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ABSTRACT

Perceving soundsin a noisy ervironmentis a challengingprob-
lem. Visuallip-readingcanproviderelevantinformationbutis also
challengingbecausdips aremoving anda tracker mustdealwith
avariety of conditions.Typically audio-visuakystemshave been
assembledrom individually engineereanodules.We proposeto
fuseaudioandvideoin a probabilisticgeneratre modelthatim-
plementscross-modekelf-supervisedearning, enablingadapta-
tion to audio-visualdata. The video modelfeaturesa Gaussian
mixture modelembeddedn a linear subspacef a sprite which
translatesn the video. The systemcanlearnto detectand en-
hancespeechn noisegivenonly a short(30 secondsequencef
audio-visualdata.We shav someresultsfor speechdetectionand
enhancemengnddiscussextensionsto the modelthatareunder
investigation.

1. INTRODUCTION

We oftentake for grantedthe easewith which we cancarryon a
corversationin the midst of noise. This auditory sceneanalysis
problemconfoundscurrentautomaticspeectrecognitionsystems,
which canfail to recognizespeechin the presenceof very small
amountsof interfering noise. It is well known thatin humans,
vision often plays a crucial role, becausewe often have an un-
obstructedsiew of thelips thatmodulatethe sound.This facthas
motivatedeffortsto usevideoinformationfor tasksof audio-visual
sceneanalysis,suchas speectrecognitionand spealer detection
[1].

Suchsystem$ave typically beenbuilt usingseparatenodules
for taskssuchastrackingthelips, extractingfeaturesanddetect-
ing speeclcomponentswhereeachmoduleis independentlyde-
signedto beinvariantto differentspealer characteristicdjghting
conditions,andnoiseconditions.However a systenthatcanadapt
to onesfaceunderthecurrentlighting conditionmayperformbet-
terthanonetrainedfor avariety of conditionswithout adaptation.

We addressthe integration and the adaptationproblemsof
audio-visuakcenenalysishy usingaprobabilisticgeneratie model
to combinevideo tracking,featureextraction,andtrackingof the
phoneticcontentof audio-visualspeech.A generatre modelof-
fersseveraladwantageslt allows usto captureandexploit depen-
dencieshetweermodalities.It givesus principledmethodsof in-
ferenceandlearningacrossmodalitiesthatensurethe Bayesopti-
mality of the system It allows usto extendthe model,for instance
by addingtemporaldynamicsjn a principledway while maintain-
ing optimality properties.It alsoallows usto usethe samemodel
for avarietyof inferencetasks suchasenhancingpeectby read-
ing lips, detectingwhethera personis speakingor predictingthe
lips usingaudio.
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Fig. 1. Audio andVideoModels

In previous work it hasbeenshavn that a generatie model
could capturedependenciebetweentime delaysof the speech
signalin two microphonesignalsand motionin a cameraof the
image of the spealer [2]. In that systemthe cross-modakali-
brationparametersvereautomaticallydiscoveredduringunsuper
visedlearning,andthe audiotime delaysignalwasableto boot-
straplearningof the visual tracking, yielding much bettertrack-
ing whenthe multi-modal systemwas adaptedointly thanwhen
the modelswereadaptedndependentlyn eachmodality Audio-
visualspeeclrecognitionhasbeenexploredin a variety of papers
[1]. Spealkr localizationhasbeenhandledin othersystemssuch
as[3]. Unsupervisedearningof video tracking hasbeendevel-
opedfor examplein [4]. Adaptationto noiseconditionshasbeen
demonstrateth for example[5].

Herewe developageneratie modelthataccomplisheaspects
of all of theseworks. It fusesaudioand video by learningthe
dependenciebetweenthe noisy speectsignal from a single mi-
crophoneand the ne-scale appearanceand location of the lips
during speech.One possiblescenaridfor this modelis that of a
humancomputeiinteraction:a persons audioandvisualspeechs
capturedby a cameraandmicrophonemountedon the computey
alongwith otherinterferingsignalsin the room: machinenoise,
anotherspealker, andsoon.

In the restof the paperwe presenthe modelstructurealong
with the inferenceand learningrules, and describesomeexper
imentsusingit to detectand enhancespeechin the presenceof
noise, and while tracking the lips in video. Finally we suggest
possibleextensiongo themodel.

2. AUDIO MODEL

Thegeneratie modelfor audioshavnin 1(a)is asfollows. A win-
dowed shortsegmentor frameof the obsened microphonesignal
is representedh the frequeny domainaswy, 2 C wherek in-
dexesthefrequeng band. This obsened quantityis describecas



thecleanspeectsignalux ampli ed by scalarh andcorruptedby
Gaussiamoisehaving precision(inversevariance) . Thespeech
signalis in turn modeledasa zeromeanGaussiammixture model
with statevariables andstate-dependeprecision ¢, whichcor
responddo theinversepower of the frequeng bandk for states.
Thustheaudiomodelis
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wherefor thecomplex sub-banc¢componentsi, a Gaussiarlistri-
butionis de nedasN (uj : ) = —e 7Y <* with mean

x andprecision . Thisis ajoint distribution over therealand
imaginarypartsof uy, hencethe power of two disparityfrom the
usualGaussian.

We modelthe audiousinga zeromeanGaussianratherthan
thetraditionalcepstratoefcients usedn speechrecognition.One
adwantageof this approachs thatwe caneasilyextendthe model
to use phasefrom inferred microphonedelay asin [2]. To use
cepstralcoefcients derived from thelog power spectrumandac-
commodatenferencesaboutphaseis a challengingproblem. In
addition,theinferenceof the cleanspeeclhin noiseis greatlysim-
pli ed, bothmathematicallyandcomputationally The useof non-
linearfeaturesuchascepstratomponentsequireseitheriterative
optimizationprocedureg[6]) or approximationg[7]) to perform
noisecompensation.Furthermorewhereascepstralcomponents
may work well for speechrecognition, high-resolutionspectral
componentsnaywork well for speectenhancemerih noisycon-
ditions,becausét cantake advantageof ne structurein eitherthe
signalor theinterferencg8].

3. VIDEO MODEL

The video modeldescribesan obsered frame of pixels from the
cameray asanoisyversionof a hiddentemplatev shiftedin two
dimensiondy discretdocationparametet. v in turnis described
asa weightedsumof linear basisfunctions,A; 2 RY * which
make up the columnsof A with weightsgivenby hiddenvariables
r. Sucha model constitutesa factor analysismodel that helps
explain the covarianceamongthe pixels in the templatev within
a linear subspacespannedy the columnsof A. This arrange-
mentusesfar fewer parametershanthe full covariancematrix of
v while capturinghemostimportantvariancesandprovidesalow-
dimensionakpaceof causesr. In gure 2r is projectedinto the
subspacef v spannedy thecolumnsof A. It is thefurtherstruc-
turewithin this subspacéhatwe hopeto describeusingaudio.
Thevideomodelis parameterizeds
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where ; istheconditionalprecisionof eachpixel,and ; captures
partof the meanthatdoesnt dependon the factors. The mapping

betweentwo-dimensionakoordinatesand vector indicesis han-
dled by the expressionv (xi  x;) in whichx; 2 R? ! isthe
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Fig. 3. Audio-VisualModel

position of theith pixel, x; 2 R? ! is the positionrepresented
by discretevariablel, and (x) is theindex of v correspondingo
two-dimensionapositionx.

4. AUDIO-VISUAL MODEL

Eachmodelby itselfis fairly simple,but by exploiting cross-modal
fusionwe canobtaina systemthatis morethanjustthe sumof its
parts.We fusethe two modelstogethey allowing the meanand
precisionsof the hiddenvideofactorsr to dependon the statess
asillustratedin Figure3:
Y
p(ris)= N(rjj s; s): ®3)
i
Thediscretevariables now controlsthelocationanddirectionsof
covarianceof a video representatiothatis embeddedn a linear
subspacef the pixels. Thuswe cannow represent nonlinear
manifoldembeddedh alinearsubspacegsillustratedin Figure2.

5. INFERENCE

A variationalexpectationmaximization(EM) algorithmthat de-
coupled from v canbederivedto simplify the computation.The
posteriorp(u; s;r; Vv j y; w) hasthefactorizedform

p(uss;r;vjy;w) = q(ujs)as)alr js)alvir;hal): (4
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For v we get
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All of theexpectationswith respecto the hiddenlocationrandom
variablel canbe shavn to be equivalentto a convolution,andcan
be ef ciently carriedout using a fast Fourier transform. To en-
hancethe audiowe infer expectedvalue of the audiogsing the
posteriorsof u ands calculatedabove: E(ujw;v) = ( s s.
We theninvert the Fouriertransformandoverlapandaddusinga
lappingsynthesisvindow matchedo the analysiswindow.

6. LEARNING

In the M-stepwe computehemodelparametersTheupdaterules
usesufcient statisticswhich involve two typesof averages.We

denoteby E averagew.r.t. the posteriorg at a givenframen, and
we denoteby h i averageover framesn. The subscriptn will be
omitted.
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wherediag ! in thelastequatiorextractsthe diagonalof thema-
trix asavector For the averageswe have
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7. EXPERIMENTS

We conductedxperimentgo demonstratéheviability of thetech-
niguefor the tasksof speechenhancemerand speechdetection.
The dataconsistedof video from the Carngie Mellon Univer-
sity Audio-Visual SpeechProcessinddatabasdby Fu Jie Huang
http://amp.ece.cmu.edu/projects/AudisivalSpeechProcessing).
We traineda spealkr-dependentnodel having 32 statesand
16 subspacdasisfunctionson a 30-secondsequencef the face
of subject”Jon” croppedaroundthe lip area,with accompaying
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Fig. 4. Audio-Visual EnhancemenResults: For inference,the
videoconditionusedvideoonly, theaudioconditionusecthenoisy
audioonly, theav conditionweighedthe audioandvideo equally
the avbestcondition selectedthe bestweightsin termsof SNR,
andtherefelenceconditionusedcleanaudioto infer the state.

cleanaudiospeechthentrainedthe noisemodelon 10 second®f
aninterferingaudiosignalwhich in this casehappenedo be an-
otherspealer. Themodelwasthentestedon a setof datanot used
duringtraining, consistingof threedifferent30-secondequences
of the samespealer, mixed with differentsegmentsof interfering
audiosignal.

In orderto maximize performancet was necessaryo vary
the contritution of the audio and video componentdo the state
posterior At testtime we vary the log likelihood of audio and
video usinga single parameter to control the relative weights.
This schemeensureghat when at one extremewe have a valid
audioonly model,at the otherwe have a valid video only model,
andin betweenwe have the unalteredaudio-visualmodel. We
testednferenceunder ve differentsettingsof alpha asdescribed
in Figure?.

Signal-to-noiseratio (SNR) was calculatedfor the enhanced
audiosignalrelative to ghe cleansignalin the time domain(i.e.,
SNR = 10Ioglonl A (x[n] y[n])? wherex is the clean
time domainsignal,y is the estimatedsignal). Resultsfor each
conditionareshavn in Figure?.

Oneplausibleexplanationfor strongvideocontrilbution atlow
SNRsis thatwith aninterferingspealer it is dif cult for the au-
dio sideof the modelto detectwhenthe target speakr is speak-
ing, which is somethingthatis may be easierto determinefrom
video. To testthe speechdetectionperformancewe turnedthe
enhancemensysteminto a speechdetectorby thresholdingthe
power of the enhancedsignalin eachframe and comparingthe
resultingclassi cationto that obtainedby thresholdingthe clean
signalin thesameway. Speechletectionperformancavasabout
85%at zerodB SNR,with the bestsettingof , (thesettingused
for enhancemenin the previous experiment). Performancewith
thevideo-onlymodelwascomparableat approximately83%.

In anotherexperimentwe usedvideo from the sameset, in
whichthelips arearti cially translatedn randomdirections.Track-
ing wasableto almostcompletelycompensatéor lip motion,with
enhancemertb within onedB of thatwith untranslatedideo.

8. EXTENSIONS

Thesystematinatureof thegraphicaimodelframevork allows us
to integrateour generatre audio-visuamodelwith othersubmod-
ulesthat we have investigated. In particulay the simplistic noise
modelwe have usedcanbereplacedvith amixturemodelThead-
dition of anothemicrophoneasin [2] would furtherimprove both
noiserohbustnesandtracking.
The modelcould alsobe extendedwith dynamics,makingit

a form of hiddenMarkov model. This would also openup the
possibility of exploring time-asynchroy betweeraudioandvideo
streamswhich mayhelpin interpretinganticipatorymotion of the
lips. We alsointendto explore otherapplicationsof the current
model,suchasunsupervisedpealer localization.

9. CONCLUSIONS

We have derivedandimplementedheinferenceandlearningrules
for a novel audio-visualmodel. The modelis capableof tracking
videoasit translateandchangeshapewithin alow-dimensional
linearsubspacef pixels. We have shavn thatthemodelcanbeap-

pliedto audio-visuakpeeclenhancemengndthatusefulrelation-
shipbetweeraudioandvideo canbe learnedfrom smallamounts
of data.Thusit maybe possibleto adaptsucha systemto the pre-

vailing noiseandlighting aswell asindividual differencesamong
spealersin agivensituation.Althoughresultsarepreliminary we

feelthisis apromisingsteptowardacompletelyunsupervisedys-
tem that canusefully combinethe two modalitiesin a principled
way.
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