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ABSTRACT

We presenta trainable,visually-grounded,spoken language
understandingsystem. The systemacquiresa grammarand vo-
cabulary from a Òshow-and-tellÓprocedurein which visualscenes
arepairedwith verbaldescriptions.The systemis embodiedin a
table-topmountedactive vision platform. During training, a set
of objectsis placedin front of the vision system. Using a laser
pointer, thesystempointsto objectsin randomsequence,prompt-
ing ahumanteacherto provide spokendescriptionsof theselected
objects. The descriptionsare transcribedand usedto automati-
cally acquirea visually-groundedvocabulary andgrammar. Once
trained,a personcaninteractwith thesystemby verballydescrib-
ing objectsplacedin front of the system.The systemrecognizes
androbustly parsesthespeechandpoints,in real-time,to theob-
jectwhich bestÞtsthevisualsemanticsof thespokendescription.

1. INTR ODUCTION

A centralproblemin the designof speechand text understand-
ing systemsis the representationof the meaningof words and
sequencesof words. We are investigatingapplicationsin which
spoken languageis usedto refer to objectsin physicalenviron-
ments. Theseapplicationshighlight the importanceof designing
semanticrepresentationsthat bridgethe linguistic world of sym-
bolic structuresandthecontinuous,non-symbolicworld of visual
observations.Emerging applicationdomainsthatrequirevisually-
groundedlanguageunderstandingincludeverbalcommunication
with robotsandvideoretrieval by naturallanguage(cf. [1, 2, 3]).

Wedescribeavisually-groundedspokenlanguageunderstand-
ing systemnamedNewt. Newt processesspokenreferringexpres-
sionssuchasÒThegreenappleto the left of thecupÓandlocates
the appropriateobject in a visual scene.Newt is embodiedin an
active vision systemmountedon a two degree-of-freedompan-
tilt base(Figure1). The vision systemincludestwo color video
cameras.The systemreportedhere,however, usesonly monocu-
lar vision. A small lasermountedbetweenthecamerasis usedto
point to objectson a tabletop in responseto spokenutterances.

This investigationbuilds on previous work in which we de-
velopeda trainablespeechgeneration systemcalledDESCRIBER
[4]. For DESCRIBER,training input consistsof a set of syn-
thetically generatedscenesof rectanglesof varying shape,color,
size, and location pairedwith spoken descriptionsof target ob-
jectswithin thescenes.DESCRIBERlearnsathree-level visually-
groundedlanguagemodelbasedon this input. Thetrainedsystem
generatessyntacticallycorrect, semanticallyaccurate,and con-
textually appropriatereferringexpressingof objectsin synthetic

Fig. 1. In responseto aspokenobjectdescription,Newt (right part
of photo)pointsits laserat thebestmatchingobject(pathof laser
indicatedwith a dashedline).

scenes. A typical utteranceproducedby DESCRIBERis Òthe
bright redsquareto theright of thelargerectangleÓ.

The goal of the work reportedin this paperwas to ÔinvertÕ
the processesin DESCRIBER,resultingin a speechunderstand-
ing systemfor a relatedbut moredifÞcult task. Insteadof gener-
ating referringphrasesof selectedobjects,we arenow interested
in Þndingobjectswhich matchthe meaningof novel spoken re-
ferring phrases.Additionally, the syntheticvisual input usedin
DESCRIBERhasbeenreplacedby areal-timecolorvisualsystem
in Newt.

Thispaperproceedsby ÞrstdescribingNewtÕsvisualandspeech
processingsub-systems,andthenits languageacquisitionandun-
derstandingcomponents.

2. VISUAL SYSTEM

NewtÕs visual systemtrackssolid-coloredobjectsplacedon a ta-
ble top in real-time. The systemextractsobject propertiesand
inter-objectspatialrelationshipswhich arepassedto thelanguage
processingsystem.

2.1. Object Tracking

Wemodelthecolordistributionof objectsusingmixturesof Gaus-
siandistributions.Althoughall objectsareconstrainedtobesingle-
colored,shadow effects of three-dimensionalobjectsnecessitate



theuseof a mixtureof Gaussiandistributions.
For eachobjectusedin theexperiments,a color modelis cre-

atedby collecting training imagesof eachobject and manually
specifyingthe region within eachimagethat correspondsto the
object. TheExpectationMaximization(EM) algorithmis usedto
estimateboth the mixture weightsand the underlyingGaussian
parametersfor eachobject.K-meansclusteringis usedto provide
initial estimatesof theparameters.

Local edge detection

Color model matching

Object tracker outputInput Image

Fig. 2. Objectdetectioncombineslocal edgeÞndingwith color-
basedÞgure-groundseparation.

As shown in Figure2, input imagesaresplit into two parallel
processingpaths.The Þrstprocessperformslocal edgedetection
in eachof theRGBcolorplanes.Theoutputsfrom theedgedetec-
torsof all threeplanesaresummedto provide anoverall estimate
of localedges.This imageis thresholded,resultingin abinaryim-
agein which pixels locatedat edgesaresetto 0. We refer to this
imageastheedgemask.In thesecondprocess,each5x5 patchof
pixels is classiÞedasbelongingeitherto oneof the known setof
objectsor to thebackground.Thisis doneby evaluatingeachcolor
model(describedabove) for eachpixel patchandthresholdingthe
resultingvalues.Patcheswhich have high matcheswith any color
modelaresetto 1 andtheremainderareclassiÞedas0. Thelower
middle imagein Figure2 shows theresultof this stage.We refer
to thisastheobjectmask.

A Þnal stepmergesthe information from the two processes
by performinga pixel-wisemultiplication of the edgeandobject
masks. A contourÞndingalgorithm [5] identiÞesconnectedre-
gionsin theresultingbinaryimage.Theintegrationof edgemasks
andcolor basedobjectmasksdealseffectively with partialocclu-
sionsof different coloredobjects. In Figure 2, four objectsare
identiÞedandassigneduniqueindices.

2.2. Object Properties

Once object contoursare determined,object propertiesare ex-
tractedandpassedto thelanguageacquisition/ understandingsys-
tem. The featuresextractedincludeobjectcolor, shape,centerof
areacoordinatesandboundingbox parameters.

The color of an object is representedby the meanof 10x10
pixelscenteredontheobject.Theshapeof anobjectis represented
by avisualdistancemetricÞrstproposedin [6]. For eachpair-wise
pixel on theedgeof anobject, , theEuclideandistance is
computedandnormalizedby themeandistancebetweenall pairs
of edgepoints. A one-dimensionalhistogram is accumulated
for all suchpair-wise edgepixel combinations. The inter-pixel
distancesaredivided into 8 bins, i.e., is composedof 8 bins.

Thedistancebetweentwo objectshapesis estimatedby computing
the divergencebetweentheobjectsÕshapehistograms.

An additionalsetof four shaperelatedfeaturesis computed
basedon theboundingbox of eachobject. Theseparametersare:
height,width, height-to-widthratio,andarea.

2.3. Inter -object Spatial Relations

To enablethesystemto groundthesemanticsof spatialtermssuch
asÒaboveÓandÒtothe left ofÓ,a setof spatialrelationssimilar to
[7] is measuredbetweeneachpair of objects.The Þrstfeatureis
the angle(relative to the horizon)of the line connectingthe cen-
tersof areaof an objectpair. The secondfeatureis the shortest
distancebetweenthe edgesof the objects. The third spatialfea-
ture measuresthe angleof the line which connectsthe two most
proximalpointsof theobjects.

In summary, the vision systemprovidesreal-timetrackingof
multiple objectsat approximately15 framespersecond.For each
frame,thesystemdeterminesthenumberof objectsin thescene,a
setof objectpropertiesandspatialrelations.

3. SPEECHRECOGNITION

Wehave signiÞcantlyextendedour continuousspeechrecognition
system[8] to supportprocessingof interactive spoken language.
Therecognizerperformsreal-timemediumvocabulary(upto 1000
word) recognition. We choseto develop our own recognizerin
anticipationof non-standarddecoderfeatureswhich will be nec-
essaryto supportrich integrationwith visualprocessing.Thecur-
rentsystemusesa24-bandMel cepstrarepresentationof acoustics.
Subword unitsconsistof triphonemodeledby continuousdensity,
threestate,HiddenMarkov Models. A back-off trigramlanguage
model is trainedfrom a mixture of domainspeciÞcand domain
generalspeechtranscriptions.Speechdecodingis accomplished
usinga time-synchronousViterbi beamsearch.A tree-basedlex-
icon network representedby a Þnitestatetransducerconstitutes
thesearchspacein our implementation.TheÞnitestatetransducer
incorporateslanguagemodelparametersdynamically.

In the standardMAP decodingapproach,the recognizerout-
putsa string of wordscorrespondingto the most likely statese-
quence. Relying on a singleword recognitionhypothesis,how-
ever, leadsto brittlebehaviour sincerecognitionerrorsareinevitable.
To gain robustnessin our system,acousticambiguitiesarecom-
pactlyrepresentedusinga reducedword latticestructurebasedon
the methodsreportedin [9]. The word lattice incorporatesposte-
rior probabilitiesbasedon acousticandlanguagemodelparame-
ters.Thelatticepossessesthetopologyof adirectedacyclic graph
that is representedas a weightedNon-deterministicFinite State
Acceptor(NFSA). The NFSA is determinizedandminimized to
yield a compactposteriorword graphrepresentingthesetof can-
didatehypotheses.Sucha word graphrepresentsedgeweighted
word level confusionsin acompactsequentialformat.Ambiguous
representationsarepreferredsincethey retainmultiplehypotheses
which arebetterresolved in laterstagesof processing.Currently,
Newt only usesthebesthypothesis,but we plan in thenearfuture
to considermultiple parseswithin theword lattice,constrainedby
semanticpossibilitiesencodedby thevisualsystem.



4. LANGUAGE ACQUISITION FROM SHOW-AND-TELL

Newt learnsvisually groundedlanguageby a Ôshow-and-tellÕpro-
cedure. During training sessions,Newt randomlypoints (using
its laserpointer) to one of the objectsin its view and waits for
thetrainerto speak.Newt thenforwardsthefeaturesextractedby
thevisualsystemandtheutterancedetectedby thespeechrecog-
nizerasa trainingexampleto its languageacquisitionsystem,and
proceedsto point to anotherobjecton thetable.Thelanguageac-
quisitionsystemis distributedamongsta largenumberof separate
processes,eachresponsiblefor a different aspectof learning to
robustly parsevisually-groundedlanguage.Thesystemincludes

w-procs - wordprocesses,thateachattachto asingleuniqueword
andestimatecontext-freevisualsemanticsfor thisword,

c-procs - clusterprocesses,thatmeasuresimilaritiesbetweenthe
w-procsand encapsulatethe output of similar w-procsto
make themappearto originatefrom a singleprocess,

g-procs - grammarprocesses,thatcombinetheoutputsof several
otherprocessescovering adjacentpartsof anutteranceus-
ing asetof possiblecombinationfunctions,andan

a-proc - an action process,that listens to all other processac-
tivationsoccurringfor a given utteranceand rewardscor-
rectoutputsor actsaccordingto theoutputs,dependingon
whethertheutteranceappearsto bea trainingexample(i.e.
is pairedwith anindicatedobject)or a command.

The central idea is to gain robustnessin parsingby using a
distributedsetof processes,eachof which parsesonly an island
of wordswithin theutterance.Theprocessesself-assemblein hi-
erarchicalstructuresto explain completeutterancesandbind them
to visual referents.We describetheacquisitionof this distributed
grammarin thefollowing sections.

4.1. Visually-GroundedWord Learning

Trainingexamplesconsistof visual featuresof a targetobjectand
its spatial relation to other objectspairedwith transcriptionsof
spoken descriptionsprovided by a humantrainer. As trainingex-
amplesarrive, a spawning processensuresthat a processis cre-
ated for eachuniqueword encountered.Theseword processes
(w-procs) areresponsiblefor modelingthe visual groundingof a
word in a context-free manner. For example,the w-proc respon-
sible for ÔblueÕtries to answerthe question:How did the objects
I saw whenI heardÔblueÕdiffer from theotherobjectsI have en-
countered?To do so,eachw-proc estimatesa multivariateGaus-
sianover all thefeaturesofferedby thevisualsystem,conditioned
on theoccurrenceof its assignedword. Whentheword associated
with thew-proc occurs,theprocessboth gives the featuresof the
objectthatNewt is pointingto asanexampleto theGaussian,and
publishesthecurrentGaussianto otherrunningprocesses.When-
ever activatedthis way, thew-procalsomeasureshow stronglyits
word is groundedby computingthe Kullback-Leiblerdistance

betweenthe word-conditionedGaussiananda Gaussian
backgroundmodelthat is compiledfrom all objectsever encoun-
tered. If its groundingstrengthis ever below a certainthreshold,
theprocessdies.This happensfor wordsthatarenot groundedin
basicvisualfeaturesin NewtÕs world, like ÔtheÕ.

Along with eachw-procaclusteringprocess(c-proc)isspawned
andattachedto thew-proc. Periodicallythis c-procpolls all other
c-procsfor their groundedsimilarity to itself. This groundedsim-
ilarity is computedby Þrstforming thesemanticword proÞle

...

where is the Kullback-Leiblerdistancecomputedafter re-
moving feature from the Gaussian.This proÞlemeasureshow
mucheachfeaturecontributesto theoverall groundingstrengthof
theword. Thegroundeddistanceis thencalculatedas

which measuresthedegreeof overlapbetweenthe featureof two
words.If thesimilarity is greaterthana threshold,thetwo c-procs
combineinto one,relinking all w-procsassociatedwith either to
feed into the new c-proc. For a c-procwith multiple associated
word groundings,all combinationsof similaritiesbetweenwords
arecalculatedandaveragedto give a consensussimilarity. In ef-
fect, c-procsfunnel theactivationsof multiple similar w-procsto
make themlook identicalin origin to higherlevel processes.

4.2. Learning GroundedGrammar Fragments

As w-procsbegin to be activatedby words and c-procschannel
their outputs,they take responsibilityfor partsof the utterance
heard. For example, the ÔblueÕw-proc signalsthat it can inter-
pret, in a context-freesense,theoccurrenceof theword ÔblueÕin
a speciÞclocation in the currentutterance. Whenever two pro-
cessescover utterancefragmentseithernext to eachother(where
ungroundedwordsareignoredor takenasarguments,asdiscussed
below), thespawning processensuresthatgrammarprocesses(g-
proc) exist to attemptto combinethe outputsof theseprocesses.
Eachg-procis linkedto two otherprocessesÕoutputandperforms
a speciÞcfunction to attemptto combinethem. For example,a
g-procmight performlogarithmicpooling on theGaussiansit re-
ceives. For Newt, sucha processaccountsfor the conceptasso-
ciated with the phraseÔyellow coneÕ,madeup of the concepts
attachedto ÔyellowÕand ÔconeÕ.During training, other g-procs
identify the objectsbestindicatedin the currentvisual sceneby
the two Gaussiansthey receive, andcomputea new Gaussianon
the spatialfeaturesmeasuredbetweentheseobjects.G-procsare
alsospawnedfor groundedconceptsthat occurwith ungrounded
words in betweenthemor surroundingthem. In this way, Ôrect-
angleabove theÕis groundedin spatialfeatures,whereÔrectangleÕ
describesevery objectever encounteredandthusturnsup asun-
grounded.Noticethatg-procscanstackto arbitrarydepths,pars-
ing phraseslikeÔthelargehorizontalbluerectanglebelow thethin
redsquareÕ.

4.3. ReinforcementFeedback

An active process(a-proc) listensto the output of all processes
andtriesto accountfor fragmentsof anutterance.It computesthe
probabilitiesfor eachobject in the scenebasedon eachprocessÕ
output,andsendsa reward to theprocessthatassignsthehighest
probabilityto theobjectactuallyindicatedandthatcoversthemost
wordsin theutterance.Thereward is proportionalto thenormal-
ized differencebetweenthe probability of the correctobjectand
theprobabilityof theclosestrunner-up. Togetherwith this reward
the a-procsendsback the object indicatedduring training. Each
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Fig. 3. A sampleparseby thelanguageunderstandingprocesses.

processthatreceives a rewardin turn sendsthis rewardto thepro-
cessesthat it usedto cover a part of the currentutterance. If it
useddifferentpartsof theutteranceto designatedifferentobjects
(asin the caseof spatiallygroundedwordslike ÔaboveÕ)it sends
back the appropriateobject with the reward message.G-agents
maintainanenergy measurethatthey subtractfrom eachtimethey
sendamessageandaddto whenthey getrewarded.Processeswith
energy below zerodie, trimming uselessfunctionslike measuring
spatial featuresto explain Ôyellow coneÕ.C-agentscurrently do
not usethe reward message,but could do so to adjusttheir clus-
tering thresholdand re-clusterto make themselves more useful.
W-agents,Þnally, canbecausedto take a differentobjectthanthe
oneindicatedby therewardmessage,makingsurethattheÔgreenÕ
w-proclearnsfrom theright objectin Ôthesquareabove thegreen
rectangleÕ.

5. LANGUAGE UNDERSTANDING

The languageacquisitionprocessdescribedin the precedingsec-
tionsis anon-lineprocess,meaningthatthesystemeasilyswitches
from learningto understandingatany pointanddoesthebestit can
with theexamplesencounteredsofar. This switchmerelyimplies
thatif noobjectis currentlyindicated,thew-procsdonot take any
examples,andthea-procdoesnotsendarewardmessage.Rather,
the a-procsendsthe most likely object indicatedby the process
that covers the mostwords in the sentenceto NewtÕs motor con-
troller, which in turn pointsat theobject.Figure3 shows a sample
utteranceparsedby therelevant processes,leaving out thea-proc
which gathersall otherprocessesÕresults.

As a preliminaryevaluation,we collecteda small datasetof
303utterancesfrom two trainersin two sessionspertrainer. Each
utterancedescribesone object in a sceneof four objectschosen
from a collectionof about10 objectstotal, includingobjectswith
like shapesbut differentcolorsandvice versa. Whentrainedon
threeof the sessionsandevaluatedon the fourth for all four ses-
sionsin turn,Newt achieves 82%accuracy in picking out thecor-
rect object,comparedto a randombaselineof . Due to the
small sizeof the dataset,we allowed Newt to usean examplein
the fourth sessionasa training exampleafter Newt hadselected
anobjectfor theexampleÕs utterance.Doing this increasesperfor-
manceby almost , indicatingthatthedatasetsizeis too small
to achieve full performance.However, eventhispreliminarystudy
showsthatNewt doeslearnthecorrectvisualgroundingsfor words
andtheir combinations.

6. CONCLUSIONS AND FUTURE DIRECTIONS

Wehavepresentedacompletespeechunderstandingsystemwhich
mapsspoken referring expressionsto visually-observed objects.
Thesemanticsof referringexpressionsaregroundedin visualprim-
itives provided by a real-timecolor vision systemwhich tracks
multiple objectsandextractstheirpropertiesandinter-objectrela-
tions. Thesystemunderstandscolor, shape,andspatiallanguage.
This work is partof our long termeffort to developacompletese-
manticrepresentationof spoken languagewhich is basedin large
parton sensory-motorgrounding.

We areexpandingon this work in two signiÞcantways.First,
we areinvestigatingsemanticrepresentationswhich integratemo-
tor controlprimitivesto encodemeaningsof wordssuchasÒgiveÓ,
ÒheavyÓandÒsoftÓ.Second,we aredevelopinga comprehensive
semanticframework whichalsogroundsnon-sensory-motorwords
suchasÒnotÓ,ÒbecauseÓ,andÒhappenÓ.

7. REFERENCES

[1] D. Perzanowski, A. Schultz, W. Adams, K. Wauchope,
E. Marsh, and M. Bugajska, ÒInterbot:A multi-modal in-
terfaceto mobile robots,Ó in Proceedingsof Language Tech-
nologies2001, Carnegie Mellon University, 2001.

[2] Kobus BarnardandDavid Forsyth, ÒLearningthe semantics
of wordsandpictures,Ó.

[3] G. Iyengar, H. Nock, C. Neti, andM. Franz, ÒSemanticin-
dexing of multimediausingaudio, text andvisual cues,Ó in
IEEE InternationalConferenceon Multimediaand Expo(In
review), 2002.

[4] DebRoy, ÒLearningvisually-groundedwordsandsyntaxfor
ascenedescriptiontask,ÓComputerSpeech andLanguage, In
review.

[5] T. Westman,D. Harwood, T. Laitinen, and M. Pietikinen,
ÒColorsegmentationby hierarchicalconnectedcomponents
analysiswith imageenhancementby symmetricneighborhood
Þlters,Ó in Proceedingsof the 10th InternationalConference
on PatternRecognition, 1990,pp.796Ð802.

[6] DebRoy, BerntSchiele,andAlex Pentland,ÒLearningaudio-
visual associationsfrom sensoryinput,Ó in Proceedingsof
the International Conferenceof ComputerVision Workshop
ontheIntegrationof Speech andImageUnderstanding, Corfu,
Greece,1999.

[7] TerryRegier, Thehumansemanticpotential, MIT Press,Cam-
bridge,MA, 1996.

[8] BenjaminYoder, ÒSpontaneousspeechrecognitionusinghid-
denmarkov models,Ó M.S. thesis,MassachusettsInstituteof
Technology, Cambridge,MA, 2001.

[9] L. Mangu,E.Brill, andA. Stolcke,ÒFindingconsensusamong
words: Lattice-basedword error minimization,Ó in Proceed-
ings of EUROSPEECHÕ99, Budapest,1999,vol. 1, pp. 495Ð
498.


