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Abstract

Designand developmentof novel human-computein-
terfacesposesa challengingproblem: actionsand inten-
tions of uses haveto be inferred from sequencesf noisy
andambiguousnulti-sensorylatasud asvideoandsound.
Tempoal fusionof multiple sensos hasbeenef ciently for-
mulatedusing dynamicBayesiannetworks(DBNs) which
allow the power of statisticalinferenceand learning to be
combinedvith contextualknowledg of theproblem.Unfor-
tunately simplelearning methodscan causesuc appeal-
ing modelsto fail whenthe data exhibits complex behav-
ior. We formulatea learning framevork for DBNs based
on errorfeedbaclkand statisticalboostingtheory We apply
this framework to the problemof audio/visualspealer de-
tectionin an interactive kiosk environmentusing "of f-the-
shelf” visual and audio sensos (faceg skin, texture, mouth
motion,and silencedetectos). Detectionresultsobtained
in this setupdemonstate superiorityof our learningframe-
work over that of the classicalML learningin DBNSs.

1. Intr oduction

Human-centereduserinterfaces basedon vision and
speectpresenthallengingsensingoroblemsn which mul-
tiple sourcesof informationmustbe combinedto infer the
users actionsand intentions. Statistical modeling tech-
niguesthereforeplay a critical role in systemdesign. Dy-
namic Bayesiannetwork (DBN) modelsare an attractve
choice, as they combinean intuitive graphical represen-
tation with ef cient algorithmsfor inferenceand learn-
ing. DBNs are a classof graphicalprobabilistic models
whichencodadependenciesmongsetsof randomvariables
evolving in time. Examplesof DBNsincludeKalman lters
andHMMs. Previouswork hasdemonstratethe power of
thesemodelsin fusingvideoandaudiocueswith contectual
informationandexpertknowledge[6, 8, 7, 3].
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Spealer detectionis a particularly interestingexample
of a multi-modal sensingtask which can sene as a test-
bedfor DBN research Detectingwhenusersarespeaking
is animportantcomponeniof an openmike speech-based
userinterface. The needto handlemultiple peoplein the
presencef backgroundhoise meansthat both audio-and
video-basedsensingcan provide usefulinformation. Fig-
ure 6 gives an exampleof a DBN modelfor spealer de-
tection. We areinterestedn network modelsthat combine
“off-the-shelf vision and speechsensingwith contectual
cuessuchasthe stateof the interaction. Previous work
has demonstrategrromising resultsfor spealer detection
usingboth staticBayesiametworks [11] (BNs) and,more
recently DBNs|[6].

Learningthe parameter®f a DBN modelis a key step
in the developmentof aneffective system.The compleity
of thesemodelsand the numberof free parametersnake
hand-tuningmpractical. Maximumlikelihood(ML) learn-
ing is the mostcommonapproachjn which modelparam-
etersare adjustedto achieve the best t to a setof train-
ing data. Unfortunatelythereis no guaranteghata model
which ts its training datawell will make a goodclassi er.
However, a recentlearningtechniqueknown as boosting
malkesit possibleto improve the accurag of a weakclas-
si er througherrorfeedbackandthe optimal combination
of multiple classi ers[13]. Boostingalgorithmsdevelopa
seriesof classi ersthat concentraten the errorsmadeby
their predecessorgherebyimproving performance.

This paper describesa novel learning algorithm for
DBNSs that usesboostingto improve recognitionaccurag.
We refer to this new modelasan error feedba& DBN or
EFDBN. It combinesboostingwith ML learningfor esti-
mating the model parameters.We demonstratehe utility
of this new learningapproactin the context of spealer de-
tection. Our experimentsshow thatthe EFDBN is superior
to corventionalML-basedDBN models,andthatboth are
superiorto staticBNs. On atestsetof ve sequencesve



achieve anaccurag of 90%. Thesepromisingresultssug-
gestthe generalapplicability of EFDBN to otherproblems
in whichBN andDBN modelsarein use.

The rest of the paperis organizedasfollows. We be-
gin by introducingthe problemof multi-sensorfusion for
spealer detectionin Section 2, followed by a brief re-

view of the previous static and dynamic BN approaches.

Section3 formally addressethe classicalML learningin

DBNSs. In Section5 we de ne our EFDBN learningframe-
work from the prospectre of boostinganddiscussts rela-
tion to othersimilar schemes.Section6 describeghe ex-

perimentson spealer detectionusingthe threeframenorks
(staticBN, DBN, and EFDBN.) Lastly, we provide some
nal discussiorof theframewnork andthe results followed
by the futureresearchdirections.

2. Spealer Detection

Spealer detectionis an importantcomponentof open-
mike speech-basedserinterface. For ary interfacewhich
relieson speecHor communicationanestimateof the per
sonsstate(whethethe/shds orisn't a spealer) is important
for its reliable functioning. We arguethat for a personto
be an active user(spealer), he mustbe expectedto speak,
facingthe systemandactuallyspeakingVisualcuescanbe
usefulin decidingwhetherthe personis facingthe system
andwhetherhe is moving his lips. However, they arenot
capableon their own to distinguishan active userfrom an
active listener(listenermaybe smiling or nodding). Audio
cues,ontheotherhand,candetectthe presencef relevant
audioin the ervironment.Unfortunately simpleaudiocues
arenot sufcient to discriminatea userin front of the sys-
temspeakingo the systemfrom the sameuserspeakingo
anotheiindividual. Finally, contextualinformationdescrib-
ing the “stateof theworld” alsohasbearingonwhenauser
is actively speaking. For instance,in certaincontets the
usermay not be expectedo speakat all. Hence,audioand
visual cuesaswell asthe context needto be usedjointly to
infer theactive spealer.

The SmartKiosk [10, 4] developedat Compags Cam-
bridgeResearch.ab (CRL) providesaninterfacewhich al-
lows the userto interactwith the systemusingspolencom-
mands. The public, multi-usernatureof the kiosk appli-
cationdomainmalkesit ideal as an experimentalsetupfor
spealer detectiontask. Thekiosk (seeFigurel) hasa cam-
eramountedon the top that providesvisual feedback. A
microphoneis usedto acquirespeechnput from the user
This setupformsanidealtestbedor our problem.

We have analyzedhe problemof spealer detectionin a
speci ¢ scenarioof the GenieCasinoKiosk. This version
of kiosk simulatesa multiplayerblackjackgame(seeFig-
ure7 for a screencapture.) The userusesa setof spolen
commandsgo interactwith the dealer(kiosk) andplay the

Figure 1. The CRL Smart Kiosk

game.

Audio and visual information can be obtaineddirectly
from the two kiosk sensors. We use a setof ve “off-
the-shelf visual and audiosensorsithe CMU facedetec-
tor [12], a Gaussiarskin color detector[15], a facetex-
turedetectora mouthmotiondetectorandanaudiosilence
detector A detaileddescriptionof thesedetectorscanbe
foundin [11]. Contectual sensomprovidesthe stateof the
ervironmentwhich may helpin inferring the stateof the
user Contetual information cantell whetherthe useris
expectedo speakor not.

2.1 BayesianNetworks for spealer detection

The spealer detectionproblemrepresents challenging
groundfor testingtherepresentationgdower of DBN mod-
elsandmorespeci cally the EFDBN algorithmin a com-
plex multi-sensorfusion task. Differenttypesof sensors
needto be seamlesslyntegratedin modelthatbothre ects
the expert knowledge of the domainand the sensorsand
bene tsfrom thealundancef obseneddata.We approach
themodelbuilding taskby rst tacklingtheexpertdesignof
networksthatfuseindividual sensomgroups(video andau-
dio). We thenproceedwith the integrationof thesesensor
networkswith eachother, with contextual information,and
overtime. Finally, data-drvenaspecttomesinto play with
data-drvenparametetearning.

The graphin Figure2 shaws the vision network for this
task. This network takesthe binary outputof the sensors
(skin color detectorfacedetectorandtexture detectorjand
outputsthe queryvariablescorrespondingdo visibility and
thefrontal informationof theuser

The silencedetectorand the mouthmotion detectorare
usedto infer whethertheuseris talking. Theaudionetwork
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Figure 2. Vision Network

selectedor thistaskis shavn in Figure3. It takestheinput
from the sensorsand outputsthe probability that the audio
presenin the ervironmentcorrespondso the user

" Mouth Motion i silence Detector:

Figure 3. Audio network for spealer detection.

Once constructed,the audio and visual networks are
fusedto obtaintheintegratedaudio—visuahetwork. At this
stageonewould alsolik eto incorporateary informationthe
ervironmentmayplayin decidingtheusers state.Thecon-
textual information (stateof the blackjackgame),together
with the visual andaudiosubnetvorksis now fusedinto a
singlenetthroughthe virtue of the spealer node,asshovn
in Figure4. The chosennetwork topology represent®ur
knowledgethat both audio, visual, as well as contextual
conditionsneedto be metfor the decisionon the presence
of thespealerto bemade.
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Figure 4. Integratedaudio-visuahetwork.

The nal stepin designingthe topology of the spealer
detectionnetwork involvesits temporalaspect. Measure-
mentinformation from several consecutie time stepscan
be fusedto make a betterinformed decision. This expert
knowledgebecomes partof the spealer detectiometwork
oncethe temporaldependeng shovn in Figure 5 is im-
posed. The presenceof all possiblearcsamongthe three
nodesstemsfrom our lack of exactknowledgeaboutthese
temporaldependencies.e., we allow for all dependencies
to bepresentandlateron determinedy the data.

Incorporatingall of the above elementsinto a single
structurdeadto theDBN showvnin Figure6. Herethenodes
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Figure 5. Temporaldependenciebetweenthe speakr,
audio,andfrontal nodesat two consecutie time instances.

shownin dottedlinesarethedirectobsenationnodeswhile
the onesin solid are the unobsered nodes. The spealer
nodeis the nal spealerdetectionquerynode.
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Figure 6. Two time slicesof the dynamicBayesiamet-
work for spealker detection.

It hasbeenshown in [11] and[6] how boththe spealer
detectionmodelsbasedn the staticBN, similar to the one
in Figure4, andthe DBN in Figure6 canbe learnedfrom
datausingstandardviL learningtechniquesndtheneffec-
tively utilized to fusemulti-sensoryinformation. The DBN
framavork hasbeenshow in [6] to outperformthe static
onemainly dueto the existenceof temporallinks but also
becausef the presenceof contextual information. A sig-
ni cant improvementof 15%in spealerdetectiorerrorrate
wasreported. Furtherimprovementsoccuredwhenhigher
ordertemporaldependenciewere introducedthroughdu-
rationdensityDBNSs.

3. ML Learning in Dynamic Bayesian Net-
works

DynamicBayesiametworksarea classof Bayesiamet-
works speci cally tailoredto modeltemporalconsisteng
presentin somedatasets. In additionto describingde-
pendencieamongdifferentstatic variablesDBNs [5] de-
scribeprobabilisticdependencieamongvariablesat differ-



enttime instancesln generala DBN hasa speci ¢ struc-
ture showvn in an examplein Figure 6. A setof random
variablesat eachtime instance is representedsa static
BN. Outof all thevariabledn this settemporaldependeng
is imposedon some.Namely distribution of somevariable
attime dependson a variableat time ,
throughsomeconditionaldistribution Pr . An
exampleof this structureis depictedin Figure6. Finally,
somevariablesat eachtime slice are consideredo be ob-
senable(sensomeasurementgndareusuallydenotedy
. Therestof the variablescanbut neednot be obsened.
Probability distribution amongall variablesin a DBN can
in generalbe written as Pr
Pr Pr Pr Pr Eachof
the Pr termscanbe eitheratableof probabilitiesof some
parametriqpdf. In bothcasesthey yield a setof modelpa-
rameterswhich we denoteby . In general, consistsof
threetypesof parameterstransitionprobability parameters
, staticBN parameters , andinitial statedistribution

Inferencein DBNs is concernedvith nding the distri-
butions(i.e., estimates ) of unobseredvariables given
the measurements Thanksto its constrained
topologyef cient algorithmssuchastheforward-backvard
propagatiorj2] canbeemployedfor this task.

ML learningin DBNsis aspecialcaseof ML learningin
generaBNs. Thegoalis to maximizethelik elihoodof ob-
senedvariablesby varyingthe model's parametersGiven
theDDBN pdfit is easyto formulatethe ML learningas

Pr obsenedvariables Q)

The optimizationusually hasa closed-formsolutionwhen
all thevariablesn the DBN arevisible andthe optimalval-
uesof threeparameters , , and areindependent.If
someof thevariableg( ) arehidden,the closed-formsolu-
tion is usuallyreplacedby aniterative procedureknown as
the expectation-maximizationr EM:

Get initial guess of
do
Infer hidden variables  from measurements
using model ;
Pr
until ( convergence )

Becausehreetypesof parameterarepresent, , ,and ,
theiterationscanbeformulatedsuchthatall parametersre
updatechtonetime or only someof themareupdatedwvhile
theothersareheld x ed. It is importantto notethatin this
casethe optimal valuesof parametergandependon each
other

4. Classi cation Err or and Boosting

ML estimatorshave an undeniableappeal. The argu-
mentsin favor of ML estimationarebasedon the assump-
tion that the form of the underlinedistribution is known,
andthatonly thevalueof the parametersharacterizinghe
distribution is unknowvn. However, maximizingthe lik eli-
hood doesnot necessariljlead to minimum classi cation
error, an important criterion in problemssuch as multi-
sensospealer detection.

Recently Schapireet al. [13] have proposedmethod
calledboostingaimedatimproving the performancef ary
weak classi er. In particular they have derived an algo-
rithm called Adaboostthat “boosts” the classi cationon a
setof datapointsby linearly combininga numberof weak
classi ers,eachof whichis trainedto correct‘mistakes” of
thepreviousone.

More formally, considera binary classi cationproblem
with datagivenby . Here is
afeaturevectorand isthedesiredabel(or groundtruth).
The goal of the learningalgorithmis to nd a hypothesis
(classi er) thatminimizesmisclassi cation.In
a binary classi cation scenario, , Adaboost
canbedescribedas

Given:
Initialize distribution over data pairs ;
For
Train hypothesis  using data  with distribution
Choose - e
where
Update:
where is the normalization factor.

The nal hypothesis is

Adaboosthasa numberof appealingproperties. It can
beenshawn thatif theweights( ) arechosenin theway
describedabove thanthetrainingerroris boundedoy

(@)

Hence,if the weak hypothesesre slightly betterthanthe
chancethetrainingerror decreasesxponentiallyfast. Ad-

ditional boundson the generalizatiorerror canalsobe de-
rived[13]. It hasalsobeenshovn empiricallythatAdaboost



hasa good generalizatiorproperty unlessthe numberof
hypothesisbecomegoo large. Extensionsof Adaboostto
multilabel and soft classi cation problemshave alsobeen
reported.

5. Err or FeedbackDBNs

Considetthetrainingdata ,
andtheDBN shawvnin Figure6. Themodi ed goalof DBN
learningcannow bedescribeds:givendata obtainDBN
model , which minimizesthe probability of
classi cationerrorin ondataset . EFDBN algorithmfor
this settingcannow beformulatedasfollows.

Given:
where is an observation vector and is
the corresponding label of the hidden state

Initialize ;
For

Train static BN with  as the root node

The nal HMM model is

where

to obtain
Use as the weight over the training samples.
Use the DBN learning algorithm to obtain the
the transition probability matrix ~ for x ed
Use the learned DBN, to
decode the hidden state sequence
given as the input:
Choose - —
where
Update:
if then
else
where is the normalization factor.

The algorithm maintainsa weight distribution de ned
over the data. It startsby assigningequalweightto all the

1During training all the nodesof the BN areconsideredo be observ-
able.If thatis notthe case EM algorithmneedgo beusedfor learningthe
BN with the hiddennodes.

samplesAs thealgorithmproceedstheweightof correctly
classi edsampless decreasedhereaghatof misclassi ed
onesis increased. Our obsenationsshav that the points
wherethe erroris madearenormallythe pointswhichwere
classi edwith low con dence.

At eachiteration,algorithmobtainsan obsenationden-
sity matrix ~ usingthe presentdistribution over the data
givenby . The DBN learningalgorithmgivesan esti-
mate of the transitionprobability matrix , for which all
the sampleare consideredo be equally probable. Once
DBN is trained,we usea DBN inferencealgorithmto de-
codethehiddenstatesequenceDuring decodingwe obtain
themostlikely state at ary time, for the givenobsenation
sequence.This estimatedstateis comparedwith the true
state thediscrepang of which corresponds$o anerror. The
nal DBN modelusesthe weightedsum of individual ob-
senationprobabilitymatrices. Theweightof theindividual
probability matrix is a function of the expectederrormade
by that model. This DBN is now usedfor classi cation.
Since  givesthecon dencein acertainstateandnotthe
binarydecisionwe needto modify theway we aremeasur
ing theerror:

(3)

where (i.e., J)
It hasbeenshown in [13] thatthe boundon training error
of Eqn 2 still holds. This algorithm canbe extendedeas-
ily to thecasewhen takesmultiple valuesby usingthe
multiple classversionof Adaboos{13].

Algorithms similar in avor to ours have appearedn
recentliterature. In [1], the authorssuggestedhe use of
correctie training for improving the performanceof hid-
denMarkov models(simpleDBNs)in aspeechrecognition
framawvork. While improved performanceomparedo the
standardHMM classi cationwasreported certaincorver-
gencdssuesemainedatstale. Theuseof Adaboosto train
the hybrid HMM/neuralnetwork speectrecognizemwasre-
cently reportedin [14]. The Adaboostwas utilized to en-
hancethe performanceof the neuralnetwork measurement
model,henceresultingin betteroverall recognitionperfor
mance.

6. Experiments and Results

We conductedhree experimentsusinga commondata
set. Thedatasetcomprisedf vesequencesfauserplay-
ing the blackjackgamein the Genie CasinoKiosk setup.
The exerperimentabketupis depictedin Figure7. The se-
guenceswere of varying duration (from 2000 samplesto
3000 samples)otaling to 12500frames. Figure 8 shavs
someof therecordedramesfrom thevideosequenceEach
sequencéncludedaudioandvideotracksrecorderthrough
a camcorderalong with frequeng encodedcontectual in-
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Figure 7. Datacollectionset-upfor GenieCasinokiosk.

formation(seeFigure?.) Thevisualandaudiosensorsvere
thenappliedto audioandvideo streams.Becausesomeof
the sensorsprovide continuousestimatesof their respec-
tivefunctions,decisionthresholdsveredeterminedor each
sensothatyield binarysensostateqe.g.,silencev.s.nosi-
lence.) Thesediscretizedstatesverethenusedasinput for
the DBN model. Examplesof individual sensordecisions
(e.g.,frontal v.s. nonfrontal, silencev.s. nonsilence,etc.)
areshavn in Figure9. Abundanceof noiseandambiguity
in thesesensonpoutputsclearlyjusti es the needfor intelli-
gentyet data-drensensoffusion.

Figure 8. Threeframesfrom atestvideosequence.

6.1 Experiment Using Static BN

The rst experimentwasdoneusingthestaticBN of Fig-
ure4 to form the baselindor comparisorwith thedynamic
model.In this experimentall sampleof eachsequenc&vas
consideredo be independenof ary othersample.Part of
the whole datasetwas consideredasthe training dataand
restwasretainedfor testing.During thetrainingphaseput-
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Figure 9. Figure (a) shavs the ground truth for the
speakr state.1 meanghatthereis a speakr and0 means
anabsencex axis givestheframeno. in the sequence(b)

gives the contetual information. 1 means,its usersturn
to play whereas 0 meansthe computeris going to play.

(c),(d),(e),(f)arethe outputof texture,face,mouthmotion
andsilencedetectomrespectiely.

put of the sensorsaalongwith the handlabel valuesfor the
hiddennodeqspealer, frontalandaudio)werepresentedo
the network.

During testingonly the sensoroutputswere presented
andinferencewasdoneto obtainthe valuesfor the hidden
nodes. Mismatchin any of the three (spealer, frontal, au-
dio) is consideredo beanerror. Crossvalidationwasdone
by choosingdifferenttraining and testdata. An average
accurag of is obtained(seeFigure 10 for resultson
individual sequences.Yhe accurag obtainedis low. The

Figure 10. A comparisorbetweenthe resultsobtained
usingstaticBN, DBN, EFDBN

sensordata(as shovn in Figure 9) is noisy andit is hard
to infer the spealer without makingsubstantiakrrors.Fig-
ure 11(a) shaws the groundtruth sequencédor the stateof
thespealerand(b) shavsthedecodedequencesingstatic



BN. On the otherhand,temporalconsisteng in the query
state(spealer groundtruth) indicatesthat a model should
bebuilt thatexploits this fact.

6.2 Experiment Using DBN

Second experiment was conducted using the DBN
model. At sequencdevel datawasconsideredndependent
(e.g. seqlis independenbf seq2.) The learningalgorithm
describedn Section3 wasemployedto learnthe dynamic
transitionalprobabilitiesamongfrontal, spealer, andaudio
states. During testingphasea temporalsequencef sen-
sorvalueswaspresentedo themodelandViterbi decoding
(c.f. [9]) wasusedto nd the mostlikely sequencef the
spealer states. Overall, we obtainedthe accurag of the
spealer detection(after crossvalidation) of about , an
improvementof over the staticBN model. An indica-
tive of this canbe seenin actualdecodedsequencesFor
instance decodedsequenceaisingthe DBN modelin Fig-
ure 11 is obviously closerto the groundtruth thanthe one
decodedisingthestaticmodel. Theimprovedperformance
by theuseof DBN stemsfrom theinherenttemporalcorre-
lation presenbetweerthefeatures.

6.3 Experiment using EFDBN

Our nal experiment employed the newly designed
EFDBN framavork. The learning algorithm described
in Section5 was used. For a training sequencewe used
EFDBN to estimatethe parameteravhich minimized the
classi cation error A leave-one-outcrosswalidation re-
sultedin the overall accurag of . Figure10 sum-
marizesclassi cationresultson individual sequencesWe
seethatfor all the sequencesanimprovementof
overthebestDBN resultis obtained.

Oneadditionalissuedeseresour comment:“Unlessa
classi erperformswell onthetrainingdata,it cannotbeex-
pectedo doagreatjob onthetestdata”. During DBN train-
ing, we foundthe accurag of classi cationon thetraining
setof about . This implies that one shouldnot expect
arnything betterthan onthetestdata(providedtraining
datais a representatie of the testdata). Fortunately this
is whereboostingcomesinto play. It takesa weakclassi-
er (which shaved poorperformanceon the training data)
andenhanceds performanceln our case by doingboost-
ing, we wereableto improve the performanceon the train-
ing datato asmuchas . As expectedwe alsofounda
greatlyimprovedperformancenthetestdata.

The DBN modellearnedusingthe EFDBN framewnork
wasalsoappliedto thepredictionof hiddenstates An over-
all accuray of wasobtained.This indicatestogether
with the previously notedresults thatEFDBN signi cantly
improvesthe performancef simpleDBN classi ers.

7. Discussionsand Conclusions

We have presenteda generalpurposeerrorfeedback
learningframeawork for DBNs. Theresultsobtainedfor the
dif cult problemof spealer detectionwherea numberof
noisysensonoutputsneedo befusedindicatetheutility of
this algorithm. Signi cant improvementsin classi cation
accurag over a simple DBN model were achiezed with-
out sacri cing of compleity of thelearningalgorithm.We
have alsodemonstrated generaburposeapproacho solv-
ing man-machinénteractiontasksin which DBNs areused
to fusethe outputsof simpleaudioandvisualsensorsvhile
exploiting their temporalcorrelation.

In future work, we will focuson extendingthe boosting
to encompasthe transitionparametersOur initial experi-
mentsindicatethatconvex combinationof transitionmatri-
cesobtainedin a mannersimilar to the oneusedfor obser
vationmatrix doesnotyield signi cantimprovementsn
performance.We will alsolike to point thatthe boundon
the error (givenin Egn 2) may no longerhold becausef
the temporaldependencéetweenthe date . Our current
researcliocuseson obtainingthe boundsfor this case.
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