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ABSTRACT

Inferencesfrom time-seriesdatacan be greatly enhanced
by taking into accountmultiple modalities. In somecases,
suchasaudioof speechandthe correspondingideo of lip
gesturesthe differenttime-seriesare tightly coupled. We
areinterestedn loosely-coupledime seriesnvhereonly the
onsetf eventsarecoupledn time. We preseninextension
of the forward-backvardalgorithmthatcanbe usedfor in-
ferenceandlearningin event-couplechiddenMarkov mod-
els and give resultson a simplified multi-mediaindexing
taskwherethe objectiveis to detectaneventwhoseonsetis
looselycoupledin audioandvideo.

1. FOREGROUND

The combinationof multiple modalitiesfor inferencehas
provento be a very powerful way to increasedetectionand
recognitionperformanceg(Yuhaset al. 1988; Becker and
Hinton 1992;Bregler etal. 1994;de SaandBallard 1998).
By combiningthe soft information provided by modelsof
the different modalities,weakly incorrectevidencein one
modality often canbe correctedoy anothemrmodality. This
“diversity effect” lies at the heartof mary powerful algo-
rithmsin avarietyof areasincludingthebesterrorcorrecting
decodingalgorithm(seeFrey 1998for areview).

In general,the state spacesrepresentinghe differen-
t modalitiesmay be richly interdependentmaking exact
inferenceintractable. Methodsfor approximateinference
include Markov chain Monte Carlo (Neal 1992), recogni-
tion modelsin Helmholtz machines(Dayanet al. 1995;
Hinton et al. 1995), variationaltechniquegJordanet al.
1998)anditeratedinferencesasedon local independence
assumptiongFrey andMacKay 1998).

In time-serieslata,eachmodalityis oftenmodeledwith
a hiddenMarkov model (HMM) andthe statesof the dif-
ferentHMMSs arecoupledin time. If the couplingis highly
synchronizedn time, thenthe modalitiescanbe modeled
usinga single HMM with a numberof statesequalto the
productof the numbersof statesn the separatdHMMs. If
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exactinferencein the total statespaceis too computation-
ally burdensomeyariationalmethodscanbe usedto couple
the modalitiesusinga meanfield approximationJordanet

al. 1997). If the couplingbetweenthe modalitiesis wide-

ly distributedin time, exactinferenceis intractable.Again,

theintermodalityinfluencescanbe approximatedy mean
fields (SaulandJordan1996).

While the variationalapproximationsdescribedabove
arepotentiallyvery powerful, they alsosuffer from sponta-
neoussymmetrybreakingandrestrictve assumptionabout
theform of the posteriordistribution beinginferred. In this
paperwe focuson modelingthe onsetof eventsin different
modalities. We expectthis type of modelto work well on
datawith randomtemporaltransientavhoseonsetsarewell
coupled. An exampleof datawherethe differenceof on-
settimesin two modalitiesis importantis in distinguishing
betweenp/ and/b/ speectsoundsThesesoundshave simi-
lar audioandvideocharacteristicsgspeciallyif theaudiois
noisy. However, the onsetof voicing, asmeasuredrom the
openingof the mouth,is laterfor /p/ than/b/. In this case,
it is possibleto discernbetweernthe soundsby relatingthe
openingof the mouthto the onsetof voicing.

Anotherimportantapplicationis the detectionloosely-
coupledeventsin audioandvideofor the purposeof multi-
mediaindexing andretrieval. Theseeventsinclude people
talking or walking, a handknockingon a door, a batterhit-
ting a baseballa tennisracquethitting a ball, carsdriving,
an automobileaccident,etc. For example,Fig. 2a andb
shaw the posteriorprobabilitiesthat an explosionoccurred
in a movie clip at or beforetime ¢ underan audioand a
videoHMM that were eachtrainedon examplesof explo-
sions.In this casethe soundof theexplosionbeginsroughly
0.15seconddaterthanthevideo of the explosion.

In exchangefor not modelingcouplingthattakesplace
afterthe onsetof eachevent,we gainthe ability to perform
exactinference. The hopeis that by taking one stepback
from the brink of intractability, we cantake two stepsfor-
wardin performance.
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Figurel: (a)and(b) shaw the posteriorprobabilitiesthatan
explosionoccurredn amaovie clip ator beforetimet under
anaudioandavideoHMM.

2. EVENT-COUPLED HIDDEN MARKOV MODELS
(ECHMMYS)

A graphicalmodelthat describesevent-coupledaudioand
videoHMMs is shavn in Fig. 2a. {z1*, 2%, ... ,z%, } isthe
obsenation sequencdor the audioand {s, 5, ... ,s4,}
is the statesequencéor theaudio,whereas{z) , zy , ... ,
Ty } is theobsenationsequencéor thevideoand{sy , sy,
., s\ } is thestatesequencéor thevideo. Noticethatthe
thetwo modalitiesmaybe sampledat differentrates.

We assumehatthe statespacdor eachmodalitycanbe
partitionedinto a subspacéhatmodels‘nonevent” dynam-
ics anda subspacehat modelsthe event. ConsiderECH-
MMs wherean eventis assumedo begin at somepointin
time in bothmodalities. Thetime index atwhichthe HMM
for theaudiomakesatransitionfrom the nonevzentsubspace
to the eventsubspaceés t*. tV is the correspondingran-
sition time in the video. (To drop the assumptiorthat an
eventoccurs,a special'no-event” valuefor t* and¢Y can
beintroduced.)

The undirectedink betweent® andtV in Fig. 2arep-
resentsa joint probability distribution over thethe timesat
whichtheeventsoccurin thetwo modalities.So,theoverall

Figure2: A graphicalmodelfor two event-coupledHMMs.
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The computationabomplexity of inferencegrows with the
sizeof thesupport(numberof nonzerovalues)of P(t4,tV),
soit is importantto keepthe couplinglocal. Writing

P, tV) = P(t*)P(tV |t*), we seethatthe secondierm
shouldintroduceonly local couplingto keepthe sizeof the
supportsmall.

3. INFERENCE IN ECHMMS

Here,we focus on the computationof the mamginal proba-
bility of the obsenedsequencesP(z*,z"). Posteriordis-
tributionsover statesandeventtimescanbe computedn a
similar fashion.This computatiorcanbe usedin the E-step
in anexactEM algorithmfor fitting event-coupledHMMs.
Equationl givesthe probability of the eventtimes, the
statesequenceandtheobsenationsequenceslo calculate
P(z*,2"V) directly, we needto sumoverall statesequences



andtransitiontimes. This canbe accomplishednore effi-
ciently by definingaforwardprobability P(z*, 2V, s1*, 5)/),
wherez® heredenotesheaudioobsenationsequencérom
the beginning to time ¢, v denoteshe video obsenation
sequencentil thetime ', s2* denotesa statein the audio
sequencattimet andsimilarly for video.

Theobsenationprobabilityis obtainedby summingthe
forwardprobability over the states A backward probability
canbe definedfor the samepurpose.This is equivalentto
whatis donefor corventionaHMMs.

Since ECHMMs also include a temporalrelation that
imposesatransitionconstraintyve mustsumover all possi-
blet? andtV:
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TheP(zV,sV|tV) canbethoughtof asconstrainedor-
wardprobabilities. They definetheforwardprobability giv-
enthattV wasthe lastnonesentstate. In an HMM where
statel capturegshe nonesent stateand state2 captureshe
first stateof theevent,theconstrainedorwardprobabilityis
calculatedby constraininghe modelto stayin statel until
timetY andthenforcing atransitionto state2 andusingthe
regularforwardalgorithmfor therestof thesequence.

A directimplementatiorof equatior3 is comprisedf t-
wo loops. Theinnerloop multipliesthetime dependental-
uesof P(tV|t*) with P(zV,sV|tV). This calculationcan
be mademoreefficient by precalculatinghe P(zV, sV|tV)
and storingthem, sincethe samevaluesare usedfor each
outer loop for the outer sum. By limiting the supportof
P(t*,tV), theefficiengy of thecomputatiorcanbeenhanced
further.

For the purposeof training, a backward probability can
be definedandimplementedn similar manner

4. RESULTS

Thetaskwe tried wasthe detectionof explosionsin videos.
Thereasorfor choosingexplosionswasthatthey have clear
onsetsothin audioandvideo. Explosionscanbeadequate-
ly characterizedn video by global color andthereforedo
notrequireregion segmentatioror morecomplec videopre-
processing(Thereis alsoampledataavailableat the local
videorentalstore.)

Datafor trainingtheexplosionmodelwascollectedfrom
2 actionfilms. Thenon-eplosiondatathatwasusedasneg-
ative examples,consistedbf waterfall andriver sequences.

We chosetheseas“negative” examplesbecausé¢hey shared
audiofeaturegthunderingof water)andvideofeaturegpan-
s from sunsetdo waterflls) with the explosionsequences,
but with differenttiming characteristics.A total of 13 in-
stanceswere usedfor training the audio model. For the
training the video model, 30 sequencesvere used. Nine
sequencewereusedfor testing

Therewere fewer audio examplesbecausenary clip-
s includedmusic that masled the audio. In an automated
system,auditoryandvisual occlusion(e.g., dueto editing)
will have to betakeninto account.Becauseof the relative
independencef audioandvideo in the ECHMM this can
be done,say by usingonly the video part of the modelif
musicis present.

Theaudiowaspreprocessebly usinga 20 bin filter bank
with evenly spacedinsin therangefrom O to 22kHz. Fea-
tureswerecomputedat 20 millisecondintervals. Thevideo
featureswere the histogramsof the HSV componentf
eachframe. An 8 bin histogramwas computedfor each
componenandthesdeaturesvereaugmenteavith the his-
togramdifferencebetweerframes giving featurevectorsof
length48. A featurevectorwascomputedor every frame.
The frameratewas 30 framesper second.As canbe seen
from thisexample thesamplingratefor theaudioandvideo
modelsdo not have to be the same allowing the useof the
optimumfeatureratefor eachmodality.

The componentHMM modelswere trainedseparately
andjust a single statewasusedto modelthe noneventob-
senations. A discretizedGaussianwvas usedto relatethe
transitiontimes from statel to state2 in the componen-
t HMMs. The meanof this Gaussiarwassetto 0 andthe
standarddeviationwassetto 0.1 secondsOtherprobability
distributionsor mixturesof Gaussiansanbeused.

For testing,clips of 9 explosionswere used. The neg-
ative examplesconsistedof 7 clips from the sameaction
movies,aswell as18 clips of riverandwaterfall sequences.
Thelengthsof the clips rangedfrom 10to 50 videoframes.
Dueto shotboundariesthe sequencéengthhadto belim-
ited.

To evaluatethe performanceof the model, obsenation
log-probabilitiesfor the explosion model were calculated
for eachof the testsequencesThe log-probabilityundera
noneplosionmodel (the sameas statel in the explosion
model)was subtractedrom eachof theseto normalizefor
differentsequencdengths. Then, a thresholdwas applied
to labelthe sequencasonecontaininganexplosionor not.

Fig. 3 shaws the falsenegative rates(curves dropping
to theright) andthefalsepositive rates(curvesrising to the
right) asa function of detectionthresholdfor four differen-
t methods:audio detectionalone (green),video detection
alone (blue), audio plus video without temporalcoupling
(black), andthe ECHMM (red). In the third method,the
probability of the audio sequencaunderthe audio HMM
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Figure 3: Misclassificationrate as a function of log-
probabilitythresholdfor negative caseqcurvesdroppingto
theright) and positive caseqcurvesrising to the right) for
audioalone(dashedine), video alone(dottedline), audio
plus video without temporalcoupling (fine solid line) and
the ECHMM, whichincludestemporalcoupling(thick sol-
id line).

was simply multiplied by the probability of the video se-
guenceunderthevideoHMM, beforethethresholdvasap-
plied. (This is equivalentto settingP(t*,tV) = const. in
the ECHMMSs.) Noticethatthe ECHMM canbe viewedas
this methodbut with anadditionalGaussiarpenaltyfor the
time differencebetweentransitions. This causes relative
shift to theleft of boththefalsenegative andfalsepositive
error rate curves. However, the falsenegative curve shifts
moreto theleft, giving improveddiscrimination.

5. FUTURE WORK

We arecurrentlycollectingalargerdatasetin orderto more
clearlyshov theimprovemente CHMMs make overuncou-
pledHMMs. We arealsoexploring recognizingcommands
from featuresextractedfrom both audioandvideo. An ex-
ampleof this is a “halt” commandwhich is followed, or
precededy araisedandextendedpalm.

Althoughwe focussedninferencen ECHMMsiin this
paperlearningin ECHMMsis alsotractable. Theinference
methoddescribedcanbe usedasthe E-stepin anexactEM
algorithmfor learningthe coupledmodel. Futurework will
involveimplementinga coupledforward-backvardtraining
algorithmfor ECHMMs.
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