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ABSTRACT

Inferencesfrom time-seriesdatacan be greatly enhanced
by taking into accountmultiple modalities. In somecases,
suchasaudioof speechandthecorrespondingvideoof lip
gestures,the different time-seriesare tightly coupled. We
areinterestedin loosely-coupledtime serieswhereonly the
onsetof eventsarecoupledin time. Wepresentanextension
of theforward-backwardalgorithmthatcanbeusedfor in-
ferenceandlearningin event-coupledhiddenMarkov mod-
els and give resultson a simplified multi-media indexing
taskwheretheobjective is to detectaneventwhoseonsetis
looselycoupledin audioandvideo.

1. FOREGROUND

The combinationof multiple modalitiesfor inferencehas
provento bea very powerful way to increasedetectionand
recognitionperformance(Yuhaset al. 1988; Becker and
Hinton 1992;Bregler et al. 1994;deSaandBallard1998).
By combiningthe soft informationprovidedby modelsof
the differentmodalities,weakly incorrectevidencein one
modalityoftencanbe correctedby anothermodality. This
“diversity effect” lies at the heartof many powerful algo-
rithmsin avarietyof areas,includingthebesterror-correcting
decodingalgorithm(seeFrey 1998for a review).

In general,the statespacesrepresentingthe differen-
t modalitiesmay be richly interdependent,making exact
inferenceintractable. Methodsfor approximateinference
includeMarkov chainMonte Carlo (Neal 1992), recogni-
tion modelsin Helmholtz machines(Dayanet al. 1995;
Hinton et al. 1995), variationaltechniques(Jordanet al.
1998)anditeratedinferencesbasedon local independence
assumptions(Frey andMacKay1998).

In time-seriesdata,eachmodalityis oftenmodeledwith
a hiddenMarkov model (HMM) andthe statesof the dif-
ferentHMMs arecoupledin time. If thecouplingis highly
synchronizedin time, thenthe modalitiescanbe modeled
usinga singleHMM with a numberof statesequalto the
productof thenumbersof statesin theseparateHMMs. If

exact inferencein the total statespaceis too computation-
ally burdensome,variationalmethodscanbeusedto couple
themodalitiesusinga meanfield approximation(Jordanet
al. 1997). If the couplingbetweenthe modalitiesis wide-
ly distributedin time,exact inferenceis intractable.Again,
theinter-modalityinfluencescanbeapproximatedby mean
fields(SaulandJordan1996).

While the variationalapproximationsdescribedabove
arepotentiallyvery powerful, they alsosuffer from sponta-
neoussymmetrybreakingandrestrictiveassumptionsabout
theform of theposteriordistribution beinginferred. In this
paper, wefocusonmodelingtheonsetof eventsin different
modalities. We expectthis type of modelto work well on
datawith randomtemporaltransientswhoseonsetsarewell
coupled. An exampleof datawherethe differenceof on-
settimesin two modalitiesis importantis in distinguishing
between/p/ and/b/ speechsounds.Thesesoundshavesimi-
lar audioandvideocharacteristics,especiallyif theaudiois
noisy. However, theonsetof voicing,asmeasuredfrom the
openingof the mouth,is later for /p/ than/b/. In this case,
it is possibleto discernbetweenthesoundsby relatingthe
openingof themouthto theonsetof voicing.

Anotherimportantapplicationis the detectionloosely-
coupledeventsin audioandvideofor thepurposeof multi-
mediaindexing andretrieval. Theseeventsincludepeople
talking or walking,a handknockingon a door, a batterhit-
ting a baseball,a tennisracquethitting a ball, carsdriving,
an automobileaccident,etc. For example,Fig. 2a and b
show theposteriorprobabilitiesthatanexplosionoccurred
in a movie clip at or beforetime

�
underan audio and a

video HMM that wereeachtrainedon examplesof explo-
sions.In thiscasethesoundof theexplosionbeginsroughly
0.15secondslaterthanthevideoof theexplosion.

In exchangefor not modelingcouplingthat takesplace
aftertheonsetof eachevent,we gaintheability to perform
exact inference. The hopeis that by taking onestepback
from the brink of intractability, we cantake two stepsfor-
wardin performance.
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Figure1: (a)and(b) show theposteriorprobabilitiesthatan
explosionoccurredin amovie clip ator beforetime

�
under

anaudioanda videoHMM.

2. EVENT-COUPLED HIDDEN MARKOV MODELS
(ECHMMS)

A graphicalmodel that describesevent-coupledaudioand
videoHMMs is shown in Fig. 2a. ����� ���	�
�����
�
�
��������� is the
observation sequencefor the audioand ����� � ������ ��
�
�
���������
is thestatesequencefor theaudio,whereas���
� � �	���� ��
�
�
��
������ is theobservationsequencefor thevideoand ����� ����������

�
�
��������� is thestatesequencefor thevideo.Noticethatthe
thetwo modalitiesmaybesampledatdifferentrates.

Weassumethatthestatespacefor eachmodalitycanbe
partitionedinto a subspacethatmodels“nonevent” dynam-
ics anda subspacethat modelsthe event. ConsiderECH-
MMs whereanevent is assumedto begin at somepoint in
time in bothmodalities.Thetime index at which theHMM
for theaudiomakesatransitionfrom thenoneventsubspace
to the event subspaceis

� � .
� � is the correspondingtran-

sition time in the video. (To drop the assumptionthat an
eventoccurs,a special“no-event” valuefor

� � and
� � can

beintroduced.)

The undirectedlink between
� � and

� � in Fig. 2a rep-
resentsa joint probabilitydistribution over thethe timesat
whichtheeventsoccurin thetwo modalities.So,theoverall
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Figure2: A graphicalmodelfor two event-coupledHMMs.
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Thecomputationalcomplexity of inferencegrows with the
sizeof thesupport(numberof nonzerovalues)of

"$# � ��� � � & ,
soit is importantto keepthecouplinglocal. Writing"$# � �-� � � & ' "$# � � & "$# � � , � � & , we seethat thesecondterm
shouldintroduceonly local couplingto keepthesizeof the
supportsmall.

3. INFERENCE IN ECHMMS

Here,we focuson the computationof the marginal proba-
bility of theobservedsequences,

"$# ���-����� & . Posteriordis-
tributionsover statesandeventtimescanbecomputedin a
similar fashion.Thiscomputationcanbeusedin theE-step
in anexactEM algorithmfor fitting event-coupledHMMs.

Equation1 givestheprobabilityof theevent times,the
statesequencesandtheobservationsequences.To calculate"$# � � ��� � & directly, weneedto sumoverall statesequences



andtransitiontimes. This canbe accomplishedmoreeffi-
cientlybydefiningaforwardprobability

"$# �
�-�	���2�����6������6/7 & ,
where�
� heredenotestheaudioobservationsequencefrom
the beginning to time

�
, ��� denotesthe video observation

sequenceuntil the time
�98

, � �6 denotesa statein the audio
sequenceat time

�
andsimilarly for video.

Theobservationprobabilityis obtainedby summingthe
forwardprobabilityover thestates.A backwardprobability
canbe definedfor the samepurpose.This is equivalentto
whatis donefor conventionalHMMs.

SinceECHMMs also include a temporalrelation that
imposesa transitionconstraint,wemustsumoverall possi-
ble

� � and
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which canberewrittenas:
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The
"$# ���2�:�!� , � � & canbethoughtof asconstrainedfor-

wardprobabilities.They definetheforwardprobabilitygiv-
en that

� � wasthe last noneventstate. In an HMM where
state1 capturesthe noneventstateandstate2 capturesthe
first stateof theevent,theconstrainedforwardprobabilityis
calculatedby constrainingthemodelto stayin state1 until
time

� � andthenforcingatransitionto state2 andusingthe
regularforwardalgorithmfor therestof thesequence.

A directimplementationof equation3 is comprisedof t-
wo loops.Theinnerloopmultipliesthetimedependentval-
uesof

"$# � � , � � & with
"$# �
�5����� , � � & . This calculationcan

bemademoreefficientby precalculatingthe
"$# �
�-�:��� , � � &

andstoringthem,sincethe samevaluesareusedfor each
outer loop for the outer sum. By limiting the supportof"$# � ��� � � & , theefficiency of thecomputationcanbeenhanced
further.

For thepurposeof training,a backwardprobabilitycan
bedefinedandimplementedin similarmanner.

4. RESULTS

Thetaskwe triedwasthedetectionof explosionsin videos.
Thereasonfor choosingexplosionswasthatthey haveclear
onsetsbothin audioandvideo.Explosionscanbeadequate-
ly characterizedin video by global color andthereforedo
notrequireregionsegmentationor morecomplex videopre-
processing.(Thereis alsoampledataavailableat the local
videorentalstore.)

Datafor trainingtheexplosionmodelwascollectedfrom
2 actionfilms. Thenon-explosiondatathatwasusedasneg-
ative examples,consistedof waterfall andriver sequences.

Wechosetheseas“negative” examplesbecausethey shared
audiofeatures(thunderingof water)andvideofeatures(pan-
s from sunsetsto waterfalls) with theexplosionsequences,
but with differenttiming characteristics.A total of 13 in-
stanceswere usedfor training the audio model. For the
training the video model, 30 sequenceswere used. Nine
sequenceswereusedfor testing

Therewere fewer audio examplesbecausemany clip-
s includedmusic that masked the audio. In an automated
system,auditoryandvisualocclusion(e.g., dueto editing)
will have to be taken into account.Becauseof the relative
independenceof audioandvideo in the ECHMM this can
be done,say, by usingonly the video part of the model if
musicis present.

Theaudiowaspreprocessedby usinga20bin filter bank
with evenlyspacedbinsin therangefrom 0 to 22kHz.Fea-
tureswerecomputedat 20 millisecondintervals.Thevideo
featureswere the histogramsof the HSV componentsof
eachframe. An 8 bin histogramwas computedfor each
componentandthesefeatureswereaugmentedwith thehis-
togramdifferencebetweenframes,giving featurevectorsof
length48. A featurevectorwascomputedfor every frame.
The frameratewas30 framesper second.As canbe seen
from thisexample,thesamplingratefor theaudioandvideo
modelsdo not have to bethesame,allowing theuseof the
optimumfeatureratefor eachmodality.

The componentHMM modelswere trainedseparately
andjust a singlestatewasusedto modelthe noneventob-
servations. A discretizedGaussianwas usedto relatethe
transition times from state1 to state2 in the componen-
t HMMs. The meanof this Gaussianwassetto 0 andthe
standarddeviationwassetto 0.1seconds.Otherprobability
distributionsor mixturesof Gaussianscanbeused.

For testing,clips of 9 explosionswereused. The neg-
ative examplesconsistedof 7 clips from the sameaction
movies,aswell as18clipsof riverandwaterfall sequences.
Thelengthsof theclips rangedfrom 10to 50 videoframes.
Dueto shotboundaries,thesequencelengthhadto belim-
ited.

To evaluatethe performanceof the model,observation
log-probabilitiesfor the explosion model were calculated
for eachof the testsequences.The log-probabilityundera
nonexplosionmodel (the sameasstate1 in the explosion
model)wassubtractedfrom eachof theseto normalizefor
differentsequencelengths. Then,a thresholdwasapplied
to labelthesequenceasonecontaininganexplosionor not.

Fig. 3 shows the falsenegative rates(curvesdropping
to theright) andthefalsepositiverates(curvesrising to the
right) asa functionof detectionthresholdfor four differen-
t methods:audio detectionalone(green),video detection
alone(blue), audio plus video without temporalcoupling
(black), and the ECHMM (red). In the third method,the
probability of the audio sequenceunder the audio HMM



−100 0 100 200 300 400 500 600 700
0

0.1

0.2

0.3

0.4

0.5

0.6

0.7

0.8

0.9

1

E
rr

or
 r

at
e

Threshold

Figure 3: Misclassification rate as a function of log-
probabilitythresholdfor negativecases(curvesdroppingto
the right) andpositive cases(curvesrising to the right) for
audioalone(dashedline), video alone(dottedline), audio
plus video without temporalcoupling(fine solid line) and
theECHMM, which includestemporalcoupling(thick sol-
id line).

was simply multiplied by the probability of the video se-
quenceunderthevideoHMM, beforethethresholdwasap-
plied. (This is equivalentto setting

"$# � �-� � � & 'A@!B�C � � 
 in
theECHMMs.) Noticethat theECHMM canbeviewedas
this methodbut with anadditionalGaussianpenaltyfor the
time differencebetweentransitions.This causesa relative
shift to the left of both thefalsenegative andfalsepositive
error ratecurves. However, the falsenegative curve shifts
more to theleft, giving improveddiscrimination.

5. FUTURE WORK

Wearecurrentlycollectingalargerdatasetin orderto more
clearlyshow theimprovementECHMMsmakeoveruncou-
pledHMMs. We arealsoexploring recognizingcommands
from featuresextractedfrom bothaudioandvideo. An ex-
ampleof this is a “halt” commandwhich is followed, or
precededby a raisedandextendedpalm.

Althoughwefocussedon inferencein ECHMMs in this
paper, learningin ECHMMsis alsotractable.Theinference
methoddescribedcanbeusedastheE-stepin anexactEM
algorithmfor learningthecoupledmodel.Futurework will
involveimplementingacoupledforward-backwardtraining
algorithmfor ECHMMs.
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