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ABSTRACT

We presenta trainable,visually-grounded spolen language
understandingystem. The systemacquiresa grammarand vo-
cahulary from a Oshw-and-tell(procedureén 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 the systempointsto objectsin randomsequenceprompt-
ing ahumanteacheto provide spolendescription®f theselected
objects. The descriptionsare transcribedand usedto automati-
cally acquirea visually-grounded/ocatulary andgrammar Once
trained,a personcaninteractwith the systemby verbally describ-
ing objectsplacedin front of the system. The systemrecognizes
androbustly parseghe speechandpoints,in real-time,to the ob-
jectwhich bestbtsthe visualsemanticof the spolen description.

1. INTRODUCTION

A centralproblemin the designof speechandtext understand-
ing systemsis the representatiorof the meaningof words and
sequence®f words. We areinvestigatingapplicationsin which
spolen languageis usedto refer to objectsin physicalenviron-
ments. Theseapplicationshighlight the importanceof designing
semanticrepresentationthat bridge the linguistic world of sym-
bolic structuresandthe continuousnon-symbolicworld of visual
obsenations.Emeging applicationdomainsthatrequirevisually-
groundedlanguageunderstandingnclude verbal communication
with robotsandvideoretrieval by naturallanguaggcf. [1, 2, 3]).
We describeavisually-groundedpolenlanguageainderstand-
ing systemnamedNewt. Newt processespolenreferringexpres-
sionssuchasOThegreenappleto the left of the cupOandlocates
the appropriateobjectin a visual scene.Newt is embodiedin an
active vision systemmountedon a two degree-of-freedormpan-
tilt base(Figure1). The vision systemincludestwo color video
cameras.The systemreportedhere,however, usesonly monocu-
lar vision. A smalllasermountedbetweernthe camerass usedto
pointto objectson atabletopin responseo spolen utterances.
This investigationbuilds on previous work in which we de-
velopedatrainablespeechgenertion systemcalledDESCRIBER
[4]. For DESCRIBER,training input consistsof a setof syn-
thetically generatedscenesf rectanglesof varying shape color,
size, and location paired with spolen descriptionsof target ob-
jectswithin thescenesDESCRIBERlearnsathree-leel visually-
groundedanguagenodelbasedon thisinput. Thetrainedsystem
generatessyntactically correct, semanticallyaccurate,and con-
textually appropriatereferring expressingof objectsin synthetic

Fig. 1. Inresponséo a spolenobjectdescriptionNewt (right part
of photo)pointsits laserat the bestmatchingobject(pathof laser
indicatedwith a dashedine).

scenes. A typical utteranceproducedby DESCRIBERIs Othe
bright red squareto theright of thelarge rectangleO.

The goal of the work reportedin this paperwas to Oigert®
the processeén DESCRIBER resultingin a speechunderstand-
ing systemfor a relatedbut moredifbculttask. Insteadof gener
ating referring phraseof selectedbjects,we arenow interested
in Pndingobjectswhich matchthe meaningof novel spolen re-
ferring phrases. Additionally, the syntheticvisual input usedin
DESCRIBERhasbeenreplaceduy areal-timecolor visualsystem
in Newt.

Thispapeproceedby brstdescribingNewt@visualandspeech
processingub-systemsandthenits languageacquisitionandun-
derstandingomponents.

2. VISUAL SYSTEM

Newt( visual systemtrackssolid-coloredobjectsplacedon a ta-
ble top in real-time. The systemextracts object propertiesand
inter-objectspatialrelationshipsvhich arepassedo thelanguage
processingystem.

2.1. Object Tracking

We modelthecolordistribution of objectsusingmixturesof Gaus-
siandistributions.Althoughall objectsareconstrainedo besingle-
colored, shadav effects of three-dimensionabbjectsnecessitate



the useof a mixture of Gaussiardistributions.

For eachobjectusedin the experimentsa color modelis cre-
ated by collecting training imagesof eachobject and manually
specifyingthe region within eachimagethat correspondgo the
object. The ExpectationMaximization(EM) algorithmis usedto
estimateboth the mixture weights and the underlying Gaussian
parameter$or eachobject. K-meansclusteringis usedto provide
initial estimateof the parameters.

Local edge detection

/ ' Object tracker output

Color model matching

Input Image

Fig. 2. Objectdetectioncombineslocal edgebndingwith color-
based~gure-groundeparation.

As shavn in Figure 2, inputimagesaresplit into two parallel
processingpaths. The brstprocessperformslocal edgedetection
in eachof the RGB color planes.The outputsfrom the edgedetec-
torsof all threeplanesaresummedo provide anoverall estimate
of local edges.Thisimageis thresholdedresultingin abinaryim-
agein which pixelslocatedat edgesaresetto 0. We referto this
imageasthe edgemask.In the secondorocesseach5x5 patchof
pixelsis classibedasbelongingeitherto oneof the known setof
objectsor to thebackgroundThisis doneby evaluatingeachcolor
model(describedabore) for eachpixel patchandthresholdinghe
resultingvalues.Patcheawhich have high matcheswith ary color
modelaresetto 1 andtheremaindeiareclassipeds0. Thelower
middleimagein Figure2 shavs theresultof this stage.We refer
to this asthe objectmask.

A Pnal stepmemgesthe information from the two processes
by performinga pixel-wise multiplication of the edgeand object
masks. A contourPndingalgorithm [5] identiPesconnectedre-
gionsin theresultingbinaryimage.Theintegrationof edgemasks
andcolor basedobjectmasksdealseffectively with partial occlu-
sionsof differentcoloredobjects. In Figure 2, four objectsare
identipedandassignediniqueindices.

2.2. Object Properties

Once object contoursare determined,object propertiesare ex-
tractedandpassedo thelanguageacquisitiory understandingys-
tem. The featuresextractedinclude objectcolor, shape centerof
areacoordinatesandboundingbox parameters.

The color of an objectis representedby the meanof 10x10
pixelscenteredntheobject. Theshapeof anobjectis represented
by avisualdistancenetricbrstproposedn [6]. For eachpairwise
pixel on the edgeof anobject, (3, j), the Euclideandistanced;; is
computedandnormalizedby the meandistancebetweenrall pairs
of edgepoints. A one-dimensionahistogramH is accumulated
for all suchpairwise edgepixel combinations. The inter-pixel
distancesare divided into 8 bins, i.e., H is composedf 8 bins.

Thedistancenetweertwo objectshapess estimatedy computing
the x? divergencebetweerthe objects@hapehistograms.

An additionalsetof four shaperelatedfeaturesis computed
basedon the boundingbox of eachobject. Theseparametersire:
height,width, height-to-widthratio, andarea.

2.3. Inter-object Spatial Relations

To enablethe systento groundthe semantic®f spatialtermssuch
asOabweOand Otathe left of O,a setof spatialrelationssimilar to

[7] is measuredetweeneachpair of objects. The brstfeatureis

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 measureshe angleof the line which connectshe two most
proximal pointsof the objects.

In summarythe vision systemprovidesreal-timetracking of
multiple objectsat approximatelyl5 framesper second.For each
frame,the systemdetermineshenumberof objectsin thescenea
setof objectpropertiesandspatialrelations.

3. SPEECHRECOGNITION

We have signibcantlyextendedour continuousspeecirecognition
system([8] to supportprocessingof interactive spolen language.
Therecognizeperformsreal-timemediumvocahulary (upto 1000
word) recognition. We choseto develop our own recognizerin
anticipationof non-standaralecoderfeatureswhich will be nec-
essarnyto supportrich integrationwith visual processingThe cur-
rentsystemusesa 24-bandVel cepstraepresentationf acoustics.
Subword units consistof triphonemodeledby continuousdensity
threestate, HiddenMarkov Models. A back-of trigramlanguage
model is trainedfrom a mixture of domainspecibPcand domain
generalspeechtranscriptions. Speechdecodingis accomplished
usingatime-synchronou¥iterbi beamsearch.A tree-basedex-
icon network representedy a Pnite statetransducerconstitutes
thesearctspacen ourimplementationThe Pnitestatetransducer
incorporatedanguagemodelparameterglynamically

In the standardVIAP decodingapproachthe recognizerout-
puts a string of words correspondingo the mostlikely statese-
guence. Relying on a single word recognitionhypothesis how-
ever, leadsto brittle behaiour sincerecognitionerrorsareinevitable.
To gain robustnessn our system,acousticambiguitiesare com-
pactlyrepresentedisingareducedword lattice structurebasedon
the methodsreportedin [9]. The word lattice incorporateposte-
rior probabilitiesbasedon acousticandlanguagemodel parame-
ters. Thelattice possessethetopologyof a directedacgyclic graph
that is representeds a weighted Non-deterministicFinite State
Acceptor(NFSA). The NFSA is determinizedand minimizedto
yield a compactposteriorword graphrepresentinghe setof can-
didatehypotheses.Sucha word graphrepresentedgeweighted
word level confusionsn acompacisequentiaformat. Ambiguous
representationarepreferredsincethey retainmultiple hypotheses
which arebetterresohed in later stagesf processing.Currently
Newt only usesthe besthypothesisput we planin the nearfuture
to considemultiple parseswithin theword lattice, constrainedy
semantigoossibilitiesencodedy thevisual system.



4. LANGUAGE ACQUISITION FROM SHOW-AND-TELL

Newt learnsvisually groundedanguageby a Oshw-and-tellGpro-
cedure. During training sessionsNewt randomly points (using
its laserpointer) to one of the objectsin its view and waits for
thetrainerto speak.Newt thenforwardsthe featuresextractedby
the visual systemandthe utteranceletectedy the speectrecog-
nizerasatrainingexampleto its languageacquisitionsystemand
proceedgo pointto anotherobjecton thetable. Thelanguageac-
quisitionsystemis distributedamongst largenumberof separate
processeseachresponsiblefor a different aspectof learningto
robustly parsevisually-groundedanguageThe systemincludes

w-procs - word processeghateachattachto asingleuniqueword
andestimatecontext-free visual semanticgor this word,

c-procs - clusterprocesseghatmeasuresimilaritiesbetweerthe
w-procsand encapsulatéhe output of similar w-procsto
malke themappearto originatefrom a singleprocess,

g-procs - grammarmrocesseshatcombinethe outputsof several
otherprocessesovering adjacentpartsof an utteranceus-
ing a setof possiblecombinationfunctions,andan

a-proc - an action process that listensto all other processac-
tivationsoccurringfor a given utteranceand rewardscor-
rectoutputsor actsaccordingto the outputs,dependingon
whetherthe utteranceappeardo beatrainingexample(i.e.
is pairedwith anindicatedobject)or acommand.

The centralideais to gain robustnessn parsingby using a
distributed setof processesgachof which parsesonly anisland
of wordswithin the utterance.The processeself-assemblé hi-
erarchicaktructurego explain completeutterancegndbind them
to visual referents.We describethe acquisitionof this distributed
grammaiin thefollowing sections.

4.1. Visually-GroundedWord Learning

Training examplesconsistof visual featuresof a targetobjectand
its spatialrelationto other objectspairedwith transcriptionsof
spolendescriptiongprovided by a humantrainer As training ex-
amplesarrive, a spavning processensureshat a processis cre-
atedfor eachunique word encountered. Theseword processes
(w-procg areresponsibldor modelingthe visual groundingof a
word in a context-free manner For example,the w-proc respon-
sible for Obluefiies to answerthe question:How did the objects
| saw when| heardOblue@iffer from the otherobjectsl have en-
countered?To do so, eachw-proc estimatesa multivariate Gaus-
sianover all thefeaturesofferedby thevisual systemconditioned
ontheoccurrencef its assignedvord. Whentheword associated
with the w-proc occurs,the procesdoth gives the featuresof the
objectthatNewt is pointingto asanexampleto the Gaussianand
publisheghe currentGaussiario otherrunningprocessesWhen-
ever activatedthis way, thew-procalsomeasurefion stronglyits
word w is groundedby computingthe Kullback-Leiblerdistance
K L(w) betweenthe word-conditionedGaussiarand a Gaussian
backgroundmodelthatis compiledfrom all objectsever encoun-
tered. If its groundingstrengthis ever belowv a certainthreshold,
the procesdlies. This happendor wordsthatarenot groundedn
basicvisualfeaturesn Newt@world, like OtheO.

Along with eachw-procaclusteringprocesgc-proc)is spavned
andattachedo thew-proc. Periodicallythis c-procpolls all other
c-procsfor their groundedsimilarity to itself. This groundedsim-
ilarity is computedby brstforming the semantionvord proble

KL(w) — KL, ()
KL(w) — KLy,
s(w) = .

KL(w) — KL

where K L is the Kullback-Leiblerdistancecomputedafter re-
moving featurei from the Gaussian.This problemeasuresion
mucheachfeaturecontritutesto the overall groundingstrengthof
theword. Thegroundedlistancds thencalculatedas

d(s(ws), s(w;)) = (s(wi)/|s(wi))" (s(w;)/|s(w;)])

which measureshe degreeof overlap betweenthe featureof two
words. If the similarity is greatethanathresholdthetwo c-procs
combineinto one, relinking all w-procsassociatedvith eitherto
feedinto the new c-proc. For a c-procwith multiple associated
word groundings,all combinationsof similaritiesbetweenwords
arecalculatedand averagedto give a consensusimilarity. In ef-
fect, c-procsfunnel the activationsof multiple similar w-procsto
malke themlook identicalin origin to higherlevel processes.

4.2. Learning GroundedGrammar Fragments

As w-procsbegin to be actvated by words and c-procschannel
their outputs,they take responsibilityfor partsof the utterance
heard. For example, the Oblue@-proc signalsthat it can inter-
pret,in a contet-free sensethe occurrenceof the word Obluefd
a specibclocationin the currentutterance. Wheneer two pro-
cessegover utteranceragmentseithernext to eachother(where
ungroundedvordsareignoredor takenasamgumentsasdiscussed
belaw), the spavning processensureghatgrammarprocesses$g-
proc) exist to attemptto combinethe outputsof theseprocesses.
Eachg-procis linkedto two otherprocessesgitputandperforms
a specibcfunction to attemptto combinethem. For example,a
g-procmight performlogarithmicpooling on the Gaussiangt re-
ceives. For Newt, sucha processaccountsfor the conceptasso-
ciatedwith the phraseOyellw coneOmadeup of the concepts
attachedto Oyellwdand OconeCDuring training, other g-procs
identify the objectsbestindicatedin the currentvisual sceneby
the two Gaussianshey receve, and computea new Gaussiaron
the spatialfeaturesmeasuredetweentheseobjects. G-procsare
alsospavnedfor groundedconceptshat occurwith ungrounded
wordsin betweenthem or surroundingthem. In this way, Orect-
angleabove the@s groundedn spatialfeatureswhereOrectangle®
describesvery objectever encounteredndthusturnsup asun-
grounded.Notice thatg-procscanstackto arbitrarydepths pars-
ing phrasedik e Othdarge horizontalblue rectanglebelav thethin
redsquareO.

4.3. ReinforcementFeedback

An active process(a-proc)listensto the output of all processes
andtriesto accountor fragmentsof anutterancelt computeghe
probabilitiesfor eachobjectin the scenebasedon eachprocessO
output,andsendsa rewardto the procesghatassignghe highest
probabilityto theobjectactuallyindicatedandthatcoversthemost
wordsin the utterance.Thereward is proportionalto the normal-
ized differencebetweenthe probability of the correctobjectand
the probability of the closestrunnerup. Togethemwith this reward
the a-procsendsback the objectindicatedduring training. Each
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Fig. 3. A sampleparseby thelanguageunderstandingrocesses.

processhatreceves arewardin turn sendghis rewardto the pro-
cesseghatit usedto cover a part of the currentutterance. If it
useddifferent partsof the utteranceto designataifferentobjects
(asin the caseof spatiallygroundedwordslike Oabeedjt sends
back the appropriateobject with the reward message.G-agents
maintainanenegy measurehatthey subtracfrom eachtime they
sendamessagandaddto whenthey getrewarded.Processewith
enepgy belav zerodie, trimming uselessunctionslike measuring
spatial featuresto explain Oyellw coned.C-agentscurrently do
not usethe reward messagebut could do so to adjusttheir clus-
tering thresholdand re-clusterto make themseles more useful.
W-agentspnally canbe causedo take a differentobjectthanthe
oneindicatedby the reward messagemakingsurethatthe Ogreen®
w-proclearnsfrom theright objectin Othesquareabove the green
rectangled.

5. LANGUAGE UNDERSTANDING

The languageacquisitionprocesdescribedn the precedingsec-
tionsis anon-lineprocessmeaninghatthesystemeasilyswitches
fromlearningto understandingtary pointanddoesthebestit can
with the examplesencounteredofar. This switchmerelyimplies
thatif no objectis currentlyindicated thew-procsdo not take any
examplesandthe a-procdoesnot senda reward messageRather
the a-procsendsthe mostlikely objectindicatedby the process
that coversthe mostwordsin the sentenceo Newt® motor con-
troller, whichin turn pointsatthe object. Figure3 shovs a sample
utteranceparsedby therelevant processedgaving outthe a-proc
which gathersall otherprocesses@sults.

As a preliminary evaluation, we collecteda small dataseff
303 utterancedrom two trainersin two sessiongertrainer Each
utterancedescribesone objectin a sceneof four objectschosen
from a collectionof about10 objectstotal, including objectswith
like shapedout differentcolorsandvice versa. Whentrainedon
threeof the sessionsand evaluatedon the fourth for all four ses-
sionsin turn, Newt achieves 82% accuray in picking out the cor-
rect object,comparedio a randombaselineof 25%. Due to the
smallsize of the datasetwe allowed Newt to usean examplein
the fourth sessionas a training example after Newt had selected
anobjectfor the exampleutterance Doing this increaseperfor
manceby almost10%, indicatingthatthe datasesizeis too small
to achieve full performanceHowever, eventhis preliminarystudy
shavsthatNewt doedearnthecorrectvisualgroundingsor words
andtheir combinations.

6. CONCLUSIONS AND FUTURE DIRECTIONS

We have presente@ completespeechunderstandingystemwhich

mapsspolen referring expressiongo visually-obsered objects.
Thesemanticof referringexpressionsregroundedn visualprim-
itives provided by a real-time color vision systemwhich tracks
multiple objectsandextractstheir propertiesandinter-objectrela-

tions. The systemunderstandsolor, shape andspatiallanguage.
Thiswork is partof our long termeffort to developa completese-
manticrepresentatiof spolenlanguagewhich is basedn large

parton sensory-motogrounding.

We areexpandingon this work in two signibcantvays. First,
we areinvestigatingsemantiaepresentationghich integratemo-
tor control primitivesto encodemeaning®of wordssuchasOgveO,
OheayOand OsoftOSecondwe aredevelopinga comprehensie
semantidramevork whichalsogroundsnon-sensory-motorords
suchasOnot@)because@ndOhappenO.
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