
A MultimodalLearningInterfacefor Grounding
SpokenLanguagein SensoryPerceptions

CHEN YU
University of Rochester

and
DANA H. BALLARD
University of Rochester

���������	���	
���
������ ����������
�����
�������� 
�!	����"�
#������
���
$�&%��'���$�(�)���'�*
�
#�����+
�����
����	�+
�!,�����'
$�-%.� ��"��$���	����/102
�����3'"��

���.��"$�4�����$�$���	�����5"6���7
�
8�9
�
$3'��
�3'�4�$�,:������'������
���;(��"$�<����
���
$��
$3=��>6�����	�?���@���+
���
$�	�A��
8��
$���$�B�	��:6�����	�

�����$�<��
C%."$��!+"D�$���	�����B�	���)�'���E�,:��	��>6��
�>D��
���F��7%."$�����4�$����:�������
$3G
�
#���$��
����9
�
$3'��
�3'�=�$�	��!������������'
$�7���

��"$�	���.HB�	"�
	:����'���I/J�K�L!	�'�����	!,��
�!��'��������!M����3'
�
�������
N!��'
�!��	����%.� ��"4�$���	��O2!	�	
�������!L�@�$� �������	
$���'��>���
��)�'���7
#�����'


�)���'�P
$�'
�O2���Q�	�	!+"=������
���� ��������;$���$!+"R
����$���	��S �.�B�	�����B��!,��� :��M:6���$�	�$;�3�
�T	�U�B�'��� �����'
$�I;�"��I
��=�������	!,�����'
$��
�
$�

"�
�
$�V���I:��	���	
����I/XWY�@�$� ����������
��.����
���
$��
$38
���3'�'��� ��"$�Z���N�$�,:��	���'�Q�	�[��"�
#�<\$�����N���Q�����4%]�'���$�7�^���'�

!	�'
�����
��$�'�$�<���B���	!+"V
�
$�_��"$�	
`
�������!��9
#���	�<
�!,�����'
_:��	��H��<
�
$�_�'H�a��	!	�N
�
����	��%.� ��"C��"$�	���N�B�	��!	�	������
���� >

3'���'��
$�$�	�K����
�
$��
�3'�I/Lbc"$�@!��	
�����
��-���$��
��L
����@���4�7
�F'�M�$��������
$�'
6O2���B�	�	!+"K!	�'
����,d����$
��]��
��)�'���7
#�����'
<���

�^
�!������ ��
#���5%��'���7���Q��������
$3$;�
�
$�N����������T	�5HB�6�6>7���I:��	���	
����c
����$�	��!,����!����,�^�	���	
$!	�	�]���e
������6!	�9
#���5�������B�'��
���� >

!	��O2��!�!	�$������
$3c��
#��
.�)���'�V�$� fQ�����	
��g���6��
���� �����	�h
�
$�UH$�������L"�>6�B����"$�	����T��	�M���,d���!�
���� ���	����/gi����'�[��"$�'���-� ���	���I;


�
8j-k<O2H�
����	�K���	��"$���8���M�$�,:������'�B�	�8���=���	���	!	�@!	�'������!,�M%��'���6O2����
�
$��
$3R��
������I/=l6�$!	!	�������)�$������
���
$��
�3R���

�$�	���'
$������
#���	����
m��"$�e�,d6�B���������	
����L���]��"$���	��
$
#���$��
��(��
���F��InNo���
$��!	���,%.��
$34
@a�
���p$;]o�����
��$����
$3<
N���,�����	��p


�
$�8o��Q�'������
$3�%�
#���	��p$/

CategoriesandSubjectDescriptors:I.2.6[Arti�cial Intelligence]: Learning—Language acquisition; I.2.0[Arti-
�cial Intelligence]: General—Cognitive simulation; H.5.2[Information interfacesand representation]: User
Interfaces—Theoryandmethods
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1. INTRODUCTION

The next generationof computersis expectedto interactandcommunicatewith usersin
a cooperative and naturalmannerwhile usersengagein everydayactivities. By being
situatedin users'environments,intelligentcomputersshouldhave basicperceptualabili-
ties,suchasunderstandingwhatpeoplearetalking about(speechrecognition),whatthey
are looking at (visual object recognition)and what they are doing (action recognition).
Furthermore,similar to humancounterparts,computersshouldacquireandthenusethe
knowledgeof associationsbetweendifferentperceptualinputs.For instance,spokenwords
of objectnames(sensedfrom auditoryperception)arenaturallycorrelatedwith visualap-
pearancesof the correspondingobjectsobtainedfrom visual perception.Oncemachines
havethatknowledgeandthoseabilities,they candemonstratemany human-likebehaviors
andperformmany helpful acts. In the scenarioof makinga peanut-buttersandwich,for
example,whena userasksfor a pieceof breadverbally, a computercanunderstandthat
thespokenword “bread” refersto some�at squarepieceon thekitchentable. Therefore,
with an actuatorsuchasa robotic arm, the machinecan �rst locatethe position of the
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bread,thengraspanddeliver it to theuser. In anothercontext, a computermaydetectthe
user'sattentionandnoticethattheattentionalobjectis a peanutbutterjar, it canthenutter
theobjectnameandprovide informationrelatedto peanutbutterby speech,suchasa set
of recipesor nutritionalvalues.In a third example,a computermaybeableto recognize
whattheuseris doingandverballydescribewhatit sees.Theability to generateverbalde-
scriptionsof user'sbehaviors is a precursorto makingcomputerscommunicatewith users
naturally. In this way, computerswill seamlesslyintegrateinto our everydaylives,and
work asintelligentobserversandhuman-likeassistants.

To progresstowardthegoalof anthropomorphicinterfaces,computersneedto not only
recognizethe soundpatternsof spoken wordsbut alsoassociatethemwith their percep-
tually groundedmeanings.Two research�elds areclosely relatedto this topic: speech
recognitionandmultimodalhuman-computerinterfaces.Unfortunately, bothof themonly
addresssomepartsof theproblem.They cannotprovideasolutionto thewholeissue.

Most existing speechrecognitionsystemscannot achieve thegoalbecausethey purely
rely onstatisticalmodelsof speechandlanguage,suchashiddenMarkov models[Rabiner
andJuang1989]andhybrid connectionistmodels[Lippmann1989]. Typically, an auto-
maticspeechrecognitionsystemconsistsof a setof modules:acousticfeatureextraction,
acousticmodeling,word modelingandlanguagemodeling. The parametersof acoustic
modelsareestimatedusingtrainingspeechdata.Word modelsanda languagemodelare
trainedusingtext corpora.After training,thesystemcandecodespeechsignalsinto rec-
ognizedword sequencesusingacousticmodels,languagemodelsandword network. This
kind of systemshastwo inherentdisadvantages.First, they requirea training phasein
which largeamountsof spokenutterancespairedwith manuallylabeledtranscriptionsare
neededto trainthemodelparameters.Thistrainingprocedureis time-consumingandneeds
humanexpertiseto labelspokendata.Second,thesesystemstransformacousticsignalsto
symbolicrepresentations(texts) without regardto their perceptuallygroundedmeanings.
Humansneedto interpretthemeaningsof thesesymbolsbasedonourown knowledge.For
instance,a speechrecognitionsystemcanmapthesoundpattern“jar” to thestring“jar”,
but it doesnot know its meaning.

In multimodalhuman-computerinterfacestudies,researchersmainlyfocusonthedesign
of multimodalsystemswith performanceadvantagesoverunimodalonesin thecontext of
differenttypesof human-computerinteraction[Oviatt 2002]. The technicalissuehereis
multimodal integration– how to integratesignalsin differentmodalities. Therearetwo
typesof multimodalintegration,oneis to mergesignalsat thesensorylevel andtheother
ata semanticlevel. The�rst approachis mostoftenusedin suchapplicationsthatthedata
is closelycoupledin time, suchasspeechandlip movements.At eachtimestamp,sev-
eral featuresextractedfrom differentmodalitiesaremergedto form a higher-dimensional
representation,which is thenusedasinput of the classi�cationsystemusuallybasedon
multiple HMMs or temporalneuralnetworks. Multimodal systemsusingsemanticfusion
includeindividual recognizersanda sequentialintegrationprocess.Theseindividual rec-
ognizerscanbetrainedusingunimodaldata,whichcanthenbeintegrateddirectlywithout
re-training.Integrationis thusanassemblingprocessthatoccursaftereachunimodalpro-
cessingsystemhasalreadymadedecisionsbasedon the individual inputs. However, no
matterbasedon featureor semanticfusion,mostsystemsdo not have learningability in
thesensethatdevelopersneedto encodeknowledgeinto somesymbolicrepresentationsor
probabilisticmodelsduringthetrainingphase.Oncethesystemsaretrained,they arenot
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ableto automaticallygainadditionalknowledgeeventhoughthey aresituatedin physical
environmentsandcanobtainmultisensoryinformation.

We arguethat theshortcomingsdescribedabove lie in the fact that sensoryperception
andknowledgeacquisitionof machinearequite different from thoseof humancounter-
parts.For instance,humanslearnlanguagebasedon their sensorimotorexperienceswith
the physicalenvironment. We learnwordsby sensingthe environmentthroughour per-
ceptualsystems,which do not provide the labeledor preprocesseddata. Differentlevels
of abstractionarenecessaryto ef�ciently encodethosesensorimotorexperiences,andone
vital roleof humanbrainis to mapthoseembodiedexperienceswith linguistic labels(sym-
bolic representations).Therefore,to communicatewith humansin daily life, achallengein
machineintelligenceis how to acquirethesemanticsof wordsin alanguagefrom cognitive
andperceptualexperiences.This challengeis relevant to the symbolgroundingproblem
[Harnad1990]:establishingcorrespondencesbetweeninternalsymbolicrepresentationsin
anintelligentsystemsituatedin thephysicalworld (e.g.,arobotor anembodiedagent)and
sensorydatacollectedfrom theenvironment. We believe that computationallymodeling
how humansgroundsemanticsis a key to understandingour own mindsandultimately
creatingembodiedlearningmachines.

This paperdescribesa multimodal learningsystemthat is able to learn perceptually
groundedmeaningsof wordsfrom users'everydayactivities. Theonly requirementis that
usersneedto describetheir behaviors verballywhile performingthoseday-to-daytasks.
To learna word (shown in Figure1), thesystemneedsto discover its soundpatternfrom
continuousspeech,recognizeits meaningfrom non-speechcontext, andassociatethese
two. Sinceno manually labeleddata is involved in the learningprocess,the rangeof
problemsweneedto addressin thiskind of word learningis substantial.To makeconcrete
progress,thispaperfocusesonhow to associatevisualrepresentationsof objectswith their
spokennamesandmapbodymovementsto actionverbs.

In our system,perceptualrepresentationsareextractedfrom sensorydataandusedas
perceptuallygroundedmeaningsof spokenwords.This is basedon evidencethatfrom an
early age,humanlanguagelearnersareableto form perceptually-basedcategorical rep-
resentations[Quinn et al. 1993]. Thosecategoriesarehighlightedby theuseof common
wordsto referto them.Thus,themeaningof theword “dog” correspondsto thecategory
of dogs,which is a mentalrepresentationin thebrain. Furthermore,[SchynsandRodet]
arguedthattherepresentationsof objectcategoriesemergefrom thefeaturesthatareper-
ceptuallylearnedfrom visual input duringthedevelopmentalcourseof objectrecognition
andcategorization.In thisway, objectnamingby youngchildrenis essentiallyaboutmap-
ping wordsto selectedperceptualproperties.Most researchersagreethatyounglanguage
learnersgeneralizenamesto new instanceson the basisof somesimilarity but thereare
many debatesaboutthe natureof similarity (seea review in Landauet al. 1998). It has
beenshown thatshapeis generallyattendedto for solid rigid objects,andchildrenattend
to otherspeci�c properties,suchastexture,sizeor color, of theobjectsthathave eyesor
arenot rigid [Smithet al. 1996]. In light of theperceptualnatureof humancategorization,
our systemrepresentsobjectmeaningsasperceptualfeaturesconsistingof shape,color
andtexture featuresextractedfrom the visual appearancesof objects. The categoriesof
objectsareformedby clusteringthoseperceptualfeaturesinto groups. Our systemthen
choosesthe centroidof eachcategory in the perceptualfeaturespaceasa representation
of the meaningof this category, andassociatethis featurerepresentationwith linguistic
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labels.Themeaningsof actionsverbsaredescribedin termsof motionpro�les in oursys-
tem,whichdonotencapsulateinferencesaboutcausality,functionandforcedynamics(see
[Siskind2001]for angoodexample).Weunderstandthatthosemeaningsfor objectnames
andactionverbs(mentalrepresentationsin our computationalsystem)aresimpli�ed and
may not be the exact samewith the conceptsin the brain (mentalrepresentationsin the
user's brain) becauseit dependson how machinesjudgethecontentof theuser's mental
stateswhenhe/sheuttersthespeech.In addition,many humanconceptscannotbesimply
characterizedin easyperceptualterms(seefurtherdiscussionsaboutconceptsfrom differ-
entviews in [Gopnik andMeltzoof 1997;Keil 1989]). However, aslong aswe agreethat
meaningsaresomementalentitiesin theuser'sbrainandthatthecognitivestructuresin the
user'sbrainareconnectedto his/herperceptualmechanisms,thenit followsthatmeanings
shouldbeat leastpartially perceptuallygrounded.Sincewe focuson automaticlanguage
learningbut not conceptlearningin this work, a hypothesishereis that theform we store
perceptionshasthe sameform asthe meaningsof words[Gardenfors1999]. Therefore,
we usethe form of perceptualrepresentationthat canbe directly extractedfrom sensory
datato representmeanings.

To learnperceptuallygroundedsemantics,theessentialideasof our systemareto iden-
tify the soundpatternsof individual wordsfrom continuousspeechusingnon-linguistic
contextual information and employ body movementsas deictic referencesto discover
word-meaningassociations.Ourworksuggestsanew trendin developinghuman-computer
interfacesthatcanautomaticallylearnspokenlanguageby sharinguser-centricmultisen-
sory information.This adventrepresentsthebeginningof anongoingprogressiontoward
computationalsystemscapableof human-likesensoryperception[Wenget al. 2001].

ay eh m r iy hh ch in ng uh
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I am reaching over

and picking up a few

sheets of paper. I am

putting the paper

lined up. Stapling the

paper. I am going to

fold the papers. Place

them at  the spot

here.


phoneme sequence

picking up
 lined up
 paper


stapling


fold


place


p ey pcl p hh er


p ey pcl p er


p ay

p er


p

ey per r z


Fig. 1. The problemsin word learning. Theraw speechis �rst convertedto phonemesequences.Thegoalof
our methodis to discover phonemesubstringsthatcorrespondto thesoundpatternsof wordsandtheninfer the
groundedmeaningsof thosewordsfrom non-speechmodalities.
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2. BACKGROUND

Languageis aboutsymbolsandhumansgroundthosesymbolsin sensorimotorexperiences
during their development[Lakoff andJohnson1980]. To developa multimodallearning
interfacefor word acquisition,it is helpful to make useof our knowledgeof humanlan-
guagedevelopmentto guide the designof our approach. English-learninginfants �rst
displaysomeability to segmentwordsat about7.5months[JusczykandAslin 1995]. By
24 months,thespeedandaccuracy with which infantsidentify wordsin �uent speechis
similar to thatof nativeadultlisteners.A numberof relevantcueshavebeenfoundthatare
correlatedwith the presenceof word boundariesandcanpotentiallysignalword bound-
ariesin continuousspeech(see[Jusczyk1997] for a review). Around 6 to 12 monthsis
thestageof graspingthe�rst words.A predominantproportionof mostchildren's �rst vo-
cabulary (the�rst 100wordsor so), in variouslanguagesandundervaryingchild-rearing
conditions,consistof objectnames,suchas food, clothing and toys. The secondlarge
category is thesetof verbsthat is mainly limited to actionterms. Gillette et al. [Gillette
et al. 1999] showed that learnabilityof a word is primarily basedupon its imageability
or concreteness.Therefore,mostobjectnamesandactionverbsarelearnedbeforeother
wordsbecausethey aremoreobservableandconcrete.Next, infantsmove to thestageof
vocabularyspurtor namingexplosion,in whichthey startlearninglargeamountsof words
muchmorerapidly thanbefore.At themeanwhile,grammargraduallyemergesfrom the
lexicon, both of which sharethe samemental-neuralmechanisms[BatesandGoodman
1999]. Many of the later learnedwordscorrespondto abstractnotions(e.g.,noun:“idea”,
verb:“think”) andarenot directly groundedin embodiedexperiences.However, Lakoff
andJohnson[Lakoff andJohnson1980]proposedthatall humanunderstandingis based
on metaphoricalextensionof how we perceiveour own bodiesandtheir interactionswith
the physicalworld. Thus,the initial andimageablewordsdirectly groundedin physical
embodimentserve asa foundationfor the acquisitionof abstractwordsandsyntaxthat
becomeindirectly groundedthroughtheir relationsto thosegroundedwords. Therefore,
theinitial stageof languageacquisition,in whichinfantsdealprimarily with thegrounding
problem,is critical in this semanticbootstrappingprocedurebecauseit providesasensori-
motorbasisfor furtherdevelopment.

The experimentalstudieshave yieldedinsightsinto perceptualabilities of youngchil-
drenandprovidedinformative constraintsin building computationalsystemsthatcanac-
quirelanguageautomatically. Recentcomputationalmodelsaddresstheproblemsof both
speechsegmentationand lexical learning. A good survey of the relatedcomputational
studiesof speechsegmentationcanbe found in [Brent 1999], in which several methods
areexplained,their performancein computersimulationsis summarized,andbehavioral
evidencebearingon themis discussed.Among them,Brent andCartwright [Brent and
Cartwright1996] have encodedinformationof distributional regularity andphonotactic
constraintsin their computationalmodel. Distributional regularity meansthat soundse-
quencesoccurringfrequentlyand in a variety of contexts are bettercandidatesfor the
lexiconthanthosethatoccurrarelyor in few contexts. Thephonotacticconstraintsinclude
boththerequirementthateverywordmusthaveavowel andtheobservationthatlanguages
imposeconstraintsonword-initial andword-�nal consonantclusters.Most computational
studies,however, usephonetictranscriptionsof text as input and do not deal with raw
speech.Fromacomputationalperspective,they simpli�ed theproblemby notcopingwith
the acousticvariability of spoken wordsin differentcontexts andby varioustalkers. As
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a result, their methodscannotbe directly appliedto develop computationalsystemsthat
acquirelexiconsfrom raw speech.

Siskind [Siskind 1995] developeda mathematicalmodelof lexical learningbasedon
cross-situationallearningandthe principle of contrast,which learnedword-meaningas-
sociationswhenpresentedwith pairedsequencesof pre-segmentedtokensandsemantic
representations.Regier'swork [Regier1996]wasaboutmodelinghow somelexical items
describingspatialrelationsmight develop in different languages.Bailey [Bailey 1997]
proposeda computationalmodel that learnsto not only produceverb labelsfor actions
but alsocarry out actionsspeci�ed by verbsthat it haslearned.A goodreview of word
learningmodelscanbefoundin [Regier 2003].Differentfrom mostothersymbolicmod-
elsof vocabulary acquisition,physicalembodimenthasbeenappreciatedby theworksof
[Roy 2002;Roy andPentland2002]and[SteelsandVogt 1997]. SteelsandVogt showed
how a coherentlexicon may spontaneouslyemerge in a groupof robotsengagedin lan-
guagegamesandhow a lexicon may adaptto copewith new meaningsthat arise. Roy
andPentland[Roy andPentland2002] implementeda modelof early languagelearning
which canlearnwordsandtheir semanticsfrom raw sensoryinput. They usedthe tem-
poralcorrelationof speechandvision to associatespokenutteranceswith a corresponding
object'svisualappearance.However, theassociatedvisualandaudiocorpsesarecollected
separatelyfrom differentexperimentalsetupsin Roy'ssystem.Speci�cally, audiodataare
gatheredfrom infant-caregiverinteractionswhile visualdataof individualobjectsarecap-
turedby a CCD cameraon a robot. Thus,audioandvisual inputsaremanuallycorrelated
basedon theco-occurrenceassumption,whichclaimsthatwordsarealwaysutteredwhen
their referentsareperceived.Roy'swork is groundbreakingbut leavestwo importantareas
for improvement.The �rst is that theco-occurrenceassumptionhasnot beenveri�ed by
experimentalstudiesof humanlanguagelearners(e.g., infantslearningtheir native lan-
guage[Bloom 2000]). We arguethat this assumptionis not reliableandappropriatefor
modelinghumanlanguageacquisitionandstatisticallearningof audio-visualdatais un-
likely to be thewholestory for automaticlanguageacquisition.The secondissueis that
Roy's work doesnot includethe intentionalsignalsof thespeaker whenhe/sheuttersthe
speech.We show thatthey canprovidepivotalconstraintsto improveperformance.

3. A MULTIMODAL LEARNING INTERFACE

Recentpsycholinguisticstudies(e.g., [Baldwin et al. 1996]; [Bloom 2000]; [Tomasello
2000])have shown thata majorsourceof constraintin languageacquisitioninvolvesso-
cial cognitiveskills, suchaschildren'sability to infer theintentionsof adultsasadultsact
andspeakto them. Thesekinds of socialcognitionarecalledmind readingby [Baron-
Cohen1995]. Bloom [Bloom 2000] arguedthat children's word learningactuallydraws
extensively on their understandingof the thoughtsof speakers. His claim hasbeensup-
portedby theexperimentsin whichyoungchildrenwereableto �gure outwhatadultswere
intendingto referto by speech.In a complementarystudyof embodiedcognition,Ballard
andcolleagues[Ballard et al. 1997]proposedthatorientingmovementsof thebodyplay
a crucialrole in cognitionandform a usefulcomputationallevel, termedtheembodiment
level. At this level, the constraintsof the body determinethe natureof cognitive opera-
tions, andthe body's pointing movementsareusedasdeictic referencesto bind objects
in the physicalenvironmentto cognitive programsof our brains. Also, in the studiesof
speechproduction,Meyer et al. [Meyer et al. 1998]showedthatthespeakers' eye move-
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mentsaretightly linkedto theirspeechoutput.They foundthatwhenspeakerswereasked
to describea setof objectsfrom a picture,they usuallylookedat eachnew objectbefore
mentioningit, andtheir gazesremainedon the objectuntil they areaboutto saythe last
word aboutit.

By putting togetherthe �ndings from thesecognitive studies,we proposethat speak-
ers' bodymovements,suchaseyemovements,headmovementsandhandmovements,can
reveal their referentialintentionsin verbalutterances,which couldplay a signi�cant role
in automaticlanguageacquisitionin bothcomputationalsystemsandhumancounterparts
[Yu et al. 2003;Yu andBallard2003]. To supportthis idea,we provide an implemented
systemto demonstratehow inferencesof speaker's referentialintentionsfrom their body
movements,which we termembodiedintention, canfacilitateacquiringgroundedlexical
items.In ourmultimodallearninginterface,aspeaker'sreferentialintentionsareestimated
andutilized to facilitatelexical learningin two ways.First, possiblereferentialobjectsin
time provide cuesfor word spottingfrom a continuousspeechstream.Speechsegmenta-
tion withoutprior languageknowledgeis achallengingproblemandhasbeenaddressedby
solelyusinglinguistic information.In contrast,our methodemphasizestheimportanceof
non-linguisticcontexts in whichspokenwordsareuttered.We proposethatthesoundpat-
ternsfrequentlyappearingin thesamecontext arelikely to havegroundedmeaningsrelated
to thiscontext. Thus,by �nding frequentlyutteredsoundpatternsin aspeci�c context (e.g.,
anobjectthatusersintentionallyattendto), thesystemdiscoversword-likesoundunitsas
candidatesfor building lexicons. Second,a dif�cult taskof word learningis to �gure out
which entitiesspeci�c wordsrefer to from a multitudeof co-occurrencesbetweenspoken
words(from auditoryperception)andthingsin theworld (from non-auditorymodalities,
suchasvisualperception).This is accomplishedin our systemby utilizing speakers' in-
tentionalbodymovementsasdeictic referencesto establishassociationsbetweenspoken
wordsandtheir perceptuallygroundedmeanings.

To groundlanguage,thecomputationalsystemneedsto have sensorimotorexperiences
by interactingwith thephysicalworld. Our solutionis to attachdifferentkindsof sensors
to a real personto sharehis/hersensorimotorexperiencesasshown in Figure2. Those
sensorsincludeahead-mountedCCDcamerato capturea �rst-personpointof view, ami-
crophoneto senseacousticsignals,an eye tracker to track the courseof eye movements
that indicatetheagent's attention,andpositionsensorsattachedto theheadandhandsof
theagentto simulateproprioceptionin thesenseof motion.Thefunctionsof thosesensors
aresimilar to humansensorysystemsandthey allow thecomputationalsystemto collect
user-centricmultisensorydatato simulatethe developmentof human-like perceptualca-
pabilities. In the learningphase,the humanagentperformssomeeverydaytasks,such
asmakinga sandwich,pouringsomedrinks or staplinga letter, while describinghis/her
actionsverbally. We collectacousticsignalsin concertwith user-centricmultisensoryin-
formationfrom non-speechmodalities,suchasuser's perspective video, gazepositions,
headdirectionsandhandmovements.A multimodallearningalgorithmis developedthat
�rst spotswordsfrom continuousspeechandthenbuilds the groundedsemanticsby as-
sociatingobjectnamesandactionverbswith visualperceptionandbodymovements.To
learnwordsfrom user'sspokendescriptions,threefundamentalproblemsneededto bead-
dressedare:(1) actionrecognitionandobjectrecognitionto providegroundedmeaningsof
wordsencodedin non-speechcontextual information,(2) speechsegmentationandword
spottingto extract the soundpatternsthat correspondto words, (3) associationbetween
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spokenwordsandtheir perceptuallygroundedmeanings.

Fig. 2. Thelearningsystemsharesmultisensoryinformationwith arealagentin a �rst-personsense.Thisallows
theassociationof coincidentsignalsin differentmodalities.

4. REPRESENTING AND CLUSTERING NON-SPEECH PERCEPTUAL INPUTS

Thenon-speechinputsof thesystemconsistof visualdatafrom a head-mountedcamera,
headandhandpositionsin concertwith gaze-in-headdata. Thosedataprovide contexts
in which spoken utterancesareproduced.Thus,the possiblemeaningsof spoken words
thatusersutterareencodedin thosecontexts,andwe needto extractthosemeaningsfrom
raw sensoryinputs.Speci�cally, thesystemshouldspotandrecognizeactionsfrom user's
bodymovements,anddiscover theobjectsof userinterest.In implementation,weobserve
that in accomplishingwell-learnedtasks,theuser's focusof attentionis linkedwith body
movements. In light of this, our method�rst useseye andheadmovementsascuesto
estimatethe user's focusof attention. Attention,asrepresentedby gaze�xation, is then
utilized for spottingthe targetobjectsof userinterest. Attention switchesarecalculated
andusedto segmenta sequenceof handmovementsinto actionunitswhich arethencat-
egorizedby HiddenMarkov Models (HMMs). The resultsare two temporalsequences
of perceptuallygroundedmeanings(objectsandactions)asdepictedby the box labeled
“contextual information” in Figure9.

4.1 Estimating focus of attention

Eyemovementsarecloselylinkedwith visualattention.Thisgivesriseto theideaof utiliz-
ing eyegazeandheaddirectionto detectthespeaker's focusof attention.We developeda
velocity-basedmethodto modeleyemovementsusingahiddenMarkov modelrepresenta-
tion thathasbeenwidely usedin speechrecognitionwith greatsuccess[RabinerandJuang
1989]. A hiddenMarkov modelconsistsof a setof

�

states�������	��
��
��
�����

������
������ , the
transitionprobability matrix ��������� , where ����� is the transitionprobability of taking

ACM Transactionson AppliedPerception,Vol. V, No. N, Month 20YY.



� 9

the transitionfrom state ��� to state � � , prior probabilitiesfor the initial state�

� , andout-
put probabilitiesof eachstate

�

�������	��
�
 �
� �����	��
�� ������
 � �
� � . Salvucciet al.[Salvucci
andAnderson1998]�rst proposeda HMM-based�xation identi�cation methodthatuses
probabilisticanalysisto determinethemostlikely identi�cationsof a givenprotocol.Our
approachis differentfrom his in two ways.First,we usetrainingdatato estimatethetran-
sition probabilitiesinsteadof settingpre-determinedvalues.Second,we noticethathead
movementsprovidevaluablecuesto modelfocusof attention.This is becausewhenusers
look towardanobject,they alwaysorienttheir headstowardtheobjectof interestsoasto
make it in thecenterof theirvisual�elds. As aresultof theaboveanalysis,headpositions
areintegratedwith eyepositionsastheobservationsof HMM.

A 2-stateHMM is usedin our systemfor eye �xation �nding. Onestatecorresponds
to saccadeandtheotherrepresents�xation. Theobservationsof HMM are2-dimensional
vectorsconsistingof themagnitudesof thevelocitiesof headrotationsin threedimensions
andthemagnitudesof velocitiesof eyemovements.We modeltheprobabilitydensitiesof
theobservationsusinga two-dimensionalGaussian.Theparametersof HMMs needingto
be estimatedcomprisetheobservationandtransitionprobabilities.Speci�cally, we need
to computethemeans( � ����
�� ��� ) andvariances( ������
�� ��� ) of two-dimensionalGaussianfor

� � stateandthe transitionprobabilitiesbetweentwo states.Theestimationproblemcon-
cernshow to adjustthe model � to maximize ����������
 given an observation sequence

� of gazeandheadmotions.We caninitialize themodelwith �at probabilities,thenthe
forward-backwardalgorithm[RabinerandJuang1989] allows us to evaluatethis proba-
bility. Usingtheactualevidencefrom the trainingdata,a new estimatefor the respective
outputprobabilitycanbeassigned:
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where
&

$

�)(*
 is de�ned astheposteriorprobabilityof beingin state�
� at time � giventhe
observationsequenceandthemodel.

As learningresults,thesaccadestatecontainsanobservationdistributioncenteredaround
high velocitiesand the �xation staterepresentsthe datawhosedistribution is centered
aroundlow velocities. The transitionprobabilitiesfor eachstaterepresentthe likelihood
of remainingin thatstateor makingatransitionto anotherstate.An exampleof theresults
of eyedataanalysisis shown in Figure3.

4.2 Attentional Object Spotting

Knowing attentionalstatesallowsfor automaticobjectspottingby integratingvisualinfor-
mationwith eye gazedata. For eachattentionalpoint in time, the objectof userinterest
is discoveredfrom thesnapshotof thescene.Multiple visual featuresarethenextracted
from thevisualappearanceof theobjectwhichareusedfor objectcategorization.Figure4
showsanoverview of our approach[Yu et al. 2002].

4.2.1 Object Spotting.Attentional object spottingconsistsof two steps. First, the
snapshotsof thescenearesegmentedinto blobsusingratio-cut[WangandSiskind2003].
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Fig. 3. Eye �xation �nding . The top plot: Thespeedpro�le of headmovements.The middle plot: Point-to-
point magnitudeof velocitiesof eye positions.The bottom plot: A temporalstatesequenceof HMM (thelabel
“�xation” indicatesthe�xation stateandthelabel“movement”representsthesaccadestate).
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Fig. 4. Theoverview of attentionalobjectspotting

Theresultof imagesegmentationis illustratedin Figure 6(b) andonly blobslarger than
a thresholdareused.Next, we groupthoseblobsinto severalsemanticobjects.Our ap-
proachstartswith theoriginal image,usesgazepositionsasseedsandrepeatlymergesthe
mostsimilar regionsto form new groupsuntil all theblobsarelabeled.Eyegazein each
attentionaltime is thenutilized asa cueto extract theobjectof userinterestfrom all the
detectedobjects.

We usecolor as the similarity featurefor merging regions. ��������� color spaceis
adoptedto overcomeundesirableeffectscausedby variedlighting conditionsandachieve
morerobustillumination-invariantsegmentation.�����	�
� colorconsistsof a luminanceor
lightnesscomponent(L*) andtwo chromaticcomponents:thea* component(from green
to red) and the b* component(from blue to yellow). To this effect, we computein the

�����
��� color spacethesimilarity distancebetweentwo blobsandemploy thehistogram
intersectionmethodproposedby [SwainandBallard1991]. If ��� and �	� denotethecolor
histogramsof two regions � and � , their histogramintersectionis de�ned as:

���
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wheren is thenumberof bin in colorhistogram,and -/.

���

�����0��.�-21 3 . Two neighboring
regionsaremergedinto a new region if the histogramintersection

�4�

������� is betweena
threshold5�6

�

-7.8596:.;-<1=3>� and -21 3 . While this similarity measureis fairly simple, it
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Algorithm : objectsegmentationbasedongaze�xations
Initialization:

Computethecolorhistogramof eachregion.
Labelseedregionsaccordingto thepositionsof gaze�xations.
Mergeseedregionsthatareneighborsto eachotherandareclosewith respectto their similarity.
Putneighboringregionsof seedregionsin theSSL.

Merging:
WhiletheSSLis notempty

Remove thetop region � from SSL.
Comparethesimilarity between� andall theregionsin ��� and�nd theclosestseedregion � .
Mergetheregions � and � andcomputethecolorhistogramof new region �����
	�� .
Testeachneighboringregion �
� of � :

If ��� is labeledasaseedregion
Mergetheregion with � if they aresimilar.

Otherwise
Add theregion to theSSLaccordingto its colorsimilarity with � , �����
������� .

Fig. 5. Thealgorithmfor merging blobs

is remarkablyeffective in determiningcolor similarity betweenregionsof multi-colored
objects.

The approachof merging blobs is basedon a setof regionsselectedby a user's gaze
�xations, termedseedregions. We startwith a numberof seedregions �

�

��

�


������
���� , in

whichn is thenumberof regionsthattheuserwasattendingto. Giventhoseseedregions,
the merging processthen �nds a groupingof the blobs into semanticobjectswith the
constraintthattheregionsof a visualobjectarechosento beashomogeneousaspossible.
Theprocessevolvesinductively from theseedregions.Eachstepinvolvestheadditionof
oneblob to oneof the seedregionsandthe merging of neighborregionsbasedon their
similarities.

In the implementation,we make useof a SequentiallySortedList (SSL) [Adamsand
Bischof 1994] that is a linked list of blobsorderedaccordingto someattribute. In each
stepof our method,we considertheblob at thebeginningof thelist. Whenaddinga new
blob to thelist, we placeit accordingto its valueof theorderingattributesothatthelist is
alwayssortedbasedon theattribute. Let ����� ���

�

�


��

�

�


 ������
��

�

�

� bethesetof immediate
neighborsof theblob � , whichareseedregions.For all theregionsin ��� , theseedregion
thatis closestto � is de�ned as:

�

���! #"�$%�'&
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where
(

� ��
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�

�


 is thesimilarity distancebetweenregion � and �

�

�

basedon theselected
similarity feature. The orderingattribute of region � is then de�ned as

(

� ��


�


 . The
mergingprocedureis illustratedin Figure5. Figure6 showshow thesestepsarecombined
to getanattentionalobject.

4.2.2 ObjectRepresentationandCategorization. Thevisualrepresentationof theex-
tractedobjectcontainscolor, shapeandtexturefeatures.Basedontheworksof [Mel 1997],
weconstructthevisualfeaturesof objectswhicharelargein number, invariantto different
viewpoints,anddrivenby multiplevisualcues.Speci�cally, 64-dimensionalcolor features
areextractedby a color indexing method[Swain andBallard1991],and48-dimensional
shapefeaturesarerepresentedby calculatinghistogramsof localshapeproperties[Schiele
andCrowley 2000]. The Gabor�lters with threescalesand� ve orientationsareapplied

ACM TransactionsonApplied Perception,Vol. V, No. N, Month 20YY.



12 �

(a) (b) (c)

Fig. 6. Left: The snapshotimagewith eye positions(black crosses).Middle: The resultsof low-level image
segmentation.Right: Combiningeye positiondatawith thesegmentationto extractanattendedobject.

to the segmentedimage. It is assumedthat the local texture regionsarespatiallyhomo-
geneous,andthemeanandthestandarddeviation of themagnitudeof the transformco-
ef�cients areusedto representan objectin a 48-dimensionaltexture featurevector. The
featurerepresentationsconsistingof a total of 160 dimensionsareformedby combining
color, shapeandtexturefeatures,whichprovidefundamentaladvantagesfor fast,inexpen-
sive recognition.Most patternrecognitionalgorithms,however, do not work ef�ciently in
high dimensionalspacesbecauseof the inherentsparsityof the data. This problemhas
beentraditionally referredto asthedimensionalitycurse. In our system,we reducedthe
160-dimensionalfeaturevectorsinto thevectorsof dimensionality15by principlecompo-
nentanalysis(PCA),whichrepresentsthedatain alowerdimensionalsubspaceby pruning
away thosedimensionswith the leastvariance.Next, sincethe featurevectorsextracted
from visual appearancesof attentionalobjectsdo not occupy a discretespace,we vector
quantizetheminto clustersby applyinga hierarchicalagglomerativeclusteringalgorithm
[Hartigan1975]. Finally, we selecta prototypeto representperceptualfeaturesof each
cluster.

4.3 Segmenting and Clustering Motion Sequences

Recentresultsin visualpsychophysics[Landet al. 1999;Hayhoe2000;LandandHayhoe
2001] indicatethat in naturalcircumstances,theeyes,thehead,andhandsarein contin-
ual motion in the context of ongoingbehavior. This requiresthe coordinationof these
movementsin both time andspace.Land et al. [Land et al. 1999] found that during the
performanceof a well-learnedtask(makingtea),the eyescloselymonitor every stepof
theprocessalthoughtheactionsproceedwith little consciousinvolvement.Hayhoe[Hay-
hoe2000]hasshown thateyeandheadmovementsarecloselyrelatedto therequirements
of motor tasksandalmostevery action in an actionsequenceis guidedandchecked by
vision, with eye andheadmovementsusuallyprecedingmotor actions. Moreover, their
studiessuggestedthat theeyesalwayslook directly at theobjectsbeingmanipulated.In
our experiments,we con�rm the conclusionsby HayhoeandLand. For example,in the
actionof “picking up a cup”, thesubject�rst movestheeyesandrotatestheheadto look
towardthecupwhile keepingtheeye gazeat thecenterof view. Thehandthenbeginsto
move toward thecup. Drivenby theupperbodymovement,theheadalsomovestoward
thelocationwhile thehandis moving. Whenthearmreachesthetargetplace,theeyesare
�xating on it to guidetheactionof grasping.

Despitetherecentdiscoveriesof thecoordinationof eye, headandhandmovementsin
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cognitive studies,little work hasbeendonein utilizing theseresultsfor machineunder-
standingof humanbehavior. In thiswork, ourhypothesisis thateyeandheadmovements,
asanintegralpartof themotorprogramof humans,provide importantinformationfor ac-
tion recognitionof humanactivities. We testthis hypothesisby developinga methodthat
segmentsactionsequencesbasedonthedynamicpropertiesof eyegazeandheaddirection,
andappliesDynamicTime Warping(DTW) andHMM to clustertemporalsequencesof
humanmotion[Yu andBallard2002a;2002b].

Humansperceiveanactionsequenceasseveralactionunits[KuniyoshiandInoue1993].
This givesrise to theideathat thesegmentationof a continuousactionstreaminto action
primitives is the �rst step toward understandinghumanbehaviors. With the ability to
track the courseof gazeandheadmovements,our approachusesgazeandheadcuesto
detectuser-centricattentionswitchesthat canthenbe utilized to segmenthumanaction
sequences.

We observe that actionscanoccur in two situations:during eye �xations andduring
head�xations. For example,in a “picking up” action,theperformerfocuseson theobject
�rst �rstly , then the motor systemmovesa handto approachit. During the procedure
of approachingand grasping,the headmoves toward the object as the result of upper
body movements,but eye gazeremainsstationaryon the targetobject. The secondcase
includessuchactionsas“pouring water” in which thehead�xates on theobjectinvolved
in theaction.During thehead�xation, eye-movementrecordingsshow thattherecanbea
numberof eye �xations. For example,whentheperformeris pouringwater, hespends� ve
�xations onthedifferentpartsof thecupandonelook-ahead�xation to thelocationwhere
hewill placethewaterpotafterpouring. In this situation,thehead�xation is a bettercue
thaneye �xations to segmenttheactions.

Basedon theabove analysis,we developan algorithmfor actionsegmentation,which
consistsof thefollowing threesteps:

(1) Head�xation �nding is basedontheorientationsof thehead.Weuse3D orientations
to calculatethespeedpro�le of thehead,asshown in the�rst two rowsof Figure7.

(2) Eye�xation �nding is accomplishedby avelocity-threshold-basedalgorithm.A sam-
pleof theresultsof eyedataanalysisis shown in thethird andfourthrowsof Figure7.

(3) Action Segmentationis achievedby analyzingheadandeye �xations, andpartition-
ing thesequenceof handpositionsinto actionsegments(shown in thebottomrow of
Figure7) basedon thefollowing threecases:
—A head�xation may containone or multiple eye �xations. This correspondsto

actions,suchas“unscrewing”. “Action 3” in thebottomrow of Figure7 represents
thiskind of action.

—During theheadmovement,theperformer�xates on thespeci�c object.Thissitua-
tion correspondsto actions,suchas“picking up”. “Action 1” and“Action 2” in the
bottomrow of Figure7 representthis classof actions.

—During the headmovement,eyes are also moving. It is most probablethat the
performeris switchingattentionafterthecompletionof thecurrentaction.

We collect the raw position ��� 
�� 
���
 andthe rotation �

(


�� 
	� 
 dataof eachactionunit
from whichfeaturevectorsareextractedfor recognition.Wewantto recognizethetypesof
motionnottheaccuratetrajectoryof thehandbecausethesameactionperformedby differ-
entpeoplevaries.Evenin differentinstancesof asimpleactionof “picking up” performed
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Head rotation

speed (degree)


Head fixation


Eye fixation


Eye speed

(degree)


action 1
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hand movement


Fig.7. Segmentingactionsbasedon headand eye�xations. The �rst two rows: point-to-pointspeedsof head
dataandthecorresponding�xation groups(1–�xating, 0–moving).The third and fourth rows: eye movement
speedsandtheeye �xation groups(1–�xating, 0–moving) afterremoving saccadepoints.The bottom row: the
resultsof actionsegmentationby integratingeye andhead�xations.

by thesameperson,thehandgoesroughlyin differenttrajectories.This indicatesthatwe
cannot directly usetheraw positiondatato bethefeaturesof theactions.As pointedout
by Campbellet al. [Campbellet al. 1996], featuresdesignedto be invariantto shift and
rotationperformbetterin the presenceof shiftedandrotatedinput. The featurevectors
shouldbe chosenso that large changesin the action trajectoryproducerelatively small
excursionsin thefeaturespace,while thedifferenttypesof motionproducerelatively large
excursions.In thecontext of our experiment,we calculatedthreeelementfeaturevectors
consistingof thehand'sspeedonthetableplane( �

�

�

���

�

� ), thespeedin thez-axis,and
thespeedof rotationin the3 dimensions( �

�

(

���

�

���

�

� ).
Let � denotea handmotiontrajectorythatis a multivariatetime seriesspanningn time

stepssuchthat � � � �

$

��+ - �
- 2 � . �

$ is a vectorof valuescontainingoneelement
for thevalueof eachof thecomponentunivariatetime seriesat time � . Givena setof �

multivariatetime seriesof handmotion,we want to obtainin an unsupervisedmannera
partition of thesetime seriesinto subsetssuchthat eachclustercorrespondsto a quali-
tatively differentregime. Our clusteringapproachis basedon the combinationof HMM
(describedbrie�y in Section 4.1)andDynamicTime Warping[Oateset al. 1999]. Given
two time series� � and � � , DTW �nds the warpingof the time dimensionin � � , which
minimizesthedifferencebetweentwo series.

We modeltheprobabilityof individual observation(a time seriesS) asgeneratedby a
�nite mixturemodelof � componentHMMs [Smyth1997]:

�

� � 
 �

�
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 (5)

where� ���





 is theprior probabilityof 
 th HMM and�




� � � �





 is thegenerativeprobability
giventhe 
 th HMM with its transitionmatrix, observationdensityparameters,andinitial
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stateprobabilities.�




� � � �





 canbecomputedvia theforwardpartof theforward-backward
procedure.Assumethat thenumberof clusters� is known, thealgorithmfor clustering
sequencesinto � groupscanbedescribedin termsof threesteps:

—given � time series,constructa completepairwisedistancematrix by invoking DTW
� ���

-

+�
���� times.Usethedistancematrix to clusterthesequencesinto � groupsby
employing a hierarchicalagglomerativeclusteringalgorithm[Hartigan1975].

—�t oneHMM for eachindividual groupandtrain theparametersof theHMM. � � �





 is
initialized to �




��� where�


 is thenumberof sequenceswhichbelongto cluster 
 .

—iteratively reestimatethe parametersof all the 
 HMMs in the Baum-welchfashion
usingall of the sequences[RabinerandJuang1989]. The weight that a sequence�

hasin thereestimationof 
 th HMM is proportionalto thelog-likelihoodprobabilityof
the sequencegiven that model ���!" �




� � � �





 . Thus,sequenceswith biggergenerative
probabilitiesfor a HMM have greaterin�uence in reestimatingthe parametersof that
HMM.

The intuition of the procedureis as follows: since the Baum-Welch algorithm is hill-
climbing the likelihoodsurface,the initial conditionscritically in�uence the �nal results.
Therefore,DTW-basedclusteringis usedto geta betterestimateof the initial parameters
of HMMs sothattheBaum-Welchprocedurewill not convergeto a local maximumonly.
In thereestimation,sequencesthataremorelikely generatedby aspeci�c modelcausethe
parametersof thatHMM to changein suchawaythatit further�ts for modelingaspeci�c
groupof sequences.

5. SPEECH PROCESSING

Thissectionpresentsthemethodsof phonemerecognitionandphonemestringcomparison
[BallardandYu 2003],whichprovidea basisfor word-meaningassociation.

5.1 Phoneme Recognition

An endpointdetectionalgorithmwasimplementedto segmentaspeechstreaminto several
spokenutterances.Thenthespeaker-independentphonemerecognitionsystemdeveloped
by Robinson[Robinson1994]is employedto convertspokenutterancesinto phonemese-
quences.The methodis basedon RecurrentNeuralNetworks (RNN) that perform the
mappingfrom asequenceof theacousticfeaturesextractedfrom raw speechto asequence
of phonemes.The training dataof RNN are from the TIMIT database— phonetically
transcribedAmericanEnglishspeech— which consistsof readsentencesspokenby 630
speakersfrom eightdialectregionsof theUnitedStates.To train thenetworks,eachsen-
tenceis presentedto the recurrentback-propagationprocedure. The target outputsare
set using the phonemetranscriptionsprovided in the TIMIT database.Oncetrained,a
dynamicprogrammingmatchis madeto �nd the mostprobablephonemesequenceof a
spokenutterance(e.g.theboxeslabeledwith “phonemestrings”in Figure9).

5.2 Comparing Phoneme Sequences

Thecomparisonof phonemesequenceshastwo purposesin our system:oneis to �nd the
longestsimilarsubstringsof two phoneticsequences(word-likeunitsspottingdescribedin
Subsection6.1),andtheotheris to clustersegmentedutterancesrepresentedby phoneme
sequencesinto groups(word-like units clusteringpresentedin Subsection6.2). In both
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Algorithm : phoneticstringcomparison
for � ��� to � do
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���

end for
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end for
end for

Fig. 8. Thealgorithmfor computingthesimilarity of two phoneticstrings

cases,analgorithmof thealignmentof phonemesequencesis anecessarystep.Givenraw
speechinput,thespeci�c requirementhereis to copewith theacousticvariabilityof spoken
wordsin differentcontextsandby varioustalkers.Dueto this variation,theoutputsof the
phonemerecognizerdescribedabove are noisy phonemestringsthat are different from
phonetictranscriptionsof text. In this context, thegoalof phoneticstring matchingis to
identify sequencesthatmightbedifferentactualstrings,but havesimilarpronunciations.

5.2.1 Similarity betweenindividual phonemes.To align phoneticsequences,we �rst
needa metric for measuringdistancesbetweenphonemes.We representa phonemeby
a 12-dimensionalbinary vectorin which every entry standsfor a singlearticulatoryfea-
turecalleda distinctive feature.Thosedistinctive featuresareindispensableattributesof
a phonemethatarerequiredto differentiateonephonemefrom anotherin English[Lade-
foged1993]. In a featurevector, thenumberonerepresentsthepresenceof a featurein a
phonemeandzerorepresentsthe absenceof that feature.Whentwo phonemesdiffer by
only onedistinctive feature,they areknown asbeingminimally distinct from eachother.
For instance,phonemes/p/ and /b/ areminimally distinct becausethe only featurethat
distinguishesthemis “voicing”. We computethedistance��� /�
�(*
 betweentwo individual
phonemesasthe Hammingdistancewhich sumsup all valuedifferencesfor eachof the
12 featuresin two vectors.Theunderlyingassumptionof this metricis thatthenumberof
binary featuresin which two given soundsdiffer is a goodindicationof their proximity.
Moreover, phonologicalrulescanoftenbeexpressedasamodi�cation of a limited number
of featurevalues. Therefore,soundsthat differ in a small numberof featuresaremore
likely to berelated.

Wecomputethesimilarity matrix thatconsistsof 2�@ 2 elementswhere2 is thenumber
of phonemes.Eachelementis assignedto a scorewhich representsthesimilarity of two
phonemes.Thediagonalelementsaresetto a positive value � astherewardsof matching
(with thesamephoneme).Theotherelementsin thematrixareassignedto negativevalues

-

��� /�
�(*
 whichcorrespondto thedistancesof distinctivefeaturesbetweentwo phonemes.
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5.2.2 Alignmentof two phoneticsequences.The outputsof the phonemerecognizer
arephoneticstringswith timestampsof thebeginningandtheendof eachphoneme.We
subsamplethe phoneticstringsso that symbolsin the resultingstringscontainthe same
duration. The conceptof similarity is thenappliedto comparephoneticstrings. A simi-
larity scoringschemeassignspositive scoresto pairsof matchingsegmentsandnegative
scoresto pairsof dissimilarsegments.The optimalalignmentis the onethat maximizes
theoverallscore.Theadvantageof thesimilarity approachis thatit implicitly includesthe
lengthinformationin comparingthesegments.Fundamentalto thealgorithmis thenotion
of string-changingoperationsof DynamicProgramming(DP). To determinetheextent to
which two phoneticstringsdiffer from eachother, we de�ne a setof primitive stringop-
erations,suchasinsertionanddeletion.By applyingthosestringoperations,onephonetic
stringis alignedwith theother. Also, thecostof eachoperationallowsthemeasurementof
thesimilarity of two phoneticstringsasthesumof thecostof individualstringoperations
in alignmentandthe reward of matchingsymbols. To identify the phoneticstringsthat
maybe of similar pronunciation,themethodneedsto considerboth thedurationandthe
similarity of phonemes.Thus,eachphoneticstringis subjectnotonly to alternationby the
usualadditiverandomerrorbut alsoto variationsin speed(thedurationof thephonemebe-
ing uttered).Suchvariationscanbeconsideredascompressionandexpansionof phoneme
with respectto the time axis. In addition,additive randomerror may alsobe introduced
by interpolatingor deletingoriginal sounds.Onesteptowarddealingwith suchadditional
dif�culties is to performthe comparisonin a way that allows for deletionand insertion
operationsaswell ascompressionandexpansionones.In thecaseof anextraneoussound
thatdoesnotdelaythenormalspeechbut merelyconcealsabit of it, deletionandinsertion
operationspermit theconcealedbit to bedeletedandtheextraneoussoundto beinserted,
which is a morerealisticandperhapsmoredesirableexplanationthanthat permittedby
additiverandomerror.

The detailsof the phonemecomparisonmethodare as follows: given two phoneme
sequences� �
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�
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� , of length � and 2 respectively, to �nd the
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 . Oneadditionalrestrictionis appliedon thewarpingprocess:
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wherer is anappropriatepositiveintegercalledwindow length.Thisadjustmentwindow
conditionavoidsundesirablealignmentcausedby a tooexcessive timing difference.
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 . Figure 8 containsour DP algorithmto
computethesimilarity scoreof two phoneticstrings.

6. WORD LEARNING

At thispoint,wecandescribeourapproachto integratingmultimodaldatafor wordacqui-
sition [BallardandYu 2003].Thesystemcomprisestwo basicsteps:speechsegmentation
shown in Figure9 andlexical acquisitionillustratedin Figure11.
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Fig. 9. Word-lik e unit segmentation. Spoken utterancesarecategorizedinto several bins that correspondto
temporallyco-occurringactionsandattentionalobjects.Thenwe compareany pair of spokenutterancesin each
bin to �nd thesimilar subsequencesthataretreatedasword-like units.

6.1 Word-like Unit Spotting

Figure9 illustratesour approachto spottingword-likeunitsin which thecentralideais to
utilize non-speechcontextual informationto facilitatewordspotting.Thereasonfor using
theterm“word-likeunits” is thatsomeactionsareverballydescribedby verbphrases(e.g.
“line up”) but notsingleactionverbs.Theinputsshown in Figure9 arephonemesequences
( � ��
�� ��
�� ��
���� ) andpossiblemeaningsof words(objectsandactions)extractedfrom non-
speechperceptualinputs, which are temporallyco-occurringwith speech. First, those
phonemeutterancesarecategorizedinto several bins basedon their possibleassociated
meanings.For eachmeaning,we �nd the correspondingphonemesequencesutteredin
temporalproximity, andthencategorizetheminto thesamebin labeledby thatmeaning.
For instance,�

� and �
� aretemporallycorrelatedwith the action“stapling”, so they are

groupedin thesamebin labeledby the action“stapling”. Note that, sinceoneutterance
couldbetemporallycorrelatedwith multiplemeaningsgroundedin differentmodalities,it
is possiblethat an utteranceis selectedandclassi�ed in differentbins. For example,the
utterance“staplinga few sheetsof paper”is producedwhena userperformstheactionof
“stapling” andlooks towardtheobject“paper”. In this case,theutteranceis put into two
bins:onecorrespondingto theobject“paper”andtheotherlabeledby theaction“stapling”.
Next, basedon themethoddescribedin Subsection5.2,wecomputethesimilar substrings
betweenany two phonemesequencesin eachbin to obtain word-like units. Figure 10
shows anexampleof extractingword-like units from theutterances� � and ��� thatarein
thebin of theaction“folding”.

6.2 Word-like Unit Clustering

Extractedphonemesubstringsof word-likeunitsareclusteredby ahierarchicalagglomer-
ative clusteringalgorithmthat is implementedbasedon themethoddescribedin Subsec-
tion 5.2. The centroidof eachclusteris thenfound andadoptedasa prototypeto repre-
sentthis cluster. Thoseprototypestringsaremappedbackto continuousspeechstream
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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. 10. An exampleof word-lik e unit spotting. Thesimilarsubstringsof two sequencesare/f ow l d/ (fold), /f
l ow dcl d/ (fold), /pcl p ey p er/ (paper)and/pcl p ay p hher/ (paper).

asshown in Figure 11, which areassociatedwith their possiblemeaningsto build hy-
pothesizedlexical items. Among them,somearecorrectones,suchas /s t ei hh p l in
ng/ (stapling)associatedthe actionof “stapling”, andsomeare incorrect,suchas/s t ei
hh p l in ng/ (stapling)pairedwith the object “paper”. Now that we have hypothesized
word-meaningpairs,thenext stepis to selectreliableandcorrectlexical items.

6.3 Multimodal Integration

In the �nal step,theco-occurrenceof multimodaldataselectsmeaningfulsemanticsthat
associatespokenwordswith their groundedmeanings.We take a novel view of this prob-
lem asbeinganalogousto the word alignmentproblemin machinetranslation.For that
problem,giventexts in two languages(e.g.EnglishandFrench),computationallinguistic
techniquescanestimatethe probability that an Englishword will be translatedinto any
particularFrenchword and thenalign the words in an Englishsentencewith the words
in its Frenchtranslation.Similarly, for our problem,if differentmeaningscanbe looked
aselementsof a “meaninglanguage”,associatingmeaningswith objectnamesandaction
verbscanbeviewedastheproblemof identifyingwordcorrespondencesbetweenEnglish
and“meaninglanguage”.In light of this,atechniquefrom machinetranslationcanaddress
this problem.Theprobabilityof eachword is expressedasa mixturemodelthatconsists
of the conditionalprobabilitiesof eachword given its possiblemeanings. In this way,
anExpectation-Maximization(EM) algorithmcan�nd thereliableassociationsof spoken
wordsandtheir groundedmeaningsthatwill maximizetheprobabilities.
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Fig.11. Word learning. Theword-like unitsin eachspokenutteranceandco-occurringmeaningsaretemporally
associatedto build possiblelexical items.
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� � canbeassociatedwith a meaning� � . Givena dataset � , we want to maximizethe
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We usethemodelsimilar to thatof Brown et al. [Brown et al. 1993]. Thejoint likelihood
of meaningsandanalignmentgivenspokenutterances:
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Therefore,weintroduceLagrangemultipliers �
� andseekanunconstrainedmaximization:
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We thencomputederivativesof theabove objective functionwith respectto themulti-
pliers � � andtheunknown parameters�,��� ��� � � 
 andsetthemto bezeros.As aresult,we
canexpress:
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TheEM-basedalgorithmsetsaninitial �,� � � � � � 
 to be�at distributionandperformsthe
E-stepandtheM-stepsuccessivelyuntil convergence.In E-step,wecompute� ��� ��� � � 
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by Equation(13). In M-step,wereestimateboththeLagrangemultipliersandtheassocia-
tion probabilitiesusingEquation(11)and(12).

When the associationprobabilitiesconverge, we obtaina set of �,� � ��� � � 
 andneed
to selectcorrectlexical itemsfrom many possibleword-meaningassociations.Compared
with the trainingcorpusin machinetranslation,our experimentaldatais sparseandcon-
sequentlycausessomewords to have inappropriatelyhigh probabilitiesto associatethe
meanings.This is becausethosewordsoccurvery infrequentlyandarein a few speci�c
contexts. We thereforeusetwo constraintsfor selection.First,only wordsthatoccurmore
thana pre-de�nedtimesareconsidered.Moreover, for eachmeaning� � , thesystemse-
lectsall thewordswith theprobability �,��� � � � � 
 greaterthana pre-de�nedthreshold.In
this way, onemeaningcanbeassociatedwith multiple words.This is becausepeoplemay
usedifferentnamesto refer to thesameobjectandthespokenform of anactionverbcan
beexpresseddifferently. For instance,thephonemestringsof both“staple”and“stapling”
correspondto theactionof stapling. In this way, thesystemis developedto learnall the
spokenwordsthathavehighprobabilitiesin associationwith a meaning.

7. EXPERIMENTAL RESULTS

A Polhemus3D tracker wasutilized to acquire6-DOFhandandheadpositionsat ����� � .
Theperformerworeahead-mountedeyetrackerfrom AppliedScienceLaboratories(ASL).
The headbandof theASL helda miniature“scene-camera”to the left of theperformer's
headthatprovidedthevideoof thescenefrom a�rst-personperspective.Thevideosignals
weresampledat theresolutionof 320columnsby 240rows of pixelsat the frequency of

+���� � . The gazepositionson the imageplanewerereportedat the frequency of ����� � .
Before computingfeaturevectorsfor HMMs, all position signalspassedthrougha 6th
order Butterworth �lter with the cut-off frequency of ��� � . The acousticsignalswere
recordedusinga headsetmicrophoneat a rateof 16 kHz with 16-bit resolution. In this
study, we limited useractivities to thoseon a table. The threeactivities that userswere
performingwere: “staplinga letter”, “pouring water” and“unscrewing a jar”. Figure12
shows snapshotscapturedfrom the head-mountedcamerawhena userperformedthree
tasks. Six usersparticipatedin the experiment. They wereasked to performeachtask
nine times while describingwhat they weredoing verbally. We collectedmultisensory
datawhenthey performedthetask,whichwereusedastrainingdatafor ourcomputational
model. Several examplesof verbal transcriptionand detectedmeaningsare showed in
AppendixA.

The actionsequencesin the experimentsconsistof several motion types: “pick up”,
“line up”, “staple”, “fold”, “place”, “unscrew” and“pour”. The objectsthat arereferred
to by speechare: “cup”, “jar”, “waterpot”and“paper”. For the evaluationpurpose,we
manuallyannotatedspeechdataandcalculatethefrequenciesof words.Wehavecollected
963spokenutterancesandonaverage,aspokenutteranceapproximatelycontains6 words,
which illustratesthenecessityof word segmentationfrom connectedspeech.Among all
thesewords,most frequentlyoccurringwords,suchas“and”, “are”, “going to”, arenot
actionverbsandobjectnamesthat we want to spot andassociatewith their perceptual
groundedmeanings.This furtherdemonstratesthedif�culty of learninglexical itemsfrom
naturallyco-occurringdata.Theseannotationswereonly usedfor theevaluationpurpose
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andourmodeldid notusethemasextra information.

Fig.12. Thesnapshotsof threecontinuousactionsequencesin ourexperiments.Top row: pouringwater. Middle
row: staplinga letter. Bottom row: unscrewing a jar.

To evaluatetheresultsof theexperiments,we de�ne the following measureson word-
likeunitsandgroundedlexical items.

—Semanticaccuracy measurestherecognitionaccuracy of processingnon-linguisticin-
formation,whichconsistsof clusteringthefeaturesequencesof humanbodymovements
aswell ascategorizingvisualfeaturesof attentionalobjects.

—Segmentationaccuracymeasureswhetherthebeginningandtheendof phoneticstrings
of word-likeunitsareword boundaries.For example,thestring/k ahp/ is a positive in-
stancecorrespondingto the word “cup” while the string /k ah p i/ is negative. The
phraseswith correctboundariesarealsotreatedaspositioninstancesfor two reasons.
Oneis that thosephrasesdo not breakword boundariesbut only combinesomewords
together. Theotherreasonis thatsomephrasescorrespondto concretegroundedmean-
ings,which areexactly spokenunitswe wantto extract. For instance,thephrases,such
as“pick up” or “line up”, specifysomehumanactions.

—Word learning accuracy(precision)measuresthepercentageof successfullysegmented
wordsthatarecorrectlyassociatedwith theirmeanings.

—Lexical spotting accuracy(recall)measuresthepercentageof word-meaningpairsthat
arespottedby themodel. This measureprovidesa quantitive indicationabouttheper-
centageof groundedlexical itemsthatcanbesuccessfullyfound.

Table I shows the resultsof four measures.The recognitionrateof thephonemerec-
ognizerwe usedis 75%becauseit doesnot encodeany languagemodelandword model.
Basedon this result,theoverall accuracy of speechsegmentationis 69.6%.Naturally, an
improvedphonemerecognizerbasedon a languagemodelwould improve theoverall re-
sults,but the intenthereis to studythemodel-independentlearningmethod.Theerror in
word learningis mainly causedby a few words(suchas”several” and“here”) that fre-
quentlyoccurin somecontextsbut do not have groundedmeanings.Theoverall accuracy
of lexical spottingis ��� � ��� , whichdemonstratesthatby inferringspeakers' referentialin-
tents,thestablelinks betweenwordsandmeaningscouldbeeasilyspottedandestablished.
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TableI. Resultsof wordacquisition
detected discoveredspokenwords semantics speech word lexical
meanings /phonemestring/[text] segmentation learning spotting
pick up /p ih kcl k ahp/ [pick up] 96.5% 72.5% 87.5% 72.6%

/p ih kcl k ih ngahp/ [picking up]
/g r aespcl p/ [grasp]

place /p l ey s/ [place] 93.9% 66.9% 81.2% 69.2%
/ p l ey s ih ng/ [placing]
/p uh t/ [put]

line up /l ayn ahpcl p/ [line up] 75.6% 70.3% 86.6% 83.5%
/l ayn ih ngahpcl p/ [lining up]
/l ayn hhm ahpcl p/ [line themup]

staple /s t ey pcl p/ [staple] 86.9% 70.6% 85.3% 90.6%
/s t ey pcl p ih ng/ [stapling]

fold /f ow l d/ [fold] 86.3% 69.8% 89.2% 87.7%
/f ow l d ih ng/ [folding]

unscrew / ahn skcl k r uw/ [unscrew] 90.6% 73.8% 91.6% 80.6%
/ow p ahn/ [open]

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

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

jar /j aar/ [jar] 91.3% 62.9% 92.1% 76.6%
/pcl p iy n aht b ahtcl t er / [peanutbutter]
/l ih d/ [lid]

cup /k ahp/ [cup] 92.9% 68.3% 87.3% 76.9%
waterpot / w aotcl t erpcl p aat / [waterpot] 87.5% 71.9% 85.6% 82.3%

/pcl p aat/ [pot]
/kcl k aof iy pcl p aat/ [coffeepot]

overall 90.2% 69.6% 87.9% 82.6%

Consideringthat the systemprocessesnaturalspeechandour methodworks in unsuper-
visedmodewithoutmanuallyencodinglabelsfor multisensoryinformation,theaccuracies
for bothspeechsegmentationandword learningareimpressive.

8. CONCLUSION

This paperpresentsa multimodallearninginterfacefor word acquisition. The systemis
able to learn the soundpatternsof words and their semanticswhile usersperform ev-
erydaytasksandprovide spoken descriptionsof their behaviors. Comparedto previous
works, the novelty of our approacharisesfrom the following aspects.First, our system
sharesuser-centricmultisensoryinformationwith a realagentandgroundssemanticsdi-
rectly from egocentricexperiencewithout manualtranscriptionsandhumaninvolvement.
Second,bothwordsandtheir perceptuallygroundedmeaningsareacquiredfrom sensory
inputs. Furthermore,groundedmeaningsarerepresentedby perceptualfeaturesbut not
abstractsymbols,which providesa sensorimotorbasisfor machinesandpeopleto com-
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municatewith eachotherthroughlanguage.Fromtheperspectiveof machinelearning,we
proposea new approachof unsupervisedlearningusingmultisensoryinformation. Fur-
thermore,we arguethat the solely statisticallearningof co-occurringdatais lesslikely
to explain thewholestoryof languageacquisition.The inferenceof speaker's referential
intentionsfrom their body movementsprovidesconstraintsto avoid the large amountof
irrelevantcomputationsandcanbedirectly appliedasdeicticreferenceto associatewords
with perceptuallygroundedreferentsin the physicalenvironment. From an engineering
perspective, our systemdemonstratesa new approachto developinghuman-computerin-
terfaces,in which computersseamlesslyintegratein our everydaylivesandare able to
learnlexical itemsby sharinguser-centricmultisensoryinformation.
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Appendix A

Thetables II III and IV show severalexamplesof transcriptsandcontextual information
extractedfrom visualperceptionandbodymovements.Notethatourcomputationalsystem
actuallyprocessedcontinuousspeechsignalsinsteadof (segmented)transcripts.

TableII. Two sampletranscriptsof thetasksof staplingpapers

transcripts actions attentionalobjects

�rst, I reachoverandpick upsomepapers pick up paper
andI line themup line up paper
andI staplethem staple paper
pushthearmdown staple paper, stapler
now I fold thepaper fold paper
fold thebottom-up�rst fold paper
thenI fold thetopover fold paper
smoothcreases fold paper
andI placethepaperuphere place paper

I ampickingupseveralpiecesof papers pick up paper
I amlining up thepaper line up paper
now I will stapleit staple paper, stapler
now I amgoingto fold thepaper fold paper
fold thebottomanthetop fold paper
�nally I will placeit at its locationhere place paper
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TableIII. Two sampletranscriptsof thetasksof pouringwater

transcripts actions attentionalobjects

I amgoingto pick up thecup pick up cup
andput it on its spot place cup
now I amgoingto pick up thewaterpot pick up waterpot
andpourthewaterinto thecuplike this pour waterpot,cup
afterpouringI amgoingto none cup
placethewaterpoton its spot place waterpot

I will pick up thecup pick up cup
placethewhitecupdown on its spot place cup
pick up thewaterpotandmove it towardthecup pick up waterpot,cup
pouringmyselfsomewater pour waterpot,cup
thenplacingthewaterpotinto its targetarea place waterpot

TableIV. Two sampletranscriptsof thetasksof unscrewing a jar

transcripts actions attentionalobjects

I ampickingupa peanutbutterjar pick up jar
now I amunscrewing thelid unscrew jar
placingthelid on its spot place jar
andplacingthejar on its spotwhich is labeledover there place jar

I pick upa jar of peanutbutter pick up jar
openthepeanutbutterjar unscrew jar
unscrew thelid of thejar unscrew jar
placethelid thereand place jar
placethejar at its locationhere place jar
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