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ABSTRACT

Perceiving soundsin a noisy environmentis a challengingprob-
lem. Visuallip-readingcanproviderelevantinformationbut is also
challengingbecauselips aremoving anda tracker mustdealwith
a varietyof conditions.Typically audio-visualsystemshave been
assembledfrom individually engineeredmodules.We proposeto
fuseaudioandvideo in a probabilisticgenerative modelthat im-
plementscross-modelself-supervisedlearning,enablingadapta-
tion to audio-visualdata. The video model featuresa Gaussian
mixture modelembeddedin a linear subspaceof a spritewhich
translatesin the video. The systemcan learn to detectand en-
hancespeechin noisegivenonly a short(30 second)sequenceof
audio-visualdata.We show someresultsfor speechdetectionand
enhancement,anddiscussextensionsto the modelthat areunder
investigation.

1. INTRODUCTION

We often take for grantedtheeasewith which we cancarryon a
conversationin the midst of noise. This auditorysceneanalysis
problemconfoundscurrentautomaticspeechrecognitionsystems,
which canfail to recognizespeechin the presenceof very small
amountsof interfering noise. It is well known that in humans,
vision often plays a crucial role, becausewe often have an un-
obstructedview of thelips thatmodulatethesound.This facthas
motivatedeffortsto usevideoinformationfor tasksof audio-visual
sceneanalysis,suchasspeechrecognitionandspeaker detection
[1].

Suchsystemshavetypically beenbuilt usingseparatemodules
for taskssuchastrackingthelips, extractingfeatures,anddetect-
ing speechcomponents,whereeachmoduleis independentlyde-
signedto beinvariantto differentspeaker characteristics,lighting
conditions,andnoiseconditions.Howeverasystemthatcanadapt
to one'sfaceunderthecurrentlighting conditionmayperformbet-
ter thanonetrainedfor avarietyof conditionswithoutadaptation.

We addressthe integration and the adaptationproblemsof
audio-visualsceneanalysisbyusingaprobabilisticgenerativemodel
to combinevideotracking,featureextraction,andtrackingof the
phoneticcontentof audio-visualspeech.A generative modelof-
fersseveraladvantages.It allows usto captureandexploit depen-
denciesbetweenmodalities.It givesusprincipledmethodsof in-
ferenceandlearningacrossmodalitiesthatensuretheBayesopti-
mality of thesystem.It allowsusto extendthemodel,for instance
by addingtemporaldynamics,in aprincipledwaywhile maintain-
ing optimality properties.It alsoallows usto usethesamemodel
for avarietyof inferencetasks,suchasenhancingspeechby read-
ing lips, detectingwhethera personis speaking,or predictingthe
lips usingaudio.
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Fig. 1. Audio andVideoModels

In previous work it hasbeenshown that a generative model
could capturedependenciesbetweentime delaysof the speech
signal in two microphonesignalsandmotion in a cameraof the
imageof the speaker [2]. In that systemthe cross-modalcali-
brationparameterswereautomaticallydiscoveredduringunsuper-
visedlearning,andthe audiotime delaysignalwasableto boot-
straplearningof the visual tracking,yielding muchbettertrack-
ing whenthe multi-modalsystemwasadaptedjointly thanwhen
themodelswereadaptedindependentlyin eachmodality. Audio-
visualspeechrecognitionhasbeenexploredin a varietyof papers
[1]. Speaker localizationhasbeenhandledin othersystemssuch
as [3]. Unsupervisedlearningof video trackinghasbeendevel-
opedfor examplein [4]. Adaptationto noiseconditionshasbeen
demonstratedin for example[5].

Herewedevelopagenerativemodelthataccomplishesaspects
of all of theseworks. It fusesaudio and video by learningthe
dependenciesbetweenthe noisy speechsignal from a singlemi-
crophoneand the �ne-scale appearanceand location of the lips
during speech.Onepossiblescenariofor this model is that of a
humancomputerinteraction:aperson'saudioandvisualspeechis
capturedby a cameraandmicrophonemountedon thecomputer,
alongwith other interferingsignalsin the room: machinenoise,
anotherspeaker, andsoon.

In the restof the paperwe presentthe modelstructurealong
with the inferenceand learningrules, and describesomeexper-
imentsusing it to detectand enhancespeechin the presenceof
noise,and while tracking the lips in video. Finally we suggest
possibleextensionsto themodel.

2. AUDIO MODEL

Thegenerativemodelfor audioshown in 1(a)is asfollows. A win-
dowedshortsegmentor frameof theobservedmicrophonesignal
is representedin the frequency domainaswk 2 C wherek in-
dexesthe frequency band.This observedquantityis describedas



thecleanspeechsignaluk ampli�ed by scalarh andcorruptedby
Gaussiannoisehaving precision(inversevariance)� k . Thespeech
signalis in turn modeledasa zeromeanGaussianmixturemodel
with statevariables andstate-dependentprecision� sk , whichcor-
respondsto theinversepower of thefrequency bandk for states.
Thustheaudiomodelis

p(u j s) =
Y

k

N (uk j 0; � sk )

p(s) = � s

p(w j u) =
Y

k

N (wk j huk ; � k ) : (1)

wherefor thecomplex sub-bandcomponentsuk aGaussiandistri-

bution is de�ned asN (u j �; � ) = � k
� e�

� k
j u k � � k j 2

with mean
� k andprecision� k . This is a joint distribution over therealand
imaginarypartsof uk , hencethepower of two disparityfrom the
usualGaussian.

We modeltheaudiousinga zeromeanGaussian,ratherthan
thetraditionalcepstralcoef�cients usedin speechrecognition.One
advantageof this approachis thatwe caneasilyextendthemodel
to usephasefrom inferred microphonedelay as in [2]. To use
cepstralcoef�cients derivedfrom thelog power spectrumandac-
commodateinferencesaboutphaseis a challengingproblem. In
addition,theinferenceof thecleanspeechin noiseis greatlysim-
pli�ed, bothmathematicallyandcomputationally. Theuseof non-
linearfeaturessuchascepstralcomponentsrequireseitheriterative
optimizationprocedures([6]) or approximations([7]) to perform
noisecompensation.Furthermore,whereascepstralcomponents
may work well for speechrecognition,high-resolutionspectral
componentsmaywork well for speechenhancementin noisycon-
ditions,becauseit cantakeadvantageof �ne structurein eitherthe
signalor theinterference[8].

3. VIDEO MODEL

The video modeldescribesan observed frameof pixels from the
camera,y asa noisyversionof a hiddentemplatev shiftedin two
dimensionsby discretelocationparameterl . v in turn is described
asa weightedsumof linear basisfunctions,A j 2 RN � 1 which
makeup thecolumnsof A with weightsgivenby hiddenvariables
r . Sucha model constitutesa factor analysismodel that helps
explain the covarianceamongthe pixels in the templatev within
a linear subspacespannedby the columnsof A. This arrange-
mentusesfar fewer parametersthanthefull covariancematrix of
v whilecapturingthemostimportantvariancesandprovidesalow-
dimensionalspaceof causes,r . In �gure 2 r is projectedinto the
subspaceof v spannedby thecolumnsof A. It is thefurtherstruc-
turewithin thissubspacethatwehopeto describeusingaudio.

Thevideomodelis parameterizedas

p(l ) = constant

p(v j r ) =
Y

i

N (vi j
X

j

A ij r j + � i ; � i )

p(y j v; l ) =
Y

i

N (yi j v� (x i � x l ); � ) : (2)

where� i is theconditionalprecisionof eachpixel, and� i captures
partof themeanthatdoesn't dependon thefactors.Themapping
betweentwo-dimensionalcoordinatesandvector indicesis han-
dled by the expressionv� (x i � x l ) in which x i 2 R2� 1 is the

Fig. 2. VideoModelasEmbeddedSubspaceModel
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Fig. 3. Audio-VisualModel

positionof the i th pixel, x l 2 R2� 1 is the position represented
by discretevariablel , and� (x) is theindex of v correspondingto
two-dimensionalpositionx.

4. AUDIO-VISUAL MODEL

Eachmodelby itself is fairly simple,but byexploitingcross-modal
fusionwe canobtaina systemthatis morethanjust thesumof its
parts.We fusethetwo modelstogetherby allowing themeanand
precisionsof thehiddenvideo factorsr to dependon thestatess
asillustratedin Figure3:

p(r j s) =
Y

j

N (r j j � sj ;  sj ) : (3)

Thediscretevariables now controlsthelocationanddirectionsof
covarianceof a video representationthat is embeddedin a linear
subspaceof the pixels. Thus we can now representa nonlinear
manifoldembeddedin a linearsubspace,asillustratedin Figure2.

5. INFERENCE

A variationalexpectationmaximization(EM) algorithmthat de-
couplesl from v canbederivedto simplify thecomputation.The
posteriorp(u; s; r ; v j y; w) hasthefactorizedform

p(u; s; r ; v j y; w) = q(u j s)q(s)q(r j s)q(v j r ; l )q(l ) : (4)

For u weget

q(u j s) =
Y

k

N (uk j �� sk ; �� sk )

�� sk =
1

�� sk
h� k wk

�� sk = h2 � k + � sk : (5)



For v weget

q(v j r ) =
Y

i

N (vi j
X

j

�A ij r j + �� i ; �� i )

�� i = �E l � i + l + � i

�� i =
1
�� i

(� i � i + �E l � i + l yi + l )

�A ij =
� i

�� i
A ij : (6)

For r weget

q(r j s) = N (r j �� s ; � s )

�� s = � � 1
s

h
 s � s + AT diag(� )( �� � � )

i

� s = AT diag(� �
� 2

��
)A +  s (7)

wherediag(� ) is a diagonalmatrix with theelementsof � along
thediagonal

For s weget

q(s) = �� s =
�� 0

sP
s �� 0

s

(8)

where

log �� 0
s = log � s
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X

k

�
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�� sk
� � k j wk � h �� k j2 � � sk j �� sk j2

�
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For l weget

q(l ) / ef ( l ) p(l )

f (l ) = �
�
2

X

i

� i + l

 

yi + l �
X

sj

�A ij �� s �� sj � �� i

! 2

:(10)

All of theexpectationswith respectto thehiddenlocationrandom
variablel canbeshown to beequivalentto a convolution,andcan
be ef�ciently carriedout using a fast Fourier transform. To en-
hancethe audio we infer expectedvalue of the audio using the
posteriorsof u ands calculatedabove: E(ujw; v) =

P
s �� s �� s .

We theninvert theFourier transformandoverlapandaddusinga
lappingsynthesiswindow matchedto theanalysiswindow.

6. LEARNING

In theM-stepwecomputethemodelparameters.Theupdaterules
usesuf�cient statisticswhich involve two typesof averages.We

denoteby E averagew.r.t. theposteriorq at a givenframen, and
we denoteby h�i averageover framesn. Thesubscriptn will be
omitted.

For � weget

1
� sk

= hj �� sk j2 +
1
�� sk

i (11)

For h; � weget

h =
Re

P
k � k hwk E u?

k i
P

k � k hE j uk j2 i
1

� k
= hj wk j2 i � 2hRehwk E u?

k i + hE j uk j2 i (12)

where

E uk =
X

s

�� s �� sk

E j uk j2 =
X

s

�� s

�
j �� sk j2 +

1
�� sk

�
(13)

For A; �; � weget

A = [hE vr T i � hE vihE r T i ][hE r r T i � hE r ihE r T i ]� 1

� = hE v � AE r i

� � 1 = diag� 1hE vvT � AE r vT � �E vT i (14)

wherediag� 1 in thelastequationextractsthediagonalof thema-
trix asavector. For theaverageswehave

E r =
X

s

�� s �� s

E r r T =
X

s

�� s

�
�� s �� T

s + � � 1
s

�

E v =
X

s

�� s
� �A �� s + ��

�

E vr T =
X

s

�� s

h� �A �� s + ��
�

�� T
s + �A � � 1

s

i

E vvT =
X

s

�� s

h� �A �� s + ��
� � �A �� s + ��

� T + �A � � 1
s

�AT + �� � 1
i

(15)

Finally, for � ;  weget

� sj = h�� sj i
1

 sj
= h( �� sj � � sj )2 +

� � � 1
s

�
j j

i (16)

7. EXPERIMENTS

Weconductedexperimentsto demonstratetheviability of thetech-
niquefor the tasksof speechenhancementandspeechdetection.
The dataconsistedof video from the Carnegie Mellon Univer-
sity Audio-Visual SpeechProcessingDatabase(by Fu Jie Huang
http://amp.ece.cmu.edu/projects/AudioVisualSpeechProcessing).

We traineda speaker-dependentmodelhaving 32 statesand
16 subspacebasisfunctionson a 30-secondsequenceof the face
of subject”Jon” croppedaroundthe lip area,with accompanying
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Fig. 4. Audio-Visual EnhancementResults: For inference,the
videoconditionusedvideoonly, theaudioconditionusedthenoisy
audioonly, theav conditionweighedtheaudioandvideoequally,
the avbestconditionselectedthe bestweightsin termsof SNR,
andthereferenceconditionusedcleanaudioto infer thestate.

cleanaudiospeech,thentrainedthenoisemodelon10secondsof
an interferingaudiosignalwhich in this casehappenedto be an-
otherspeaker. Themodelwasthentestedonasetof datanotused
duringtraining,consistingof threedifferent30-secondsequences
of thesamespeaker, mixedwith differentsegmentsof interfering
audiosignal.

In order to maximizeperformanceit was necessaryto vary
the contribution of the audio and video componentsto the state
posterior. At test time we vary the log likelihood of audio and
video usinga singleparameter� to control the relative weights.
This schemeensuresthat when at one extremewe have a valid
audioonly model,at theotherwe have a valid videoonly model,
and in betweenwe have the unalteredaudio-visualmodel. We
testedinferenceunder� vedifferentsettingsof alpha asdescribed
in Figure7.

Signal-to-noiseratio (SNR) wascalculatedfor the enhanced
audiosignal relative to the cleansignal in the time domain(i.e.,
SN R = � 10log10

1
n

P
n (x[n] � y[n])2 wherex is the clean

time domainsignal,y is the estimatedsignal) . Resultsfor each
conditionareshown in Figure7.

Oneplausibleexplanationfor strongvideocontributionat low
SNRsis that with an interferingspeaker it is dif�cult for the au-
dio sideof the modelto detectwhenthe target speaker is speak-
ing, which is somethingthat is may be easierto determinefrom
video. To test the speechdetectionperformancewe turnedthe
enhancementsysteminto a speechdetectorby thresholdingthe
power of the enhancedsignal in eachframe and comparingthe
resultingclassi�cation to that obtainedby thresholdingthe clean
signalin thesameway. Speechdetectionperformancewasabout
85%at zerodB SNR,with thebestsettingof � , (thesettingused
for enhancementin the previous experiment). Performancewith
thevideo-onlymodelwascomparableatapproximately83%.

In anotherexperimentwe usedvideo from the sameset, in
whichthelipsarearti�cially translatedin randomdirections.Track-
ing wasableto almostcompletelycompensatefor lip motion,with
enhancementto within onedB of thatwith untranslatedvideo.

8. EXTENSIONS

Thesystematicnatureof thegraphicalmodelframework allowsus
to integrateourgenerativeaudio-visualmodelwith othersubmod-
ulesthat we have investigated. In particular, the simplistic noise
modelwehaveusedcanbereplacedwith amixturemodelThead-
dition of anothermicrophoneasin [2] would furtherimproveboth
noiserobustnessandtracking.

The modelcould alsobe extendedwith dynamics,makingit
a form of hiddenMarkov model. This would also openup the
possibilityof exploring time-asynchrony betweenaudioandvideo
streamswhich mayhelpin interpretinganticipatorymotionof the
lips. We also intend to explore otherapplicationsof the current
model,suchasunsupervisedspeaker localization.

9. CONCLUSIONS

Wehavederivedandimplementedtheinferenceandlearningrules
for a novel audio-visualmodel. Themodelis capableof tracking
videoasit translatesandchangesshapewithin a low-dimensional
linearsubspaceof pixels.Wehaveshown thatthemodelcanbeap-
pliedto audio-visualspeechenhancement,andthatusefulrelation-
shipbetweenaudioandvideocanbelearnedfrom smallamounts
of data.Thusit maybepossibleto adaptsuchasystemto thepre-
vailing noiseandlighting aswell asindividual differencesamong
speakersin agivensituation.Althoughresultsarepreliminary, we
feel this is apromisingsteptowardacompletelyunsupervisedsys-
tem that canusefully combinethe two modalitiesin a principled
way.
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