoutmanuallyen-
codingary linguistic information, the accuraciedor both speech
segmentatiorandword learningareimpressve.

4. CONCLUSIONS

This paperpresentsa multimodallearninginterfacefor word ac-
quisition. The systemis ableto learnthe soundpatternsof words
andtheir semanticsvhile usersperformeverydaytasksand pro-
vide spolen descriptionsof their behaiors. From the perspec-
tive of multimodal integration, we believe that a powverful con-
straintin multisensorydatais coherencen time andspace.Our
methodof learningwords exhibits how to capitalizeon this con-
straintfor word acquisitionwithout manualtranscriptionandhu-
man involvement. From an engineeringperspectie, our system
demonstrates nev approacho developinghuman-computein-
terfaces,n which computerseamlesslyntegratein our everyday
lives and are able to learn lexical items by sharingusercentric
multisensoryinformation.
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