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ABSTRACT
Multi-streamhiddenMarkov models(HMMs) have recently

beenverysuccessfulin audio-visualspeechrecognition,wherethe
audioandvisual streamsarefusedat the final decisionlevel. In
this paperwe investigatefastfeaturespacespeaker adaptationus-
ing multi-streamHMMs for audio-visualspeechrecognition. In
particular, we focuson studyingtheperformanceof feature-space
maximumlikelihoodlinearregression(fMLLR), a fastandeffec-
tive methodfor estimatingfeaturespacetransforms. Unlike the
commonspeaker adaptationtechniquesof MAP or MLLR, fM-
LLR doesnot changethe audioor visual HMM parameters,but
simply appliesa singletransformto the testingfeatures.We also
addressthe problemof fast and robust on-line fMLLR adapta-
tion using featurespacemaximuma posteriorlinear regression
(fMAPLR). Adaptationexperimentsarereportedon the IBM in-
fraredheadsetaudio-visualdatabase.On averagefor a 20-speaker�

hourindependenttestset,themulti-streamfMLLR achieves � ���
relative gain on the cleanaudiocondition,and ��� � relative gain
on thenoisyaudiocondition(approximately7dB) ascomparedto
thebaselinemulti-streamsystem.

1. INTRODUCTION

Recentlyaudio-visualspeechrecognition(AVSR)hasattractedsig-
nificantinterestasa meansof improving performanceandrobust-
nessoveraudio-onlyspeechrecognition(ASR)[1, 2, 3], especially
in real-life applications[4, 5]. The most successfulAVSR sys-
temsextract visual featuresfrom the facial region of interestand
combinethemwith acousticfeaturesusingmulti-streamHMMs.
It hasbeendemonstratedthatmulti-streamdecisionfusionattains
significantimprovementin recognitionaccuracy over the single-
streambasedfusion methods[6]. The observation likelihoodof
themulti-streamHMM is theproductof thelikelihoodvaluesfrom
audioandvisual streams,raisedto appropriatestreamexponents
thatmodelthereliability of eachstream[7].

Speakeradaptationisnaturallyextendedtomulti-streamAVSR
systemsto improve speaker-independent(SI) systemperformance
asit is appliedsuccessfullyin practicalASR systems[8]. Com-
monadaptationtechniques,suchasmaximuma posterior(MAP)
adaptationandmaximumlikelihoodlinearregression(MLLR) are
exploitedin [8] in asupervisedway, whichusescorrecttranscripts
of the adaptationdata. First, audio-onlyand visual-only HMM
parametersare adaptedseparatelyby MAP and MLLR. Subse-
quently the audio-visualHMM streamexponentsareadaptedby
meansof discriminative trainingonN-bestrecognizedhypothesis.
This adaptationof the streamexponentsmay not be effective for
on-lineadaptationsincethecorrecthypothesesis not availableat
theadaptationstage.

In this paperwe focuson unsupervisedon-line featureadap-
tationtechniquesuchasfeature-spacemaximumlikelihoodlinear
regression(fMLLR, alsoknown asconstrainedMLLR [9]). Un-
like model adaptationtechniquesMAP or MLLR, fMLLR does
not changetheaudioandvisualHMM parameters,but simply ap-
plies a single transformto the testingfeatures. Effectively, fM-
LLR adaptsthe meansandvariancesof the HMM model at the
sametime without the MLLR requirementof saving the speaker
adaptedHMMs (detailsseeSection3). This is one reasonwhy
fMLLR is preferableover MLLR for faston-linespeaker adapta-
tion. In addition, sinceonly a single transformis estimatedfor
fMLLR, it needslessadaptationdatathanMAP, which needsto
adaptall HMM parameters.ThereforefMLLR is preferableover
MAP andMLLR for faston-linespeaker adaptation,which is the
focusof this paper.

Moreoverwhenonly asmallamountof on-lineadaptationdata
is available,we couldestimatethefMLLR transformto maximize
the a posterioriprobability asopposedto just the likelihood,we
call this methodfMAPLR. The basicidea is to usea prior esti-
matedfrom the training dataandusethis prior in the estimation
process:the objective function is essentiallythe productof the
likelihoodof the dataandthe prior probability of the transform.
Transformsthathave not beenseenin trainingaregivenlow like-
lihood andthetransformis constrainedby theprior.

Thepaperisstructuredasfollows: Themulti-streamHMM for
AVSR is discussedin Section2. Section3 briefly describesmulti-
streamfMLLR andfMAPLR. Adaptationexperimentalsetupand
resultsarereportedin Section4,andconclusionsaredrawn in Sec-
tion 5.

2. THE MULTI-STREAM AVSR SYSTEM

TherearethreemainareasthatdifferentiateAVSR systems[10]:
the speechrecognitionmethodused,the visual front enddesign
andtheaudio-visualintegrationstrategy. Our AVSR systemis an
HMM-basedspeechrecognizer, appearance-basedvisual features
anddecisionfusion for the audioandvisual streams(usuallyre-
ferredto asmulti-streamHMMs). Webriefly describeeachpartin
thefollowing.

The visual featuresareextractedfrom the region of interest
(ROI). We first estimatethe locationof the ROI, which contains
the areaaroundthe speaker’s mouth (seeSection4.1). Follow-
ing ROI extraction, the visual featuresare computedby apply-
ing a two-dimensionalseparableDCT to the sub-imagedefined
by theROI, andretainingthe top 100coefficientswith respectto
energy. The resultingvectorsthengo thougha pipelineconsist-
ing of intra-framelinear discriminantanalysis(LDA) andmaxi-
mumlikelihoodlinear transform(MLLT), temporalinterpolation,



andfeaturemeannormalization,producinga 30-dimensionalfea-
turestreamat100Hz.To accountfor inter-framedynamics,fifteen
consecutive framesin thestreamarejoinedandsubjectto another
LDA/MLLT stepto give the final visual featurevectorswith 41
dimensions[5].

In parallel to the visual featureextraction,audiofeaturesare
alsoobtained,time synchronously, at 100 Hz. First, 24 mel fre-
quency cepstralcoefficients of the speechsignal are computed
over a sliding window of 25 msec,andare meannormalizedto
provide static features. Then, nine consecutive suchframesare
concatenatedandprojectedby meansof LDA/MLLT onto a 60-
dimensionalspace,producingdynamicaudiofeatures.

In themulti-streamHMM decisionfusionapproach,thesingle-
modality observationsareassumedgeneratedby audio-onlyand
visual-onlyHMMs of identical topologieswith class-conditional
emissionprobabilities 	�

����
�� �
� ��� and 	���������� ��� ��� , respectively,
where��� � denotesthespeechclassesof interestsuchascontext-
dependentsub-phoneticunits. Both aremodeledasmixturesof
Gaussiandensities. Basedon the assumptionthat audioandvi-
sual streamsare independent,we computethe joint probability	�
!�"����
!��� ��� �!� asfollows [2]:
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Exponent 0 is usedto appropriatelyweigh the contribution
of eachstream,dependingon the “relative confidence”on each
modality. Exponentscanbefixedor time dependent[7]. Theuse
of streamexponentsarecritical to therobustoperationof anAVSR
system.Failureof eitherchannelcanbeexpectedin any practical
application,with thevisualchannelbeingmoreproneto failures.

3. MULTI-STREAM FMLLR AND FMAPLR

fMLLR is a widely usedandeffective techniquefor thereduction
of themismatchbetweentrainingandtestconditions.In fMLLR
thefeature1 is transformedlinearly to maximizethelikelihoodof
thetestingdata.We will describetheapplicationof this technique
to themulti-streamaudio-visualspeechrecognition.Let 1�
 denote
theaudiofeaturevectorand 1 � denotethevideofeaturevector. In
themostgeneralcasewe couldconsiderthetransform:243 
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where
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and : aresquarematricesthatmatchthedimensionof 1�

and 1 � respectively. Somepreliminaryexperimentsshowed that
thisgeneralform of thetransformperformedworsethanaseparate
lineartransformfor theaudioandvisualstreamsrespectively. We
thusrestrictdiscussionin the restof the paperto the casewhere9

and � arezero. In this paperwe alsoconsidertheuseof MAP
estimationfor fMLLR to reducethe amountof datarequiredto
reliablyestimatethetransform.

In standardsingle streamfMLLR (the top block of (2) ex-
pressedas

3 # 7 1 < > ) theobjective functionis [9]A ��BC�$#+DFE�G��IH"JLK 7 ��M ��N�OQP�R6SUTRWV R S R <YX TR S R (3)

wherethemeanandvariancestatisticsX R and

V R
respectively are

gatheredfrom theadaptationdataand
S R #4Z [ R > R]\ is avectormade

of the ^ th row of thetransform
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andthe ^ th elementof
>
. In the

caseof multi-streamHMMs we have thesameobjective function

exceptthe statistics

V R
and X R aregatheredwith posteriorcalcu-

latedjointly usingboth theaudioandvisual streams.This multi-
streamposteriortakestheform of (1).

Toestimatetheparametersof thetransformwith smallamounts
of data we use the MAP objective function insteadof just the
likelihood. TheMAP objective functionsis preferablewith small
amountsof datasincetheparametersareconstrainedby theprior,
in this casethe prior is learnedfrom the training data. We as-
sumethat the prior distribution of the transformsis a single full
covarianceGaussianwith themeanbeingtheidentity matrix. The
covarianceof the prior is estimatedon the training data. Since
this is the covarianceof the transformthe numberof parameters
is roughly _�` where _ is the dimensionof the featurespace.To
reducethe amountof datarequiredto estimatethe prior we use
FactorAnalysisto approximatethecovarianceof theprior:a #b: <Ycdc TWe (4)

We estimatethe covarianceby first estimatingthe transform
for eachtrainingspeaker. Wethenwrite eachof thetransformsasa
vectorandestimatethecovariance.WeusestandardEM technique
[11] to estimatetheFactorAnalyzedpriors. TheFactorAnalysis
estimationis initialized usingprobabilisticPCA [12].

Given the assumptionof a singleGaussianfor the prior, the
auxiliary functionfor MAP estimationis changedby theaddition
of a quadratictermto thestandardML auxiliary function:M ��N�O [ T a .�,
 [ <Uf T
 a .g,h[ < DiE�Gj�(H"JLK 7 � M ��N�OQP
R@SjTRQV R S R <�X TR S R
where[ is klJ!ml� 7 � . For theexperimentsin thispapertheestimation
of thetransformisperformedelementbyelement.Eachestimation
stepthenhasa closedform solution[13].

4. EXPERIMENTS AND RESULTS

4.1. Experimental Setup

Experimentsareconductedon theaudio-visualdatabasecollected
with the IBM infrared headset[5]. The infrared headsetis spe-
cially designedequipmentthatcapturesthevideoof thespeaker’s
mouthregion, independentlyof thespeaker’s movementandhead
pose.It reducesenvironmentallighting effect oncapturedimages,
allowing goodvisibility of the mouthROI even in a dark room.
Sincetheheadsetconsistentlyfocusesonthedesiredmouthregion,
facetrackingis no longerrequired.Eliminatingthisstepimproves
thevisual front endrobustnessandreducesCPUrequirementsby
approximately40%[14].

The ROI extraction on headsetcapturedvideo is basedon
trackingtwo mouthcornersof the recordedsubject. This allows
correctingslight positioningerrors,boomrotation,andrescaling
of thephysicalmouthsize.Extractingthetwo mouthcornersturns
out to befairly simplein theheadsetscenario,sinceit is assumed
thatthecamerais alreadyaimednearlydirectly at themouth.Be-
causethetypesof featuresseenin thecapturedimagesaretightly
constrained(i.e.,noconfusingbackgroundobjectsareexpectedin
thescene),thealgorithmscanuseveryweakmodelsandhencerun
quickly. Thealgorithmfirst estimatesthepositionof themouthin
the image,thendeterminesthe mouthcorners.Finally it outputs
the normalizedmouthimage: a 64 ) 64 pixel ROI with an aspect
ratio of about1.7coveringthemouth.Detailscanbefoundin [5].

Thesystemis built on22kHzaudioand720x480pixel resolu-
tion at30Hz video.Thedatabaseconsistsof 107subjectseachut-
teringapproximately35randomlengthconnecteddigit sequences.



The
�!nlo

speakersaresplit into trainingandtestingsets: p o speak-
ersareusedfor training,andthe remaining

O�n
speakersareused

for testing,thereis no overlap in training and testingsets. The
training datahasabout q hoursof speech,and the test datahas
around

�
hourspeech.Both trainingandtestingdatahaveanaver-

ageSNRof 20dB.In additionto thiscleantestdatawhichmatches
the trainingdata,anothernoisy testsetis built by artificially cor-
ruptingthetestsetwith additive“speechbabble”noiseresultingin
anaverageSNRof 7dB.Recognitionresultsarepresentedonboth
cleanandnoisytestsets.

Therecognitionsystemusesthree-state,left-to-right phonetic
HMMs with

��r�r
context-dependentstates(the context is cross-

word,spanningup to 5 phonesto eitherside)and �"s O�n&n Gaussian
mixturecomponentswith diagonalcovariances.

Our fMLLR adaptationis unsupervised:for eachspeaker, we
usethe baselinespeaker independentaudioandvisual modelsto
getinitial multi-stream/single-streamdecodingtranscripts,anduse
thesetranscriptsto computemulti-stream/single-streamfMLLR
transforms.Thenthe transformedtestingfeaturesareusedto get
thefinal adaptedresults.Unlike [8], we keepthestreamweights
fixed,

n"e o
for audiostream,and

n�e � for videostream.To show the
effectivenessof fMLLR on multi-streamHMMs, we alsopresent
the fMLLR resultson individual single stream,audio-onlyand
visual-only.

4.2. Results

Theresultsarepresentedasworderrorrate(WER) for visual-only
(V), audio-only(A) andmulti-streamaudio-visual(AV) recogni-
tion. Theserecognitionresultsarerun by thestandardIBM stack
decoder, recentlymodified to accommodatemulti-streamHMM
baseddecisionfusion.

In Table 1, we comparethe resultsof multi-streamfMLLR
with resultsof single-streamfMLLR. The secondrow shows the
improvementfrom single-streamfMLLR: in cleancondition,fM-
LLR gives22%relative improvement(from

��e put �&e q ) on audio,
and22%relative improvement(from ��q e qut O�r�e � ) onvideoalso;
in noisycondition,fMLLR showsmoregain: from

O���e qutv� e � on
audio,relative 54%improvement.

Thethird row shows theimprovementfrom multi-streamfM-
LLR: when we usethe multi-streamfMLLR to decodethe sin-
gle stream,we get betterresultsthan the single-streamfMLLR.
In cleancondition, thereare 0.1% absolutegain on audio-only
WER, and7.5% absolutegain on visual-onlyWER from multi-
streamfMLLR; in noisy condition,thereare2.0%absolutegain
on audio-onlyWER,and6.3%absolutegainon visual-onlyWER
from multi-streamfMLLR. Theimprovementindicatesthatmulti-
streamfMLLR is betterestimatedthansingle-streamfMLLR, and
it alsoshows evenmoreimprovementfor multi-streamdecoding:
in cleancondition,fMLLR gives31%relative improvement(from��e r t �&eF�

); in noisy condition,fMLLR shows moregain: from��O�e �wtx� e � onaudio,relative59%improvement.
Theabove resultsareobtainedusingall testutterancesasun-

supervisedadaptationdata.In practicewhenon-lineadaptationis
required,theadaptationdatais usuallyvery little. Herewe inves-
tigatehow fMAPLR helpswith smallamountsof adaptationdata:
for eachtestspeaker, wetake only y utterancesasadaptationdata,y is takenas

� s O sz�"s(q"s-��s �!n , andall utterances.On averageeach
utteranceis � secondslong.

Table2 shows the resultsfrom theseseven adaptationexper-
iments. In the caseof 1-utteranceadaptationdata,the fMAPLR

System Clean Noisy
A V AV A V AV

baseline 1.8 34.4 1.6 21.4 34.4 12.9
fMLLR(single) 1.4 26.9 1.2 9.9 26.9 5.5
fMLLR(multi) 1.3 19.4 1.1 7.9 20.6 5.3

Table 1. Comparison of fMLLR results on audio-only, visual-only,
and audio-visual speech recognition. Transforms estimated from
all data.

Fig. 1. An example of the bad speaker and his mouth ROI image

performanceis worsethan baseline. When we examinethe 20
testspeakerscarefully, wefind out thatoneparticularspeakercon-
tributeshalf of errorsof visual-onlyandaudio-visualrecognition.
The visual-onlyWER of this speaker is ashigh as80%. This is
dueto the fact that this speaker hasdark densebeardaroundhis
mouth.Themouthcornersarenot correctlylocateddueto thein-
terferenceof thedarkbeard.As resultthemouthisnotcenteredbut
ratherbeingpushup(seeFigure1, therectangleformsabounding
box aroundthe mouth region, two crossesmark the mouth cor-
ners).Whenvisual-onlyWER is 80%high, 5 secondsadaptation
datais certainlynotenoughfor fMAPLR. ThereforethefMAPLR
transformis wrongly estimatedandgives worseresultsthan the
baseline.

Startingwith 2-utteranceadaptationdata,fMAPLR showsim-
provementover thebaselineresultsbothin cleanandnoisycondi-
tions.As theadaptationdataincreases,thefMAPLR performance
getsbetter(seeFigure2 andFigure3). If fMLLR is usedinstead,
we seefrom Table3 that fMLLR fails in thecaseof 2-utterance,
andimprovesa little lessamountthanfMAPLR in thecaseof 5-
utterance.This proves the effectivenessof fMAPLR when little
adaptationdatais available.

Whenall utterancesareused,wenoticetheresultsof fMAPLR
are not as good as thoseof fMLLR in Table 1. This might be
do to the fact that we only have a small number(87) of training
speakersto estimatepriorson the fMLLR matrices.Hencewhen
the adaptationdatais sufficient, using fMAPLR is lessoptimal
thancomputingfMLLR from dataalone.

5. CONCLUSIONS

In this paper, we have investigatedfeaturespacespeaker adapta-
tion usingmulti-streamHMMs for audio-visualspeechrecogni-
tion, asa meansof fastandrobuston-lineadaptationfor real-time
AVSR applications.We studiedthe performanceof multi-stream
fMLLR, which simply appliesa singletransformto eachtesting
audio/visualfeatures.Wealsoaddressedtheproblemof robuston-
line fMLLR adaptationwith little adaptationdatausingmaximum
a posteriorlinear regression(fMAPLR). Adaptationexperiments
are reportedon the IBM infrared headsetaudio-visualdatabase.
Onaverageof 20-speaker

�
hourspeaker independenttestdata,the



adaptionsentences Clean Noisy
perspeaker A V AV A V AV

0 1.8 34.4 1.6 21.4 34.4 12.9
1 2.1 39.2 2.9 17.5 40.3 15.2
2 1.7 29.4 1.5 13.7 30.9 10.2
3 1.6 27.1 1.4 12.8 28.9 9.2
4 1.6 25.5 1.3 11.2 27.0 8.0
5 1.6 24.3 1.3 10.6 25.9 7.6
10 1.5 22.5 1.2 9.6 23.8 6.4
all 1.4 20.0 1.2 8.3 21.2 5.6

Table 2. Effect of adaptation data on fMAPLR

adaptionsentences Clean Noisy
perspeaker A V AV A V AV

0 1.8 34.4 1.6 21.4 34.4 12.9
2 2.2 35.2 1.9 37.4 43.9 30.2
5 1.5 23.5 1.4 10.9 26.0 8.3

Table 3. fMLLR performance on varying amounts of adaptation
data

multi-streamfMLLR achieves � ��� relative gainon thecleanau-
dio condition,and ��� � relative gainon thenoisyaudiocondition
(around7dB) comparedto no fMLLR adaptationon multi-stream
HMMs. Whenonly a smalladaptationdatais available,fMAPLR
clearlyis morerobustandeffectivethanfMLLR. Weneedanaccu-
rateprior estimationfor fMAPLR from a largenumberof training
speakers,however. If theprior is not adequatelyestimated,when
theadaptationdataissufficient,fMLLR is preferredoverfMAPLR
for betterperformance.
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