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ABSTRACT

Multi-streamhiddenMarkov models(HMMs) have recently
beenvery successfuin audio-visuakpeechecognitionwherethe
audioandvisual streamsare fusedat the final decisionlevel. In
this paperwe investigatefastfeaturespacespealkr adaptatiorus-
ing multi-streamHMMs for audio-visualspeechrecognition. In
particular we focuson studyingthe performancef feature-space
maximumlikelihoodlinearregression(fMLLR), afastandeffec-
tive methodfor estimatingfeaturespacetransforms. Unlike the
commonspeakr adaptationtechniqguesof MAP or MLLR, fM-
LLR doesnot changethe audio or visual HMM parametersbut
simply appliesa singletransformto the testingfeatures.We also
addresgthe problemof fastand robust on-line fMLLR adapta-
tion using featurespacemaximuma posteriorlinear regression
(fMAPLR). Adaptationexperimentsare reportedon the IBM in-
fraredheadsetudio-visualdatabaseOn averagefor a 20-speakr
1 hourindependentestset,themulti-streamfMLLR achieves31%
relative gain on the cleanaudiocondition,and 59% relative gain
onthe noisyaudiocondition(approximately7dB) ascomparedo
thebaselinemulti-streamsystem.

1. INTRODUCTION

Recentlyaudio-visuakpeechecognition(AVSR) hasattractedsig-
nificantinterestasa meansof impraving performanceandrobust-
nessoveraudio-onlyspeechrecognition(ASR)[1, 2, 3], especially
in real-life applications[4, 5]. The mostsuccessfuAVSR sys-
temsextract visual featuresirom the facial region of interestand
combinethemwith acousticfeaturesusing multi-streamHMMs.
It hasbeendemonstratethat multi-streamdecisionfusionattains
significantimprovementin recognitionaccurag over the single-
streambasedfusion methods[6]. The obsenation likelihood of
themulti-streamrHMM s theproductof thelik elihoodvaluesfrom
audioandvisual streamsraisedto appropriatestreamexponents
thatmodelthereliability of eachstream([7].

Spealeradaptations naturallyextendedo multi-streamAVSR
systemgo improve speakr-independen(Sl) systemperformance
asit is appliedsuccessfullyin practicalASR systemg8]. Com-
mon adaptatiortechniquessuchas maximuma posterior(MAP)
adaptatiorandmaximumlik elihoodlinearregressionfMLLR) are
exploitedin [8] in asupervisedvay, which usescorrecttranscripts
of the adaptationdata. First, audio-only and visual-only HMM
parametersare adaptedseparatelypy MAP and MLLR. Subse-
quentlythe audio-visualHMM streamexponentsare adaptecby
meanf discriminatve trainingon N-bestrecognizedhypothesis.
This adaptatiorof the streamexponentsmay not be effective for
on-line adaptatiorsincethe correcthypothesess not availableat
theadaptatiorstage.

In this paperwe focuson unsupervisen-line featureadap-
tationtechniquesuchasfeature-spacenaximumlik elihoodlinear
regression(fMLLR, alsoknown asconstrainedMLLR [9]). Un-
like model adaptatiorntechniquesMAP or MLLR, fMLLR does
notchangetheaudioandvisualHMM parameterdyut simply ap-
plies a single transformto the testingfeatures. Effectively, fM-
LLR adaptsthe meansand variancesof the HMM model at the
sametime without the MLLR requiremenbf saving the spealker
adaptedHMMs (detailsseeSection3). This is one reasonwhy
fMLLR is preferableover MLLR for faston-line spealr adapta-
tion. In addition, sinceonly a single transformis estimatedfor
fMLLR, it needdessadaptatiordatathan MAP, which needsto
adaptall HMM parametersThereforefMLLR is preferableover
MAP andMLLR for faston-line speakr adaptationwhichis the
focusof this paper

Moreoverwhenonly asmallamountof on-lineadaptatiordata
is available,we couldestimateghefMLLR transformto maximize
the a posterioriprobability as opposedo just the likelihood, we
call this methodfMAPLR. The basicideais to usea prior esti-
matedfrom the training dataand usethis prior in the estimation
process:the objective function is essentiallythe productof the
likelihood of the dataandthe prior probability of the transform.
Transformghathave notbeenseernin trainingaregivenlow like-
lihood andthetransformis constrainedy theprior.

Thepaperis structuredasfollows: Themulti-streamHMM for
AVSRis discussedn Section2. Section3 briefly describesnulti-
streamfMLLR andfMAPLR. Adaptationexperimentalsetupand
resultsarereportedn Sectiord, andconclusionsaredravnin Sec-
tion 5.

2. THE MULTI-STREAM AVSR SYSTEM

Therearethreemain areasthat differentiateAVSR systemdg10]:
the speechrecognitionmethodused,the visual front end design
andthe audio-visualintegrationstratey. Our AVSR systemis an
HMM-basedspeechrecognizerappearance-basetisual features
anddecisionfusion for the audioandvisual streamgusuallyre-
ferredto asmulti-streamHMMSs). We briefly describesachpartin
thefollowing.

The visual featuresare extractedfrom the region of interest
(ROI). We first estimatethe location of the ROI, which contains
the areaaroundthe spealker’'s mouth (seeSection4.1). Follow-
ing ROI extraction, the visual featuresare computedby apply-
ing a two-dimensionalkeparableDCT to the sub-imagedefined
by the ROI, andretainingthe top 100 coeficientswith respecto
enegy. The resultingvectorsthengo thougha pipeline consist-
ing of intra-framelinear discriminantanalysis(LDA) and maxi-
mum likelihoodlineartransform(MLLT), temporalinterpolation,



andfeaturemeannormalization producinga 30-dimensionafea-
turestreamat 100Hz. To accounfor inter-framedynamicsfifteen
consecutie framesin the streamarejoined andsubjectto another
LDA/MLLT stepto give the final visual featurevectorswith 41
dimensiong5].

In parallelto the visual featureextraction, audiofeaturesare
alsoobtained time synchronouslyat 100 Hz. First, 24 mel fre-
queng cepstralcoeficients of the speechsignal are computed
over a sliding window of 25 msec,and are meannormalizedto
provide static features. Then, nine consecutie suchframesare
concatenatednd projectedby meansof LDA/MLLT onto a 60-
dimensionakpaceproducingdynamicaudiofeatures.

In themulti-streamHMM decisionfusionapproachthesingle-
modality obsenationsare assumedjeneratedy audio-onlyand
visual-only HMMs of identicaltopologieswith class-conditional
emissionprobabilities Py (0q,: |¢) and Py(04,:|c), respectrely,
wherec € C denoteshespeecitlassesf interestsuchascontext-
dependensub-phonetiaunits. Both are modeledas mixturesof
Gaussiardensities. Basedon the assumptiorthat audio and vi-
sual streamsare independentwe computethe joint probability
P,y (0awv,t |c) asfollows[2]:

Poy(0av.t|¢) = Pa(0a |€)* X Py(0yt]c) ™ (1)

Exponent) is usedto appropriatelyweigh the contrikution
of eachstream,dependingon the “relative confidence”on each
modality Exponentscanbefixedor time dependenf7]. Theuse
of streamexponentsarecritical to therobustoperatiorof anAVSR
system.Failure of eitherchannelcanbe expectedin ary practical
applicationwith thevisualchannebeingmoreproneto failures.

3. MULTI-STREAM FMLLR AND FMAPLR

fMLLR is awidely usedandeffective techniquefor thereduction
of the mismatchbetweertrainingandtestconditions.In fMLLR
thefeaturez is transformedinearly to maximizethelik elihoodof
thetestingdata.We will describethe applicationof this technique
to themulti-streamaudio-visuakpeechrecognition.Let z, denote
theaudiofeaturevectorandz, denotethevideofeaturevector In
themostgenerakasewe couldconsiderthetransform:

(r)=(zo)(x)(n) @

whereA andD aresquarematriceshatmatchthedimensiorof z,,
andz, respectiely. Somepreliminary experimentsshaved that
thisgeneraform of thetransformperformedwvorsethanaseparate
lineartransformfor the audioandvisual streamgespectrely. We
thusrestrictdiscussionn the restof the paperto the casewhere
B andC arezero. In this paperwe alsoconsiderthe useof MAP
estimationfor fMLLR to reducethe amountof datarequiredto
reliably estimatethetransform.

In standardsingle streamfMLLR (the top block of (2) ex-
pressedsy = Az + b) theobjective functionis [9]

QW) = log|det A| —1/2 Y w] Giw; + k[ wi  (3)
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wherethe meanandvariancestatisticsk; andG; respectrely are
gatheredrom theadaptatiordataandw; = [a;b;] is avectormade
of theith row of thetransformA andtheith elementof b. In the
caseof multi-streamHMMs we have the sameobjective function

exceptthe statisticsG; andk; aregatheredwith posteriorcalcu-
latedjointly usingboth the audioandvisual streams.This multi-
streamposteriortakesthe form of (1).

To estimateheparametersf thetransformwith smallamounts
of datawe usethe MAP objectve function insteadof just the
likelihood. The MAP objective functionsis preferablewith small
amountof datasincethe parametersreconstrainedy the prior,
in this casethe prior is learnedfrom the training data. We as-
sumethat the prior distribution of the transformsis a single full
covarianceGaussiamwith the meanbeingtheidentity matrix. The
covarianceof the prior is estimatedon the training data. Since
this is the covarianceof the transformthe numberof parameters
is roughly d* whered is the dimensionof the featurespace. To
reducethe amountof datarequiredto estimatethe prior we use
FactorAnalysisto approximatehe covarianceof the prior:

¥ = D + AAT. (4)

We estimatethe covarianceby first estimatingthe transform
for eachtrainingspealkr. Wethenwrite eachof thetransformsasa
vectorandestimatahecovariance We usestandardEM technique
[11] to estimatethe Factor Analyzedpriors. The FactorAnalysis
estimationis initialized usingprobabilisticPCA[12].

Given the assumptiorof a single Gaussiarfor the prior, the
auxiliary functionfor MAP estimationis changecdby the addition
of aquadratidermto the standardML auxiliary function:

—1/2a" 57 'a+pl T Ya+log | det A|—1/2 Zw;‘rGiwi+k;‘Fwi

wherea isvec(A). Fortheexperimentsn thispapertheestimation
of thetransformis performedelementy element Eachestimation
stepthenhasa closedform solution[13].

4. EXPERIMENTSAND RESULTS

4.1. Experimental Setup

Experimentsareconductedn the audio-visuadatabaseollected
with the IBM infrared headse{5]. The infrared headseis spe-
cially designecequipmenthatcaptureghevideo of the spealkr’s
mouthregion, independentlyf the spealer's movementandhead
pose.lt reduceervironmentallighting effect on capturedmages,
allowing good visibility of the mouth ROl evenin a dark room.
Sincetheheadsetonsistentlffocusenthedesirednouthregion,
facetrackingis nolongerrequired.Eliminatingthis stepimproves
thevisualfront endrobustnessandreducesCPU requirementdy
approximately40%(14].

The ROI extraction on headsetcapturedvideo is basedon
trackingtwo mouth cornersof the recordedsubject. This allows
correctingslight positioningerrors,boomrotation, andrescaling
of thephysicalmouthsize. Extractingthetwo mouthcornersurns
outto befairly simplein the headsescenariosinceit is assumed
thatthe cameras alreadyaimednearlydirectly at the mouth. Be-
causethetypesof featuresseenin the capturedmagesaretightly
constrainedi.e., no confusingbackgroundbjectsareexpectedn
thescene)thealgorithmscanuseveryweakmodelsandhenceun
quickly. Thealgorithmfirst estimateghe positionof the mouthin
theimage,thendetermineghe mouthcorners. Finally it outputs
the normalizedmouthimage: a 64x 64 pixel ROl with anaspect
ratio of about1.7 coveringthe mouth. Detailscanbefoundin [5].

Thesystemis built on 22kHzaudioand720x480pixel resolu-
tion at30 Hz video. Thedatabaseonsistof 107 subjecteachut-
teringapproximately85 randomlengthconnectedligit sequences.



The107 speakrsaresplitinto trainingandtestingsets:87 speak-
ersareusedfor training, andthe remaining20 speakrsareused
for testing,thereis no overlapin training andtestingsets. The
training datahasabout4 hoursof speechandthe testdatahas
aroundl hourspeechBothtrainingandtestingdatahave anaver-
ageSNRof 20dB.In additionto this cleantestdatawhich matches
the training data,anothemoisy testsetis built by artificially cor
ruptingthetestsetwith additive “speectbabble”noiseresultingin
anaverageSNRof 7dB. Recognitiorresultsarepresentean both
cleanandnoisytestsets.

Therecognitionsystemusesthree-stateleft-to-right phonetic
HMMs with 166 contet-dependenstates(the contet is cross-
word, spanningupto 5 phonesgo eitherside)and3, 200 Gaussian
mixture componentsvith diagonalcovariances.

OurfMLLR adaptatioris unsupervisedfor eachspealer, we
usethe baselinespealer independenaudio and visual modelsto
getinitial multi-stream/single-streadecodingranscriptsanduse
thesetranscriptsto computemulti-stream/single-streaffMLLR
transforms.Thenthe transformedestingfeaturesare usedto get
thefinal adaptedesults. Unlike [8], we keepthe streamweights
fixed,0.7 for audiostreamand0.3 for video stream.To shaw the
effectivenessof fMLLR on multi-streamHMMSs, we alsopresent
the fMLLR resultson individual single stream,audio-only and
visual-only

4.2. Results

Theresultsarepresenteésword errorrate(WER) for visual-only
(V), audio-only(A) and multi-streamaudio-visual(AV) recogni-
tion. Theserecognitionresultsarerun by the standardBM stack
decoder recently modified to accommodatenulti-streamHMM
baseddecisionfusion.

In Table 1, we comparethe resultsof multi-streamfMLLR
with resultsof single-streanfMLLR. The secondrow shaws the
improvementfrom single-streanfMLLR: in cleancondition,fM-
LLR gives22%relative improvement(from 1.8 — 1.4) on audio,
and22%relativeimprovement(from 34.4 — 26.9) onvideoalso;
in noisycondition,fMLLR shavs moregain:from21.4 — 9.9 on
audio,relative 54%improvement.

Thethird row shavs the improvementfrom multi-streamfM-
LLR: whenwe usethe multi-streamfMLLR to decodethe sin-
gle stream,we get betterresultsthanthe single-streanfMLLR.
In cleancondition, there are 0.1% absolutegain on audio-only
WER, and 7.5% absolutegain on visual-only WER from multi-
streamfMLLR; in noisy condition,thereare 2.0% absolutegain
on audio-onlyWER, and6.3%absolutegainon visual-onlyWER
from multi-streamfMLLR. Theimprovementindicateshatmulti-
streamfMLLR is betterestimatedhansingle-streaniMLLR, and
it alsoshavs even moreimprovementfor multi-streamdecoding:
in cleancondition,fMLLR gives31%relative improvement(from
1.6 — 1.1); in noisy condition,fMLLR shavs moregain: from
12.9 — 5.3 onaudio,relative 59%improvement.

Theabove resultsareobtainedusingall testutterancessun-
supervise@daptatiordata. In practicewhenon-line adaptatioris
required the adaptatiordatais usuallyvery little. Herewe inves-
tigatehow fMAPLR helpswith smallamountsf adaptatiordata:
for eachtestspealkr, we take only n utterancessadaptatiordata,
nistakenasli, 2, 3,4, 5, 10, andall utterancesOn averageeach
utterances 5 seconddong.

Table2 shaws the resultsfrom theseseven adaptatiorexper
iments. In the caseof 1-utteranceadaptationdata,the fMAPLR

System Clean Noisy

ATV A ATV A/
baseline 18| 344 | 16| 214 344 129

fMLLR(single) || 1.4 | 26.9| 1.2 || 9.9 | 26.9| 55

fMLLR(multi) || 1.3 | 194 | 1.1| 7.9 | 206 | 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

performances worsethan baseline. Whenwe examinethe 20
testspeakrscarefully wefind outthatoneparticularspealker con-
tributeshalf of errorsof visual-onlyandaudio-visualecognition.
The visual-only WER of this spealer is ashigh as80%. This is
dueto the factthatthis spealkr hasdark densebeardaroundhis
mouth. Themouthcornersarenot correctlylocateddueto thein-
terferencef thedarkbeard.As resultthemouthis notcenteredut
ratherbeingpushup (seeFigurel, therectangldormsabounding
box aroundthe mouth region, two crossesnark the mouth cor
ners). Whenvisual-onlyWER is 80% high, 5 secondsadaptation
datais certainlynotenoughfor fMAPLR. ThereforethefMAPLR
transformis wrongly estimatedand gives worseresultsthan the
baseline.

Startingwith 2-utterancexdaptatiordata,fMAPLR shavsim-
provementover thebaselineesultsbothin cleanandnoisycondi-
tions. As theadaptatiordataincreasesthe fMAPLR performance
getsbetter(seeFigure2 andFigure3). If fMLLR is usedinstead,
we seefrom Table3 thatfMLLR fails in the caseof 2-utterance,
andimprovesalittle lessamountthanfMAPLR in the caseof 5-
utterance. This provesthe effectivenessof fMAPLR whenlittle
adaptatiordatais available.

Whenall utterancesreusedwe noticetheresultsof IMAPLR
are not as good asthoseof fMLLR in Table 1. This might be
do to the fact that we only have a small number(87) of training
speakrsto estimatepriorson the fMLLR matrices.Hencewhen
the adaptationdatais suficient, using fMAPLR is lessoptimal
thancomputingfMLLR from dataalone.

5. CONCLUSIONS

In this paper we have investigatedieaturespacespealer adapta-
tion using multi-streamHMMs for audio-visualspeechrecogni-
tion, asa meansof fastandrobuston-line adaptatiorfor real-time
AVSR applications.We studiedthe performanceof multi-stream
fMLLR, which simply appliesa single transformto eachtesting
audio/visuafeaturesWe alsoaddressethe problemof robuston-
line fMLLR adaptatiorwith little adaptatiordatausingmaximum
a posteriorlinear regression(fMAPLR). Adaptationexperiments
arereportedon the IBM infrared headsetudio-visualdatabase.
Onaverageof 20-speakr 1 hourspealkrindependentestdata the



adaptionsentences Clean Noisy
perspealker ATV IAV]TATV IAN
0 181 344| 16| 21.4| 344 | 129
1 211 39.2| 29| 175]| 40.3| 15.2
2 1.7 294 | 15| 13.7| 30.9 | 10.2
3 16| 27.1| 14| 128| 289 | 9.2
4 16| 255| 13| 11.2| 27.0| 8.0
5 16| 243| 13| 106 | 259 | 7.6
10 15 225| 12| 96 | 23.8| 64
all 141 200| 12| 83 | 21.2| 56
Table 2. Effect of adaptation data on fMAPLR
adaptionsentences Clean Noisy
perspealer ATV AV ATV A/
0 18344 | 16| 21.4| 344 129
2 221|352 19| 374 439 30.2
5 15| 235|141 109| 26.0| 83

Table 3. fMLLR performance on varying amounts of adaptation
data

multi-streamfMLLR achieves31% relative gainon the cleanau-
dio condition,and59% relative gain on the noisy audiocondition
(around7dB) comparedo no fMLLR adaptatioron multi-stream
HMMs. Whenonly asmalladaptatiordatais available,fMAPLR
clearlyis morerobustandeffectivethanfMLLR. Weneedanaccu-
rateprior estimationfor fMAPLR from alarge numberof training
speakrs, however. If the prior is not adequatelyestimatedwhen
theadaptatiordatais suficient,fMLLR is preferrecoverfMAPLR
for betterperformance.
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