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Abstract

The transformedhiddenMarkov model is a
temporal model that capturesthree typical
causesof variability in video - scene/object
class,appearancevariability within the class,
and image motion. In our previous work,
we showed that an exact EM algorithm can
jointly learn the appearancesof multiple ob-
jectsand/orposesof an object,andtrack the
objectsor cameramotion in video, starting
simply from randominitialization. As such,
this modelcanserve asa basisfor bothvideo
clustering and object tracking applications.
However, theoriginalalgorithmrequiresasig-
ni�cant amountof computationthatrendersit
impracticalfor videoclusteringandits off-line
naturemakesit unsuitablefor real-timetrack-
ing applications.In this paper, we proposea
new, signi�cantly faster, on-line learningal-
gorithm that enablesreal-timeclusteringand
tracking. We demonstratethat the algorithm
can extract objectsusing the constraintson
their motion andalsoperformtrackingwhile
the appearancemodelsare learned. We also
demonstratetheclusteringresultsonanexam-
pleof typicalunrestrictedpersonalmedia- the
vacationvideo.

1 Intr oduction

In our previous work, we introducedtransformedmix-
tures of Gaussians(TMG) [1, 2], and their tempo-
ral extensionsfor video analysis,transformedhidden
Markov models(THMM) [3]. Thesealgorithmsper-
form joint normalizationand clustering of the data.
Transformation-invariantclusteringmodelsaresuitable
for video clustering,becausethey accountfor the vari-
ability in appearanceandtransformationin the objects
andscenes.Therefore,oneapplicationof TMG/THMM

Figure 1: Application of THMM for clusteringa 20-
minutelong vacationvideo(seealsoFig 7 and6). The
mean(bestseenin color) andthevarianceof oneof the
43clustersin theGaussianmixtureareshown in theup-
per row. Thecentralpartof themeancontainsandout-
line of a baby's facein skin color. For this region, the
varianceis low, while the variousbackgroundsagainst
which thefaceappearedaremodeledwith highvariance
aroundthe face. Lengthsand positionsof four video
segmentsfoundin the�rst 9 minutesof thevideoareil-
lustratedonthetimeline.These9 minuteswerecaptured
over theperiodof severaldays.

is videoclusteringandindexing (Fig. 1).

A frequentlymentioneddrawbackof thetransformation-
invariant clusteringmethodsis the computationalbur-
den of searchingover all transformations.In order to
normalizefor translationsof anobjectover thecluttered
backgroundin videosequences,a largenumberof possi-
ble translationalshiftsshouldbeconsidered.For exam-



ple,thereareM � N possibleintegershiftsin anM � N
pixel image.Sincethecomputationtime is proportional
to the numberof pixels andthe numberof transforma-
tions,O(M 2N 2) operationsareusedfor inference,for
eachcomponentin the Gaussianmixture. It takesone
hourperiterationof thebatchEM algorithmto clustera
40-secondlong44x28pixel sequenceinto 5 clusters[2].

The temporalextensionof theTMG - transformedhid-
den Markov models(THMM) - usea hiddenMarkov
chainto capturetemporalcoherenceof thevideoframes.
The sizeof the statespaceof suchan HMM is CMN
whereC is the numberof componentsin the Gaussian
mixture,andMN is thenumberof translationsconsid-
ered. In [3], the forward-backward algorithm is used
to estimatethe transitionprobabilitiesandthe parame-
ters of a THMM, but it addsadditionalcomputational
time to the TMG, becausethe transitionmatrix of the
transformationsis large. It is also numericallyunsta-
ble, due to the large numberof state-spacesequences
(CM N )T for a C-classmodelof M � N frames),and
the high dimensionalityof the data. Only a few state-
spacepathscarrya signi�cant probabilitymass,andthe
observation likelihood hasa very high dynamicrange
due to the numberof pixels modeledin eachsample.
Thismakestheforward-backwardalgorithmsensitive to
the machineprecisionissues,even whenthe computa-
tion is donein thelog domain.

To tackle the computationalburden of shift-invariant
models, in the past work [4], we proposedto reduce
all computationallyexpensive operationsto imagecor-
relationsin the E stepandconvolutionswith the prob-
ability mapsin the M step,which madethe computa-
tion ef�cient in the Fourier domain. There, the com-
plexity of repeatedlyevaluatingthe likelihood at each
stagethrough I iterations of EM is of the order of
O(CI M N log(M N )), thousandsof times fasterthan
the techniquein [2]. The issuespresentin the tempo-
ral model,THMM, however, still remained.

In this paper, we explorethestructureof themodeland
the structureof the video to derive learningalgorithms
that run at real-time,which is up to ten thousandtimes
fasterthanthemethodin [3].

2 Learning THMM usinga Variational
Approximation and the M-paths Viterbi
algorithm

UndertheTHMM model,framesin thevideosequence
aregeneratedfrom aprobabilitymodelFig.2. Theprob-
ability densityof thevectorof pixel valuesz for the la-
tentimagecorrespondingto theclusterc is

p(zjc) = N (z; � c; � c); (1)
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Figure 2: TransformedHidden Markov Model. Pair
c � z is Gaussianmixture. Gaussianmixture classin-
dex (c), andtranslationindex (`) aretogetherthestateof
anHMM. Observationx is obtainedby translatinglatent
imagez by translationindexedby `.

where� c is themeanof thelatentimagez, and� c is a
diagonalcovariancematrix that speci�esthevariability
of eachpixel in thelatentimage.Theprobabilitydensity
of thevectorof pixel valuesx for theimagecorrespond-
ing to transformatioǹ andlatentimagez is

p(x j`; z) = N (x; � ` z; 	 ); (2)

where	 is a diagonalcovariancematrix that speci�es
thenoiseon theobservedpixels.

Thejoint likelihoodof asinglevideoframex andlatent
imagez, giventhestateof theMarkov chains � (c;`),
is

p(x; zjs = (c;`)) = N (x; � ` z; 	 )N (z; � c; � c) (3)

Notethatthedistributionoverz canbeintegratedout in
theclosedform

p(xjs = (c;`)) = N (x; � ` � c; � ` � c� 0
` + 	 ); (4)

andthenfrom (3) and(4)

p(zjx;c;`) = N (z; 
 c` � 0
` 	

� 1xt + 
 c` � � 1
c � c; 
 c` ) (5)

where
 c` = (� � 1
c + � 0

` 	� ` )� 1.

The joint log likelihood of a video sequenceX =
f x t gt =1 ;::: ;T , hiddenstatesof THMM S, andlatentim-
agesZ is

logp(X ; Z; S) =

log � c` +
TX

t =1

logp(x t;zt jst )+
T� 1X

t =1

logast ;st+ 1 (6)



The initial stateprobabilitiesaredepictedas � c` . The
statisticalpropertiesof thesequencedynamicsarecap-
tured in parametersast ;s t +1 = p(st +1 jst ). It is rea-
sonableto assumethat classindex c at time t + 1 de-
pendsonly on classindex at time t, whereasposition
index ` dependsboth on previous position and class
indicesdue to the different motion patternsof differ-
ent objectsin the scene. Hencep(` t +1 ; ct +1 j` t ; ct ) =
p(` t +1 j` t ; ct )p(ct +1 jct ). Furthermore,the transforma-
tion transitioncoef�cients canbeheavily constrainedby
choosingthesmall motion,or the motion in certaindi-
rectionfor givenclass.

Insteadof maximizinglog-likelihoodof thedata,we in-
troduceauxiliary probability densityfunctionover hid-
den variables,q(`; c;z), and using Jensen's inequality
obtainthelowerboundon log-likelihood[6]

logp(X ) = log
X

f c;` g

Z

z
dz p(X ; f z; c; `g) �

X

f c;` g

Z

z
dz q(f z; c;`g) logp(X ; f z; c;`g)�

X

f c;` g

Z

z
dz q(f z; c;`g) logq(f z; c;`g) (7)

Thesecondtermin the lower boundis theentropy of q
and it doesnot dependon the model parameters.The
notationf c;`g depictsthe seriesof all transformation
indicesf ct ; ` t g; t = 1; : : : ; T . We implicitly understand
that thevariationalposteriorq dependson X . Distribu-
tion q canbe factoredasq(f c;`g)q(f zgjf c;`g), where
the �rst termcorrespondsto thedistribution over states
of anHMM.

Therefore,thelowerboundon log likelihoodis

F =
X

f c;` g

Z

f zg
dz q(f c;`g)q(f zgjf c;`g) �

�
log � c` +

TX

t =1

logp(x t ; zt jct ; ` t ) +

T � 1X

t =1

logp(ct +1 ; ct ) log(` t +1 j` t ; ct )
�

(8)

Learningcan now be de�ned as optimizing the above
boundwith respectto the parametersof the posteriorq
andthemodelparameters.

2.1 Infer ence(posterior optimization)

By integratingout the hiddenvariablez, the modelre-
ducesto a standardHMM with states = (c;`) andthe
Gaussianobservationlikelihoodgivenby Eq. (4). Then
the posteriorq(f c;`g) can be computedexactly using
the forward-backwardalgorithmasin [3]. However, as

mentionedin theIntroduction,thecostof this operation
is notjusti�ed asmostof the(CM N )T statepathsin the
trellis actuallyhave very low probability. Furthermore,
therangeof theobservationlikelihoodandthesizeof the
statespacecausesigni�cant problemswith numerical
precisionfor sequenceslongerthana few seconds,even
whenthepathstrengthsarestoredin thelog domain.In
this paper, we approximatethe posteriorq(f c;`g) over
all possiblepathsasthemixtureof a smallnumber(M )
of possiblestatesequences

q(f c;`g) =
MX

m =1

rm � (f c; `g � f ĉ; ^̀g(m ) ); (9)

where
P M

m =1 rm = 1.

Onecaneasilyshow that to optimizetheboundF with
respectto theM pathsandtheir strength,it is necessary
to �nd theM bestpathsin thetrellis andsetr m param-
etersproportionalto their likelihoods.

For a given state-spacesequence,the distribution
q(zt jct ; ` t ) over thelatentimageat eachtime stept can
beperformedexactlyasin Eq. (5) for all M paths.

2.2 Parameter optimization

De�ning uc1 c2 = p(ct +1 = c2jct = c1), andvc1
` 1 ` 2

=
p(` t +1 = `2j` t = `1; ct = c1), and �nding the con-
strainedderivativesof theboundF

0 =
@

@uc1 c2

h X

f cg;f ` g

Z

f zg
dz q(f zgjf c;`g) �

q(f c;`g)
T � 1X

t =1

uct ct +1 � �
�
1 �

CX

ct +1 =1

uct ct +1

� i

(10)

gives the optimal transition coef�cients assumingthe
distributionq(f x; `g))

~uc1 c2 =

P T � 1
t =1 q(ct = c1; ct +1 = c2)

P T � 1
t =1 q(ct = c1)

=

P T � 1
t =1

P M
m =1 rm � (ĉ(m )

t � c1)� (ĉ(m )
t +1 � c2)

P T � 1
t =1

P M
m =1 rm � (ĉ(m )

t � c1)
(11)

and

~vc1
` 1 ` 2

=

P T � 1
t =1 q(` t = `1; ` t +1 = `2; ct = c1)

P T � 1
t =1 q(` t = `1; ct = c1)

=

P T � 1
t =1

P M
m =1 rm � ( ^̀(m )

t � `1)� ( ^̀(m )
t +1 � `2)� (ĉ(m )

t � c1)
P T � 1

t =1

P M
m =1 rm � ( ^̀(m )

t � `1)� (ĉ(m )
t � c1)

(12)

Intuitively, we expectthematrix of coef�cients ~uc1 c2 to
have large diagonalelements,sincewe favor the new



frame to remain in the samecluster as the previous.
Also, it is possibleto severelyconstraintransformation
transitioncoef�cients ~vc1

` 1 ` 2
and in that fashionset the

motion prior for the class, for example, favoring the
smallmotionor themotionin onedirection.

Findingthederivativeswith respectto theclustermeans,
we get

TX

t =1

X

f `;c g:ct = k

q(f c;`g)
Z

z t

dzt q(f zt gjf c;`g) �

�
�

1
2

� � 1
k (zt � � k )

�
= 0 (13)

Due to the natureof the Markov chain,given the pair
(ct ; ` t ), zt doesnot dependon any other (c;`), nor on
any otherx apartfrom x t . Therefore,E(zt jX ; f c;`g) =
E(zt jx t ; ct ; ` t ), whereE(zt jx t ; ct ; ` t ) is given by (5),
andthus,

� � 1
k

TX

t =1

X

` t

q(ct = k; ` t )E[zjx t ; ct = k; ` t ] =

� � 1
k

X

t

q(ct = k)� k : (14)

Subsequently, if the posterioris known, the means� k
canbesetin thebatchEM update,

~� k =

P T
t =1

P
` t

q(ct = k; ` t )E[zt jx t ; ct = k; ` t ]
P T

t =1 q(ct = k)
(15)

wherethesummationin
P

` t
is only over thepathsthat

passthroughclassk at time t. Eventhoughthenumber
of transformationsis equalto the numberof pixels we
limit thesearchonly to the transformationsthat yield a
non-zerotermq(ct = k; ` t ), which in turn is computed
by simply looking-up thoseof M pathsin q that pass
throughclassk at time t

q(ct = k; ` t ) =
MX

m =1

rm � (ĉ(m )
t � k)� ( ^̀(m )

t � ` t ); (16)

and

q(ct = k) =
MX

m =1

rm � (ĉ(m )
t � k) (17)

Similarly, covariancematrix updateis

~� k =
1

P T
t =1 q(ct = k)

TX

t =1

X

` t

q(ct = k; ` t )�

[(E[zt jx t;ct = k;` t ]� � k ) � (E[zt jx t;ct = k;` t ]� � k )+ 
 c` ]
(18)

Thevariationalapproximationof theposteriordistribu-
tion over thestatesof anHMM with M bestsequences
signi�cantly reducesthe computationalburden in EM
update.

3 Recursive,on-line EM

While improving somewhat the computationalef�-
ciency andsolving theproblemsthat theexact learning
algorithmof [3] hadwith themachineprecision,theM-
bestpathslearningdescribedin theprevioussectionstill
suffers from two drawbacks: a) the needto presetthe
numberof classesC,andb) theneedto iterate.Foratyp-
ical 20-minutesequence,the needednumberof classes
C canrangeanywherefrom � ve to �fty (seeFig. 6 and
Fig. 7), andmoreextremevaluesarepossible,aswell.
While thenumberof iterationsneededto convergealso
dependsslightly on thenumberof classes,it is typically
suf�cient to run the algorithm for ten or twenty itera-
tions.Thecomputationalcostis proportionalbothto the
numberof iterationsandthenumberof classes,but the
structureof realisticvideoallows developmentof more
ef�cient algorithms.Framesin video typically comein
burstsof a single classwhich in principle meansthat
thealgorithmdoesnotneedto testall classesagainstall
framesall the time, andalsothat thereis anabundance
of datato learntheclassmodelfrom, thusopeningroom
for anon-line learningalgorithmthatadaptsto thenew
dataandslowly forgetstheold.

In this section we proposean on-line algorithm that
passesthrough the data only once and which intro-
ducesnew classesas the new datais observed. Most
of the time, thealgorithmis simply inferring the trans-
formationsunderonly one class,and only during the
possibleclasstransitionperiodsit evaluatesall classes.
This makesthealgorithm'sperformanceequivalentto a
single-iteration,single-classTHMM learning,whichfor
thetypical numberswe gave above for a twenty-minute
sequenceleadsto animprovementof afactor300against
teniterationsof thebatchlearningof a30-classTHMM.

To derive theon-line learningalgorithm,we reconsider
Eq. (14)andde�ne

Sk ;T , � � 1
k

TX

t =1

X

` t

q(ct = k;` t )E[zjx t ; ct = k; ` t ] (19)

and

Rk ;T , � � 1
k

TX

t =1

q(ct = k): (20)

Then, batch update of � k using T data samplesis
� (T )

k = R� 1
k ;T Sk ;T , as in (15). If we rewrite (14) for

T + 1 datasamples

Sk ;T + � � 1
k

X

` T +1

q(cT +1 ; `T +1 )E[zjxT +1 ; cT +1 ; `T +1 ] =

Rk ;T � k + � � 1
k q(cT +1 = k)� k (21)



Figure3: Threeframesfrom the Walk sequence,correspondingto the beginning, middle part, andthe endof the
sequence.
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Figure4: Meansandvariancesfor threeclasseslearnedusingvariationalTHMM for theWalk sequence.For vari-
ances,blackimpliesverylow varianceandwhiteveryhighvariance.Firstcolumncorrespondsto learnedbackground,
secondto theobjectmoving to theright, andthird to theobjectmoving to theleft.

Multiplying (21) from theleft with R � 1
T

� (T )
k + R� 1

k ;T � � 1
k

X

` T + 1

q(cT+1; `T+1)E[zjxT+1; cT+1; `T+1] =

�
I + R� 1

k ;T � � 1
k q(cT +1 = k)

�
� (T +1)

k ; (22)

andassumingthetermin thesquarebracketsontheRHS
is closeto 1, andusingthematrix equivalentsof 1

1+ x �
1 � x and x

1+ x � x

� (T+1)
k = [I � R� 1

k ;T � � 1
k q(cT+1 = k)]� (T )

k +

R� 1
k ;T � � 1

k

X

` T + 1

q(cT+1; `T+1)E[zjxT+1; cT+1; `T+1] (23)

ThestatisticsRk ;T asit is de�ned is increasingandulti-
matelydivergesto in�nity . It couldberewritten in terms
of its time average.If we de�ne theshort-timeaverage
as

~Rk ;T ;� T ,
1

� T

TX

t = T � � T +1

� � 1
k q(cT +1 = k); (24)

then

Rk ;T =
T
T

TX

t =1

� � 1
k q(cT +1 = k) = T ~Rk ;T ;T =

1
�

~Rk ;T ;T

(25)

wherewe de�ne � = 1
T to be the learningrate. By

taking � = 1
� T instead,we performlearningwith for-

getting.

It is not dif�cult to prove using the de�nition that
~Rk ;T ;� T is updatedusingtherecursion

~Rk ;T ;� T = (1 � � ) ~Rk ;T � 1;� T + � � � 1
k q(cT = k)

(26)

Note that this updateis differentthanthe updatebased
on taking a stepin the directionof the boundor likeli-
hoodgradient,assuggestedin [7]. The gradient-based
approachproducessmallstepsfor unlikely classes,thus
renderinglearningof multi-classmodelsslow. Thisdoes
not happenin thebatchlearning,dueto thenormaliza-
tion with the total responsibilityof the classk in the
video. Thus,even if the classwas initialized far from
thedata,after thevery �rst iterationof EM it will jump
closeto it, astheupdatebecomesanaverageof thedata
points.Thegradient-basedon-linelearning,ontheother
hand,dueto thesmallvalueof theposteriorfor eachdata
point,movestheparametersveryslowly.

In ourupdate,theadditionalquantity ~Rk ;T ;� T playsthe
role of the averageresponsibilityof the classk in the
previously seenframes. This quantity is also tracked
throughtime in additionto themodelparameter, andso
ratherthanmakinga stepscaledby theresponsibilityof
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Figure5: Themostlikely objectpositionfor thethreeclustersin the44-framelong240x320Walk sequence.Transla-
tionsarede�ned asbeingwrappedaroundtheimageboundaries,thereforethedownwardshift of 239correspondsto
theupwardshift of 1. Theupperrow representstrackingof thehorizontalcoordinate,while thelower row represents
the trackingof the vertical coordinate.Class2 and3 slightly oscillatein the vertical direction,hencethe detected
displacementof a few pixels.

theclass,whatmattersin theupdateequationis the ra-
tio of theclassresponsibilityfor thenew datapoint and
the averageclassresponsibilityfor the previously seen
points.

Substituting(25) in (23) we getthe�nal updaterule for
� k (andsimilarly for � k )

� (T +1)
k = [I � � ~R� 1

k ;T ;� T � � 1
k q(cT +1 = k)]� (T )

k +

� ~R� 1
k;T;� T � � 1

k

X

` T + 1

q(cT+1; `T+1)E[zjxT+1;cT+1;`T+1] (27)

wherethechangeof ~Rk ;T ;� T is governedby (26). Note
that setting� = 1

T we achieve the sameupdateas in
Eq.(15),whentheposterioris �x edandexact.In on-line
learningweset� T to besmaller, andalsoallow thepos-
terior to change.In our experimentswe kept � = 0:01,
thusupdatingparametersusingonly approximatelypre-
vious100datasamples(frames).

Note that in Eq. (26) the averageclassresponsibility
is combinedwith thecurrentclassvariability model(by
keeping� � 1

k ). In batchlearning,sincethe covariance
matrixis assumed�x edin oneiteration,it canbedivided
out of theupdateequation(14) for themean.However,
sincewechangetheparametersthroughthetime,includ-
ing � � 1

k in (26) helpsre�ne partsof the classmeanat
differentspeedsdependingon theuncertainty.

To dealwith the introductionof the new classesin the
video, we observe �rst of all that the problem is ill-
posed,i.e., it needsto be constrained. For example,
model selectionin on-line learningis sometimescon-
strainedby specifying the prior on the model param-
eters[10]. Sinceour goal is datasummarization,we
constrainthe classnumberselectionby specifyingthe

lowestallowabledatalikelihood. Suchconstraintsim-
ply statesthatall dataneedsto beexplainedreasonably
well (with the likelihoodabove somethreshold),while
the classesshouldbe introducedas rarely as possible.
The temporalstructurein the THMM andthe structure
of a realistic video (alternatingburstsof framesfrom
eachclass)suggestthat if the likelihoodof the current
frameundertheclassassociatedwith thepreviousframe
is reasonablyhigh, thereis no needto evaluatethelike-
lihood underthe previous classes,as the currentclass
providesa goodmodel. So, we usetwo thresholdson
the likelihood
 1 > 
 2. Whenthe log-likelihoodof the
observedframeundertheclassfrom thepreviousframe
is above
 1, weclassifyit asbelongingto thesameclass.
Whenthislikelihoodis smallerthan
 1, thefull posterior
is computedandthelikelihoodof thedatare-estimated,
leadingoften to classifyingthe frame as belongingto
someother, previously seenclass.However, if thedata
likelihoodunderthe full modelis still lower than
 2, a
new classis introducedand initialized to the problem-
atic frame. This is similar to stability-plasticitydillema
of Grossber'sART [8], whoseunsupervisedversioniter-
atively clustersdata,andintroducesanew clusterif none
of theexistingclusterscanexplain thenew samplewell.

This approachguaranteesthat thelikelihoodof thedata
will belimited from below, sinceduringthelearningthe
likelihoodof thecurrentframenever dropsbelow some
threshold,andthesubsequentpossibledrop in the like-
lihood due to the modelupdateis limited by the slow
learningrate.

However, due to the sensitivity of the numberof in-
troducedclassesto the threshold
 2, it is possiblefor
the single-passlearningalgorithm to introduceseveral



Figure 6: The summaryof a 20-minute long whale
watchingsequence.Interestingevents(whale,people)
areburied in thevideoof theoceanandthemountains.
Thevideois clusteredinto six classes,whereasmostof
theframesareclusteredinto clusters3, rightmostin the
top row, and4, leftmostin thebottomrow.

classesmodelingsimilar frames. This canbe detected
without lookingbackat thedata,by �nding theexpected
likelihoodof theframesfrom oneclassundertheproba-
bility modelof theother,

L 1;2 = lim
N !1

1
N

NX

n =1

logp(yn jc1) =

E� 2 ;� 2

�
logp(yn j� 1; � 1)

�
=

E� 2;� 2

�
�

1
2

log j
� 1

2�
j �

1
2

(yn � � 1)0� � 1
1 (yn � � 1)

�
=

�
1
2

log j
� 1

2�
j �

1
2

tr (� � 1
1 � 2)�

1
2

(� 2 � � 1)0� � 1
1 (� 2 � � 1) (28)

To achieveamorecompactrepresentation,class1 and2
in this examplecanbemergedinto onewhenbothL 1;2

andL 2;1 arelarger thanthe likelihoodlevel requiredin
the video summary. The Gaussiansfor two classesare
mergedinto onein a straight-forwardmanner.

4 Experimental Results

4.1 Extracting objectsusingmotion priors

We demonstrateobjectextractionfrom thesceneby set-
ting motionpriorsin coef�cients ast ;s t +1 = uc1 c2 � vc1

` 1 ` 2
.

Thedifferencebetweentwo consecutive transformation
indices` t = `1 and` t +1 = `2 correspondsto the inter-
framemotion. Thedirectionor the intensityof themo-
tion for classc1 canbeconstrainedby settingappropri-
ateelementsin vc1

` 1 ` 2
to zero.We demonstratetheuseof

motiontemplatesfor extractingthebackgroundandtwo
objectsthatmove in thedifferentdirections.We trained
aTHMM ona44frameslong320� 240Walk sequence
(Fig. 3), usingM-pathsbatchlearningdescribedin sec-
tion Section2. Trainingwasperformedat the rateof 3

fps, andit took 8 iterationsof EM algorithmto obtain
resultsin Fig. 4. We trainedthe modelusinga three-
componentmixtureof Gaussians,andwesetthemotion
priors for eachof the components.Oneof the compo-
nentswasallowedhorizontalandverticalshiftsof up to
onepixel. Secondandthird componentswereallowed
horizontalshifts of no lessthan two andno morethan
eightpixelsto theleft andright, respectively. Thealgo-
rithm wasableto pull out thetwo objectsandtheback-
groundsceneinto threeclasses(Fig. 4). Withoutmotion
priors,bothTMG andTHMM in its approximateor ex-
actforms,only learntheclassessimilar to the�rst class
in Fig. 4(thebackgroundimage),andarenever ableto
trackandlearnthetwo people.Themotionpriors,how-
ever, help set the position inferenceon the right track
(Fig.5),andleadto reasonabletemplatelearningresults,
eventhoughtheclassmeanswereinitialized to random
images.Theeffectof thetemporaryocclusionof theper-
sonin white shirt is reducedin themeanimage(Fig. 4),
dueto the integrationwith otherframeswheretheper-
son was fully or partially visible. In both personap-
pearancemodels,thebackgroundis suppressedandthe
classvarianceis mostly lower on the pixels belonging
to the appropriateperson.Despitethe slight blemishes
ontheappearancemodels,for all threeclassesthetrack-
ing is very precise.By modelingthedataasa mixture,
ratherthana compositionof theobjects,THMM is un-
ableto learnperfectobjectappearanceor performgood
segmentationasin [11]. But, THMM canbeusedasan
initial approximationfor the layeredmodel,andit is an
orderof magnitudefaster. It canbealsousedfor object
tracking,andasa motiondetector.

4.2 On-line, real time videoclustering

In the�rst examplewe usea 20-minutelong 90x60,15
fps color Hawaii sequence.This typical vacationse-
quencewas shot during the period of several days,at
different locations,but with the samegroupof people.
We train THMM using on-line learning,startingwith
the Gaussianmixture with one component. Learning
and subsequentclassintroduction is performedat the
averagerate of 10 framesper secondon 2.2GHz P4.
We show learnedclustermeansin Fig. 7. The com-
mercialvideo shotdetectionsoftware, like Microsoft's
MovieMaker, usually detectsonly a few shotsin this
typeof video,asmostof thevisualdiversityin thevideo
is causedby camerawipe rather than by cameracut.
Withoutany clearshotcuts,thetraditionalsoftwaresim-
ply representsthevideowith thumbnailsfor severallong
videosegments.Thesethumbnails,however, only show
one frame from the shot, hiding all the other content.
Our clusteringprovidesa muchricherpresentation,and
beyond the video segmentationtask, it groupssimilar
scenesandobjectstogetherasillustratedin Fig. 1. After



Figure7: Thesummaryof a 20-minutelong Hawaii se-
quence:clustermeansfor 43 classeslearnedusingon-
line algorithmat 10 framespersecond.

theclustermerging step,our modelconsistsof 43 clus-
ters(Fig. 7).

In the last example,we illustrate the scalabilityof our
approachto classintroductionbasedon the minimum
allowable likelihood. In a 20-minutelong video from
a whale watchingtrip, most of the video is jerky and
containsthesamesceneconsistingof themountainsand
theocean,while theexcitingsegments,containingwhale
breachesandpeople,arelessthana minutelong in to-
tal. In this sequence,our algorithmwasableto jointly
stabilizethe sequenceand �nd nine clustersthat were
in the endmerged in the six clustersshown in Fig. 6.
Mostof thesequencewasexplainedwith only two clus-
ters,while muchshorterandcontent-richpartswereex-
plainedby four clusters.After learninga summarylike
this, it is easyto �nd interestingshotsin thevideo.

Review [9] surveys therecentstudiesin theareaof con-
tent basedvideo analysis.Although thereis no agreed
standardto comparedifferentalgorithms,our approach
uni�es severalstagesof videoanalysis:videopartition-
ing, cut detection,motioncharacterization,scenerepre-
sentation,andde�nition of scenesimilarity measure.

5 Conclusions

We presenteda fast variational on-line learning tech-
niquefor traininga transformedhiddenMarkov model.
We demonstratedthat learninga realisticvideo canbe
performedin real time, a 10000-fold improvementin
computationover the methodin [3]. We believe these
techniqueswould proveusefulin videoclustering,sum-
marizationandindexing.
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