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Abstract

Designand developmentof novel human-computerin-
terfacesposesa challengingproblem: actionsand inten-
tions of users haveto be inferred from sequencesof noisy
andambiguousmulti-sensorydatasuch asvideoandsound.
Temporal fusionof multiplesensorshasbeenef�ciently for-
mulatedusing dynamicBayesiannetworks(DBNs) which
allow thepowerof statistical inferenceand learning to be
combinedwithcontextualknowledgeof theproblem.Unfor-
tunately, simplelearning methodscan causesuch appeal-
ing modelsto fail whenthe data exhibits complex behav-
ior. We formulatea learning framework for DBNs based
onerror-feedbackandstatisticalboostingtheory. We apply
this framework to the problemof audio/visualspeaker de-
tectionin an interactivekioskenvironmentusing”of f-the-
shelf” visual andaudio sensors (face, skin, texture, mouth
motion,and silencedetectors). Detectionresultsobtained
in thissetupdemonstratesuperiorityof our learningframe-
workover thatof theclassicalML learningin DBNs.

1. Intr oduction

Human-centereduser-interfaces basedon vision and
speechpresentchallengingsensingproblemsin whichmul-
tiple sourcesof informationmustbecombinedto infer the
user's actionsand intentions. Statisticalmodeling tech-
niquesthereforeplay a critical role in systemdesign.Dy-
namic Bayesiannetwork (DBN) modelsare an attractive
choice, as they combinean intuitive graphical represen-
tation with ef�cient algorithms for inferenceand learn-
ing. DBNs are a classof graphicalprobabilisticmodels
whichencodedependenciesamongsetsof randomvariables
evolving in time. Examplesof DBNsincludeKalman�lters
andHMMs. Previouswork hasdemonstratedthepower of
thesemodelsin fusingvideoandaudiocueswith contextual
informationandexpertknowledge[6, 8, 7, 3].

Speaker detectionis a particularly interestingexample
of a multi-modal sensingtask which can serve as a test-
bedfor DBN research.Detectingwhenusersarespeaking
is an importantcomponentof an openmike speech-based
user-interface. The needto handlemultiple peoplein the
presenceof backgroundnoisemeansthat both audio-and
video-basedsensingcanprovide useful information. Fig-
ure 6 gives an exampleof a DBN model for speaker de-
tection. We areinterestedin network modelsthatcombine
“off-the-shelf” vision and speechsensingwith contextual
cuessuchas the stateof the interaction. Previous work
hasdemonstratedpromisingresultsfor speaker detection
usingbothstaticBayesiannetworks [11] (BNs) and,more
recently, DBNs [6].

Learningthe parametersof a DBN modelis a key step
in thedevelopmentof aneffective system.Thecomplexity
of thesemodelsand the numberof free parametersmake
hand-tuningimpractical.Maximumlikelihood(ML) learn-
ing is themostcommonapproach,in which modelparam-
etersare adjustedto achieve the best�t to a set of train-
ing data. Unfortunatelythereis no guaranteethata model
which �ts its trainingdatawell will make a goodclassi�er.
However, a recentlearning techniqueknown as boosting
makesit possibleto improve the accuracy of a weakclas-
si�er througherror-feedbackandthe optimal combination
of multiple classi�ers[13]. Boostingalgorithmsdevelopa
seriesof classi�ers that concentrateon the errorsmadeby
their predecessors,therebyimproving performance.

This paper describesa novel learning algorithm for
DBNs that usesboostingto improve recognitionaccuracy.
We refer to this new modelasan error feedback DBN or
EFDBN. It combinesboostingwith ML learningfor esti-
mating the modelparameters.We demonstratethe utility
of this new learningapproachin thecontext of speaker de-
tection.Our experimentsshow thattheEFDBN is superior
to conventionalML-basedDBN models,andthat bothare
superiorto staticBNs. On a testsetof � ve sequenceswe



achieve anaccuracy of 90%. Thesepromisingresultssug-
gestthegeneralapplicabilityof EFDBN to otherproblems
in whichBN andDBN modelsarein use.

The rest of the paperis organizedas follows. We be-
gin by introducingthe problemof multi-sensorfusion for
speaker detectionin Section 2, followed by a brief re-
view of the previous static and dynamicBN approaches.
Section3 formally addressesthe classicalML learningin
DBNs. In Section5 we de�ne our EFDBN learningframe-
work from theprospective of boostinganddiscussits rela-
tion to othersimilar schemes.Section6 describesthe ex-
perimentson speaker detectionusingthethreeframeworks
(staticBN, DBN, andEFDBN.) Lastly, we provide some
�nal discussionof theframework andtheresults,followed
by thefutureresearchdirections.

2. Speaker Detection

Speaker detectionis an importantcomponentof open-
mike speech-baseduser-interface.For any interfacewhich
reliesonspeechfor communication,anestimateof theper-
sonsstate(whetherhe/sheis or isn't aspeaker) is important
for its reliable functioning. We arguethat for a personto
be an active user(speaker), he mustbe expectedto speak,
facingthesystemandactuallyspeaking.Visualcuescanbe
usefulin decidingwhetherthepersonis facingthesystem
andwhetherhe is moving his lips. However, they arenot
capableon their own to distinguishan active userfrom an
active listener(listenermaybesmiling or nodding).Audio
cues,on theotherhand,candetectthepresenceof relevant
audioin theenvironment.Unfortunately, simpleaudiocues
arenot suf�cient to discriminatea userin front of thesys-
temspeakingto thesystemfrom thesameuserspeakingto
anotherindividual. Finally, contextual informationdescrib-
ing the“stateof theworld” alsohasbearingonwhenauser
is actively speaking. For instance,in certaincontexts the
usermaynot beexpectedto speakat all. Hence,audioand
visualcuesaswell asthecontext needto beusedjointly to
infer theactivespeaker.

The SmartKiosk [10, 4] developedat Compaq's Cam-
bridgeResearchLab(CRL) providesaninterfacewhichal-
lowstheuserto interactwith thesystemusingspokencom-
mands. The public, multi-usernatureof the kiosk appli-
cationdomainmakesit ideal asan experimentalsetupfor
speakerdetectiontask.Thekiosk (seeFigure1) hasacam-
eramountedon the top that providesvisual feedback. A
microphoneis usedto acquirespeechinput from the user.
Thissetupformsanidealtestbedfor our problem.

We have analyzedtheproblemof speaker detectionin a
speci�c scenarioof the GenieCasinoKiosk. This version
of kiosk simulatesa multiplayerblackjackgame(seeFig-
ure 7 for a screencapture.)The userusesa setof spoken
commandsto interactwith the dealer(kiosk) andplay the

Figure 1. The CRL Smar t Kiosk

game.
Audio and visual information can be obtaineddirectly

from the two kiosk sensors. We use a set of � ve “off-
the-shelf” visual andaudiosensors:the CMU facedetec-
tor [12], a Gaussianskin color detector[15], a face tex-
turedetector, amouthmotiondetector, andanaudiosilence
detector. A detaileddescriptionof thesedetectorscanbe
found in [11]. Contextual sensorprovidesthe stateof the
environmentwhich may help in inferring the stateof the
user. Contextual information can tell whetherthe useris
expectedto speakor not.

2.1. BayesianNetworks for speaker detection

Thespeaker detectionproblemrepresentsa challenging
groundfor testingtherepresentationalpowerof DBN mod-
els andmorespeci�cally the EFDBN algorithmin a com-
plex multi-sensorfusion task. Different typesof sensors
needto beseamlesslyintegratedin modelthatbothre�ects
the expert knowledgeof the domainand the sensorsand
bene�tsfrom theabundanceof observeddata.Weapproach
themodelbuilding taskby �rst tacklingtheexpertdesignof
networksthat fuseindividual sensorgroups(videoandau-
dio). We thenproceedwith the integrationof thesesensor
networkswith eachother, with contextual information,and
over time. Finally, data-drivenaspectcomesinto play with
data-drivenparameterlearning.

Thegraphin Figure2 shows thevision network for this
task. This network takes the binary outputof the sensors
(skin color detector, facedetectorandtexturedetector)and
outputsthe queryvariablescorrespondingto visibility and
thefrontal informationof theuser.

The silencedetectorandthemouthmotion detectorare
usedto infer whethertheuseris talking. Theaudionetwork
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Figure 2. VisionNetwork

selectedfor this taskis shown in Figure3. It takestheinput
from thesensorsandoutputstheprobability that theaudio
presentin theenvironmentcorrespondsto theuser.

Mouth Motion Silence Detector

Audio

Figure 3. Audio network for speaker detection.

Once constructed,the audio and visual networks are
fusedto obtaintheintegratedaudio–visualnetwork. At this
stageonewouldalsoliketo incorporateany informationthe
environmentmayplay in decidingtheuser'sstate.Thecon-
textual information(stateof the blackjackgame),together
with thevisual andaudiosubnetworks is now fusedinto a
singlenetthroughthevirtue of thespeaker node,asshown
in Figure4. The chosennetwork topologyrepresentsour
knowledgethat both audio, visual, as well as contextual
conditionsneedto be met for thedecisionon thepresence
of thespeaker to bemade.

Visible Frontal

Face DetectorTexture DetectorSkin Detector

Speaker

Audio
Contextual
Information

Silence DetectorMouth Motion

Figure 4. Integratedaudio-visualnetwork.

The �nal stepin designingthe topologyof the speaker
detectionnetwork involves its temporalaspect. Measure-
ment information from several consecutive time stepscan
be fusedto make a betterinformeddecision. This expert
knowledgebecomesapartof thespeakerdetectionnetwork
once the temporaldependency shown in Figure 5 is im-
posed. The presenceof all possiblearcsamongthe three
nodesstemsfrom our lack of exactknowledgeaboutthese
temporaldependencies,i.e., we allow for all dependencies
to bepresentandlaterondeterminedby thedata.

Incorporatingall of the above elementsinto a single
structureleadto theDBN shownin Figure6. Herethenodes
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Audio Audio
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(t-1)
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(t)
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Figure 5. Temporaldependenciesbetweenthe speaker,
audio,andfrontal nodesat two consecutive time instances.

shown in dottedlinesarethedirectobservationnodeswhile
the onesin solid are the unobserved nodes. The speaker
nodeis the�nal speakerdetectionquerynode.
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Figure 6. Two time slicesof thedynamicBayesiannet-
work for speaker detection.

It hasbeenshown in [11] and[6] how both thespeaker
detectionmodelsbasedon thestaticBN, similar to theone
in Figure4, andtheDBN in Figure6 canbe learnedfrom
datausingstandardML learningtechniquesandtheneffec-
tively utilized to fusemulti-sensoryinformation.TheDBN
framework hasbeenshow in [6] to outperformthe static
onemainly dueto the existenceof temporallinks but also
becauseof the presenceof contextual information. A sig-
ni�cant improvementof 15%in speakerdetectionerrorrate
wasreported.Furtherimprovementsoccuredwhenhigher
order temporaldependencieswereintroducedthroughdu-
rationdensityDBNs.

3. ML Learning in Dynamic Bayesian Net-
works

DynamicBayesiannetworksareaclassof Bayesiannet-
works speci�cally tailored to model temporalconsistency
presentin somedata sets. In addition to describingde-
pendenciesamongdifferentstaticvariablesDBNs [5] de-
scribeprobabilisticdependenciesamongvariablesatdiffer-



ent time instances.In general,a DBN hasa speci�c struc-
ture shown in an examplein Figure 6. A set of random
variablesat eachtime instance� is representedasa static
BN. Outof all thevariablesin thissettemporaldependency
is imposedon some.Namely, distribution of somevariable

����� � at time � dependson a variableat time ���
	 , ����� ��
��

throughsomeconditionaldistribution Pr �

����� ��� ����� ��
���� . An
exampleof this structureis depictedin Figure6. Finally,
somevariablesat eachtime slice areconsideredto be ob-
servable(sensormeasurements)andareusuallydenotedby

� � . Therestof thevariablescanbut neednot beobserved.
Probabilitydistribution amongall variablesin a DBN can
in generalbe written as Pr �

� ����������� ��� � � ����������� ��� �"!

Pr �

� � � Pr �
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�

�&%(' Pr �
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�� � Pr �

� � � � � � . Eachof
thePr termscanbeeithera tableof probabilitiesof some
parametricpdf. In bothcases,they yield a setof modelpa-
rameters,which we denoteby ) . In general,) consistsof
threetypesof parameters:transitionprobabilityparameters

*

, staticBN parameters+ , andinitial statedistribution , .
Inferencein DBNs is concernedwith �nding thedistri-

butions(i.e.,estimates-

��� ) of unobservedvariables��� given
the measurements�.� ���������

�
� . Thanksto its constrained

topologyef�cient algorithmssuchastheforward-backward
propagation[2] canbeemployedfor this task.

ML learningin DBNsis aspecialcaseof ML learningin
generalBNs. Thegoalis to maximizethelikelihoodof ob-
servedvariablesby varyingthemodel's parameters.Given
theDBN pdf it is easyto formulatetheML learningas
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The optimizationusuallyhasa closed-formsolutionwhen
all thevariablesin theDBN arevisibleandtheoptimalval-
uesof threeparameters

*

, + , and , are independent.If
someof thevariables( > ) arehidden,theclosed-formsolu-
tion is usuallyreplacedby aniterative procedureknown as
theexpectation-maximizationor EM:
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Becausethreetypesof parametersarepresent,
*

, + , and , ,
theiterationscanbeformulatedsuchthatall parametersare
updatedatonetimeor only someof themareupdatedwhile
theothersareheld�x ed. It is importantto notethat in this
casethe optimal valuesof parameterscandependon each
other.

4. Classi�cation Err or and Boosting

ML estimatorshave an undeniableappeal. The argu-
mentsin favor of ML estimationarebasedon theassump-
tion that the form of the underlinedistribution is known,
andthatonly thevalueof theparameterscharacterizingthe
distribution is unknown. However, maximizingthe likeli-
hood doesnot necessarilylead to minimum classi�cation
error, an important criterion in problemssuch as multi-
sensorspeakerdetection.

Recently, Schapireet al. [13] have proposedmethod
calledboostingaimedat improving theperformanceof any
weak classi�er. In particular, they have derived an algo-
rithm calledAdaboostthat “boosts” theclassi�cationon a
setof datapointsby linearly combininga numberof weak
classi�ers,eachof which is trainedto correct“mistakes”of
thepreviousone.

More formally, considera binaryclassi�cationproblem
with datagivenby I
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a binary classi�cation scenario,�ZY[J9\
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Adaboosthasa numberof appealingproperties.It can
beenshown that if theweights( p`A ) arechosenin theway
describedabovethanthetrainingerroris boundedby
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Hence,if the weakhypothesesareslightly betterthanthe
chance,thetrainingerrordecreasesexponentiallyfast.Ad-
ditional boundson thegeneralizationerrorcanalsobe de-
rived[13]. It hasalsobeenshownempiricallythatAdaboost



hasa good generalizationproperty, unlessthe numberof
hypothesisbecomestoo large. Extensionsof Adaboostto
multilabel andsoft classi�cation problemshave alsobeen
reported.

5. Err or FeedbackDBNs

Considerthetrainingdata]
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The algorithm maintainsa weight distribution de�ned
over thedata. It startsby assigningequalweight to all the

1During trainingall thenodesof theBN areconsideredto beobserv-
able.If thatis not thecase,EM algorithmneedsto beusedfor learningthe
BN with thehiddennodes.

samples.As thealgorithmproceeds,theweightof correctly
classi�edsamplesis decreasedwhereasthatof misclassi�ed
onesis increased.Our observationsshow that the points
wheretheerroris madearenormallythepointswhichwere
classi�edwith low con�dence.

At eachiteration,algorithmobtainsanobservationden-
sity matrix + A usingthe presentdistribution over the data
givenby d6e

A

g

i . TheDBN learningalgorithmgivesanesti-
mateof the transitionprobability matrix

*

, for which all
the sampleare consideredto be equally probable. Once
DBN is trained,we usea DBN inferencealgorithmto de-
codethehiddenstatesequence.Duringdecodingweobtain
themostlikely state,at any time, for thegivenobservation
sequence.This estimatedstateis comparedwith the true
state,thediscrepancy of whichcorrespondsto anerror. The
�nal DBN modelusesthe weightedsumof individual ob-
servationprobabilitymatrices.Theweightof theindividual
probabilitymatrix is a functionof theexpectederrormade
by that model. This DBN is now usedfor classi�cation.
Since +

A givesthecon�dencein a certainstateandnot the
binarydecision,weneedto modify thewaywearemeasur-
ing theerror:

z�A

!�


��|(~
•

v�•

‚
ƒ

R

�
�

�•‡•� (3)

whereR

�
!

�

ž

�

dO{E��-

�
�

� �
�����M�L�M�

���€�

� 	

� (i.e., R

�
Y

ƒ

�0	

�
\

	

‡ .)
It hasbeenshown in [13] that the boundon training error
of Eqn 2 still holds. This algorithmcanbe extendedeas-
ily to the casewhen �

� takesmultiple valuesby usingthe
multipleclassversionof Adaboost[13].

Algorithms similar in �a vor to ours have appearedin
recentliterature. In [1], the authorssuggestedthe useof
corrective training for improving the performanceof hid-
denMarkov models(simpleDBNs) in aspeechrecognition
framework. While improvedperformancecomparedto the
standardHMM classi�cationwasreported,certainconver-
genceissuesremainedatstake. Theuseof Adaboostto train
thehybridHMM/neuralnetwork speechrecognizerwasre-
cently reportedin [14]. The Adaboostwasutilized to en-
hancetheperformanceof theneuralnetwork measurement
model,henceresultingin betteroverall recognitionperfor-
mance.

6. Experiments and Results

We conductedthreeexperimentsusinga commondata
set.Thedatasetcomprisedof � vesequencesof auserplay-
ing the blackjackgamein the GenieCasinoKiosk setup.
The exerperimentalsetupis depictedin Figure7. The se-
quenceswere of varying duration(from 2000 samplesto
3000 samples)totaling to 12500frames. Figure 8 shows
someof therecordedframesfrom thevideosequence.Each
sequenceincludedaudioandvideotracksrecorderthrough
a camcorderalongwith frequency encodedcontextual in-
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Figure 7. Datacollectionset-upfor GenieCasinokiosk.

formation(seeFigure7.) Thevisualandaudiosensorswere
thenappliedto audioandvideostreams.Becausesomeof
the sensorsprovide continuousestimatesof their respec-
tivefunctions,decisionthresholdsweredeterminedfor each
sensorthatyield binarysensorstates(e.g.,silencev.s.nosi-
lence.)Thesediscretizedstateswerethenusedasinput for
the DBN model. Examplesof individual sensordecisions
(e.g.,frontal v.s.non frontal, silencev.s.non silence,etc.)
areshown in Figure9. Abundanceof noiseandambiguity
in thesesensoryoutputsclearlyjusti�es theneedfor intelli-
gentyet data-drivensensorfusion.

Figure 8. Threeframesfrom a testvideosequence.

6.1. Experiment UsingStatic BN

The�rst experimentwasdoneusingthestaticBN of Fig-
ure4 to form thebaselinefor comparisonwith thedynamic
model.In thisexperimentall samplesof eachsequencewas
consideredto be independentof any othersample.Part of
thewhole datasetwasconsideredasthe trainingdataand
restwasretainedfor testing.Duringthetrainingphase,out-
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Figure 9. Figure (a) shows the ground truth for the
speaker state.1 meansthat thereis a speaker and0 means
anabsence.x axisgivestheframeno. in thesequence.(b)
gives the contextual information. 1 means,its usersturn
to play whereas 0 meansthe computeris going to play.
(c),(d),(e),(f)aretheoutputof texture, face,mouthmotion
andsilencedetectorrespectively.

put of thesensorsalongwith the handlabel valuesfor the
hiddennodes(speaker, frontalandaudio)werepresentedto
thenetwork.

During testingonly the sensoroutputswere presented
andinferencewasdoneto obtainthevaluesfor thehidden
nodes.Mismatchin any of the three(speaker, frontal, au-
dio) is consideredto beanerror. Crossvalidationwasdone
by choosingdifferent training and test data. An average
accuracy of ����� is obtained(seeFigure10 for resultson
individual sequences.)The accuracy obtainedis low. The

Figure 10. A comparisonbetweenthe resultsobtained
usingstaticBN, DBN, EFDBN

sensordata(asshown in Figure9) is noisy and it is hard
to infer thespeaker without makingsubstantialerrors.Fig-
ure 11(a)shows the groundtruth sequencefor the stateof
thespeakerand(b) showsthedecodedsequenceusingstatic



BN. On the otherhand,temporalconsistency in the query
state(speaker groundtruth) indicatesthat a modelshould
bebuilt thatexploits this fact.

6.2. Experiment UsingDBN

Second experiment was conducted using the DBN
model.At sequencelevel datawasconsideredindependent
(e.g. seq1is independentof seq2.)The learningalgorithm
describedin Section3 wasemployedto learnthedynamic
transitionalprobabilitiesamongfrontal, speaker, andaudio
states. During testingphasea temporalsequenceof sen-
sorvalueswaspresentedto themodelandViterbi decoding
(c.f. [9]) wasusedto �nd the most likely sequenceof the
speaker states. Overall, we obtainedthe accuracy of the
speaker detection(aftercrossvalidation)of about ����� , an
improvementof 	 ��� over thestaticBN model.An indica-
tive of this canbe seenin actualdecodedsequences.For
instance,decodedsequenceusingthe DBN model in Fig-
ure11 is obviously closerto thegroundtruth thantheone
decodedusingthestaticmodel.Theimprovedperformance
by theuseof DBN stemsfrom theinherenttemporalcorre-
lationpresentbetweenthefeatures.

6.3. Experiment usingEFDBN

Our �nal experiment employed the newly designed
EFDBN framework. The learning algorithm described
in Section5 wasused. For a training sequence,we used
EFDBN to estimatethe parameterswhich minimized the
classi�cation error. A leave-one-outcrossvalidation re-
sultedin the overall accuracy of ���

� �

��� . Figure10 sum-
marizesclassi�cation resultson individual sequences.We
seethat for all thesequences,an improvementof �0�2	����

over thebestDBN resultis obtained.
Oneadditionalissuedeservesour comment:“Unlessa

classi�erperformswell onthetrainingdata,it cannotbeex-
pectedto doagreatjob onthetestdata”.DuringDBN train-
ing, we foundtheaccuracy of classi�cationon thetraining
setof about �

ž

� . This implies thatoneshouldnot expect
anythingbetterthan �

ž

� on thetestdata(providedtraining
datais a representative of the testdata). Fortunately, this
is whereboostingcomesinto play. It takesa weakclassi-
�er (which showedpoorperformanceon the trainingdata)
andenhancesits performance.In our case,by doingboost-
ing, we wereableto improve theperformanceon thetrain-
ing datato asmuchas �

�

� . As expected,we alsofounda
greatlyimprovedperformanceon thetestdata.

The DBN model learnedusingthe EFDBN framework
wasalsoappliedto thepredictionof hiddenstates.An over-
all accuracy of ��� � wasobtained.This indicates,together
with thepreviouslynotedresults,thatEFDBNsigni�cantly
improvestheperformanceof simpleDBN classi�ers.

7. Discussionsand Conclusions

We have presenteda generalpurposeerror-feedback
learningframework for DBNs. Theresultsobtainedfor the
dif�cult problemof speaker detectionwherea numberof
noisysensoryoutputsneedto befusedindicatetheutility of
this algorithm. Signi�cant improvementsin classi�cation
accuracy over a simple DBN model were achieved with-
out sacri�cing of complexity of thelearningalgorithm.We
havealsodemonstratedageneralpurposeapproachto solv-
ing man-machineinteractiontasksin whichDBNsareused
to fusetheoutputsof simpleaudioandvisualsensorswhile
exploiting their temporalcorrelation.

In futurework, we will focuson extendingtheboosting
to encompassthetransitionparameters.Our initial experi-
mentsindicatethatconvex combinationof transitionmatri-
cesobtainedin a mannersimilar to theoneusedfor obser-
vationmatrix + doesnot yield signi�cant improvementsin
performance.We will alsolike to point that the boundon
the error (given in Eqn 2) may no longerhold becauseof
the temporaldependencebetweenthe data2 . Our current
researchfocusesonobtainingtheboundsfor this case.
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