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Abstract

The transformedhidden Markov modelis a
temporal model that capturesthree typical
causesof variability in video - scene/object
class,appearanceariability within the class,
and image motion. In our previous work,
we shaved that an exact EM algorithm can
jointly learnthe appearancesf multiple ob-
jectsand/orposesof anobject,andtrack the
objectsor cameramotion in video, starting
simply from randominitialization. As such,
this modelcansene asa basisfor bothvideo
clustering and object tracking applications.
However, theoriginalalgorithmrequiresa sig-
ni cant amountof computatiorthatrenderst
impracticalfor videoclusteringandits off-line
naturemakesit unsuitablefor real-timetrack-
ing applications.In this paper we proposea
new, signi cantly faster on-line learningal-
gorithm that enablegreal-time clusteringand
tracking. We demonstratehat the algorithm
can extract objects using the constraintson
their motion and also performtrackingwhile
the appearancenodelsare learned. We also
demonstratéheclusteringresultsonanexam-
ple of typical unrestrictegpersonamedia- 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-imariantclusteringmodelsare suitable
for video clustering,becausehey accountfor the vari-
ability in appearancand transformationin the objects
andscenesTherefore pneapplicationof TMG/THMM
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Figure 1. Application of THMM for clusteringa 20-
minutelong vacationvideo (seealsoFig 7 and6). The
mean(bestseenin color) andthe varianceof oneof the
43 clustersn the Gaussiammixtureareshavn in the up-
perrow. The centralpartof the meancontainsandout-
line of a baby's facein skin color. For this region, the
varianceis low, while the variousbackgroundsgainst
whichthefaceappeare@remodeledwith highvariance
aroundthe face. Lengthsand positionsof four video
sgmentsfoundin the rst 9 minutesof thevideoareil-
lustratedonthetimeline. Thesed minuteswerecaptured
overtheperiodof severaldays.

is videoclusteringandindexing (Fig. 1).

A frequentlymentionediravbackof thetransformation-
invariant clusteringmethodsis the computationalbur-
den of searchingover all transformations.In orderto
normalizefor translationof anobjectoverthe cluttered
backgroundn videosequences largenumberof possi-
ble translationakhifts shouldbe considered For exam-



ple,thereareM N possibleintegershiftsinanM N
pixel image.Sincethe computatiortime is proportional
to the numberof pixels andthe numberof transforma-
tions, O(M 2N ?) operationsare usedfor inference for
eachcomponenin the Gaussiammixture. It takesone
hourperiterationof thebatchEM algorithmto clustera
40-secondong 44x28pixel sequencéto 5 clusterq?2].

The temporalextensionof the TMG - transformechid-
den Markov models(THMM) - usea hiddenMarkov
chainto captureemporalkoherencef thevideoframes.
The size of the statespaceof suchan HMM is CMN
whereC is the numberof componentsn the Gaussian
mixture,andMN is the numberof translationsconsid-
ered. In [3], the forward-backvard algorithmis used
to estimatethe transitionprobabilitiesand the parame-
tersof a THMM, but it addsadditionalcomputational
time to the TMG, becausedhe transitionmatrix of the
transformationds large. It is also numerically unsta-
ble, due to the large numberof state-spacesequences
(CMN)T for aC-classmodelofM N frames),and
the high dimensionalityof the data. Only a few state-
spacepathscarryasigni cant probability massandthe
obsenation likelihood hasa very high dynamicrange
due to the numberof pixels modeledin eachsample.
This makestheforward-backvardalgorithmsensitie to
the machineprecisionissues,even whenthe computa-
tion is donein thelog domain.

To tackle the computationalburden of shift-invariant
models,in the pastwork [4], we proposedto reduce
all computationallyexpensve operationgo imagecor-
relationsin the E stepand corvolutionswith the prob-
ability mapsin the M step, which madethe computa-
tion efcient in the Fourier domain. There,the com-
plexity of repeatedlyevaluatingthe likelihood at each
stagethrough | iterationsof EM is of the order of
O(CIM N log(M N)), thousandsf times fasterthan
the techniquein [2]. Theissuespresentin the tempo-
ral model, THMM, however, still remained.

In this paper we explore the structureof the modeland
the structureof the video to derive learningalgorithms
thatrun at real-time,which is up to tenthousandimes
fasterthanthemethodin [3].

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

Underthe THMM model,framesin the video sequence
aregeneratedrom aprobabilitymodelFig. 2. Theprob-
ability densityof the vectorof pixel valuesz for thela-
tentimagecorrespondingdo theclusterc is

p(zjc) = N(z; o o); 1)

P(c,l|past)

t-1 t

Figure 2. TransformedHidden Markov Model. Pair
¢ z is Gaussiamixture. Gaussiamixture classin-
dex (¢), andtranslatiorindex () aretogethetthe stateof
anHMM. Obsenationx is obtainecby translatingatent
imagez by translationindexedby .

where . is themeanof thelatentimagez, and . isa
diagonalcovariancematrix that speci esthe variability
of eachpixelin thelatentimage.Theprobabilitydensity
of thevectorof pixel valuesx for theimagecorrespond-
ing to transformation andlatentimagez is
p(xj52) = N(x; ~z; ), (2)
where is a diagonalcovariancematrix that speci es
thenoiseon the obsenedpixels.

Thejoint likelihoodof asinglevideoframex andlatent

imagez, giventhe stateof theMarkov chains  (c;’),
is
p(x;zjs=(c;7)) = N(x; ~z; IN(z; & o) (3

Notethatthedistribution over z canbeintegratedoutin
theclosedform

p(xjs= (C") =N ~ o~ ¢ °+ ) (4
andthenfrom (3) and(4)
pzixc)=N(z ¢ ° '+ o P o) (5)
where = ( t+ 2 L

The joint log likelihood of a video sequenceX =
fXtQi=1 .- .1, hiddenstatesof THMM S, andlatentim-
age<Z is

logp(X;Z;S) =

X1
|Og p(xt;ztjst ) + |Og aSt;St+1
t=1 t=1

|Og c +

(6)



The initial stateprobabilitiesare depictedas .. The
statisticalpropertiesof the sequencelynamicsarecap-
turedin parameterss,s,,, = P(St+1jSt). It is rea-
sonableto assumehat classindex c attime t + 1 de-
pendsonly on classindex at time t, whereasposition
index ~ dependsboth on previous position and class
indices due to the different motion patternsof differ-
ent objectsin the scene. Hencep(“t+1;Ci+1] t;C) =
P(Cts1t;C)P(Cis1 j&). Furthermore the transforma-
tion transitioncoefcients canbeheavily constrainedy
choosingthe small motion, or the motionin certaindi-
rectionfor givenclass.

Insteadof maximizinglog-likelihoodof the data,we in-
troduceauxiliary probability densityfunction over hid-
denvariables,q(’; ¢;z), and using Jensers inequality
obtainthelower boundon log-likelihood[6]
X Z
logp(X) = log
Z fc'g

dz q(fz;c; g) logp(X;fz;c; g)

dz p(X;fz;c; g)

z

dz q(fz;c; g) logq(fz; c; ) (7)

fe'g Z
The secondermin thelower boundis the entrogy of q
andit doesnot dependon the model parameters.The
notationf ¢;" g depictsthe seriesof all transformation

thatthe variationalposteriorg dependn X . Distribu-

tion g canbe factoredas q(f ¢; g)q(f zgjf c; @), where
the rst termcorrespondso the distribution over states
of anHMM.

Thereforethelower boundon log likelihoodis

Z
F = dz q(f c; g)a(f zgjf c; g)
fc; g fzg
X
log ¢ + logp(Xt; zjc; t) +
t=1
3( 1

logp(Ci+1;¢) l0g(t+1] 5 Ct) (8)
t=1

Learningcan now be de ned as optimizing the above
boundwith respecto the parameter®f the posteriorq
andthemodelparameters.

2.1 Inference(posterior optimization)

By integratingout the hiddenvariablez, the modelre-
ducesto a standardtHMM with states = (c;’) andthe
Gaussiarobsenationlikelihoodgivenby Eq. (4). Then
the posteriorq(f c; g) canbe computedexactly using
the forward-backvardalgorithmasin [3]. However, as

mentionedn the Introduction,the costof this operation
is notjusti ed asmostofthe(CM N )T statepathsin the
trellis actually have very low probability. Furthermore,
therangeof theobsenationlik elihoodandthesizeof the
statespacecausesigni cant problemswith numerical
precisionfor sequencekngerthanafew secondseven
whenthe pathstrengthsarestoredin thelog domain.In

this paper we approximatethe posteriorg(f c; "g) over
all possiblepathsasthe mixture of a smallnumber(M )

of possiblestatesequences

X
afcg) = rm (Fei'g F&Y™) (9
m=1
P M
where _; rm = 1.

Onecaneasilyshav thatto optimizethe boundF with
respecto theM pathsandtheir strengthjt is necessary
to nd theM bestpathsin thetrellis andsetr, param-
etersproportionalto their likelihoods.

For a given state-spacesequence,the distribution
d(z:jc; "t) overthelatentimageat eachtime stept can
be performedexactly asin Eq. (5) for all M paths.

2.2 Parameter optimization

De ning Ug,c, = P(Ct+1 = C2jC = C1), andvF;2 =
pCt+1 = "2j°t = "1, = c¢1), and nding the con-
strainedderivativesof theboundF

@ NX

@Icch fegif g fzg

X1 x i
uCtCt+l 1

t=1 Cre1 =1

0=

dz q(f zgjf c; " 9)

q(fc; )

UQ Ct+1

(10)
gives the optimal transition coefcients assumingthe
distribution q(f x; “g))

Pt
=1 0(C = C15Ce1 = C)

tesc, = LA
b b =1 d(c = ¢1)
T 1P wm
_ s matm (@ ) () <) 11
- R LY (m) (11)
=1 m=1 'm (& C1)
and
P ~ ~ ~ N
c1 — Lllq( t= 1, t+41 = 2;G = C1)
Y. T P71 N
= P =1 Ct = 15¢ = ¢€1)
T 1P wm . .
st mea e (T ) () @™ o)

- PT 1P w <
1 metm (T ) (@™ )

(12)

Intuitively, we expectthe matrix of coefcients t, ¢, to
have large diagonalelements since we favor the new



frame to remainin the samecluster as the previous.
Also, it is possibleto severely constraintransformation
transition coefcients v911~2 andin that fashionsetthe
motion prior for the class, for example, favoring the
smallmotionor themotionin onedirection.

Findingthederivativeswith respecto theclustermeans,
we get
X X z

qfc; g)
t=1 fcgici=k

dz; q(f zcgjfc; Q)

Zt

1
2 Kk Yz k)
Due to the natureof the Markov chain, given the pair
(¢t;"t), z doesnot dependon ary other(c; "), nor on
ary otherx apartfrom x;. ThereforeE(z;jX;fc; g) =
E(zijxi;G; 1), whereE(zijx¢; ¢ 1) is given by (5),
andthus,
N X X . _ .
K dlce = k; ")E[zjxi; e =k; ] =
t=1

=0 (13)

X

k q(ce = k) :
t

Subsequentlyif the posterioris known, the means

canbesetin thebatchEM update,

(14)

P P . . .
=1 o 96 = KTE[zxG o= K
~ = P
t=1 A(c = k)
(15)
wherethesummatiorin . is only overthe pathsthat

passthroughclassk attimet. Eventhoughthe number
of transformationsgs equalto the numberof pixels we
limit the searchonly to the transformationghatyield a
non-zeratermq(c; = k; ), whichin turnis computed
by simply looking-upthoseof M pathsin g that pass
throughclassk attimet

b
aa=ki')= @™ k) (TN ) 16)
m=1
and
hd
qe=K= @™ K (17)
m=1
Similarly, covariancematrix updateis
1 X X ( )
k= P—— qce = k; ¢
Loae =Kk oy o
[(Elzeijxsee=k't] ) (Elzjxea=kt] )+ <]
(18)

The variationalapproximationof the posteriordistribu-
tion over the statesof anHMM with M bestsequences
signi cantly reducesthe computationalburdenin EM
update.

3 Recursive,on-line EM

While improving somevhat the computational ef -
ciengy andsolving the problemsthatthe exactlearning
algorithmof [3] hadwith themachineprecision the M-
bestpathslearningdescribedn the previoussectionstill
suffers from two drawbacks: a) the needto presetthe
numberof classe£, andb) theneedo iterate.For atyp-
ical 20-minutesequencethe needechumberof classes
C canrangearywherefrom veto fty (seeFig.6 and
Fig. 7), and more extremevaluesare possible,aswell.
While the numberof iterationsneededo corvergealso
dependslightly onthenumberof classesit is typically
sufcient to run the algorithm for ten or twenty itera-
tions. Thecomputationatostis proportionalbothto the
numberof iterationsandthe numberof classesbut the
structureof realisticvideo allows developmentof more
efcient algorithms. Framesn videotypically comein
burstsof a single classwhich in principle meansthat
the algorithmdoesnot needto testall classesgainsall
framesall thetime, andalsothatthereis anabundance
of datato learnthe classmodelfrom, thusopeningroom
for anon-line learningalgorithmthat adaptso the new
dataandslowly forgetstheold.

In this sectionwe proposean on-line algorithm that
passesthrough the data only once and which intro-
ducesnew classesasthe new datais obsened. Most
of the time, the algorithmis simply inferring the trans-
formationsunderonly one class,and only during the
possibleclasstransitionperiodsit evaluatesall classes.
This makesthe algorithm's performanceequivalentto a
single-iterationsingle-clas§HMM learning,whichfor
thetypical numberswe gave above for a twenty-minute
sequencéeadsto animprovemenbf afactor300against
teniterationsof thebatchlearningof a 30-classTHMM.

To derive the on-line learningalgorithm,we reconsider
Eqg. (14)andde ne

Skrh i q(ce = k' )E[zixe; e = k; ] (19)

and

Ret . b (e = k) (20)

t=1

Then, batch updateof | using T data samplesis

() = R.2Sr, asin (15). If we rewrite (14) for
T + 1 datasamples
1 X ~ . ~
St t q(Cr+1; 1+1)E[Z]XT415Cr0 5 T ] =

\T+1

Rt Yg(crsr =K) (21)



Figure 3: Threeframesfrom the Walk sequence¢orrespondindo the beginning, middle part, andthe end of the

sequence.
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Figure4: Meansandvariancedor threeclassedearnedusingvariationalTHMM for the Walk sequenceFor vari-
ancesblackimpliesverylow varianceandwhite very highvariance Firstcolumncorrespondso learnedackground,
secondo theobjectmaoving to theright, andthird to the objectmoving to theleft.

Multiplying (21) from theleft with R, *

(T) 1 1
k TR«
TTe1

I+ Rk;% k g(crs = k)

a(Cr+1; T+1)E[ZjXT+1; Cre1;s T41] =

A (22)

andassuminghetermin thesquarebracketsontheRHS
is closeto 1, andusingthe matrix equivalentsof —

X 1+ X
1 xandgy X

Rt «laler=k)] (+

o(Cr+1; T+1)E[ZjXT41; Cre1; 741] (23)

(T+1) _ [|
s X

1 1
Rk;T k

TTe1

ThestatisticsRy.t asit is de nedis increasingandulti-
matelydivergestoin nity . It couldberewrittenin terms
of its time average.If we de ne the short-timeaverage
as

1 X L
Rit; 1, T K glcr+1 =Kk); (24)
t=T  T+1
then
X 1
Rir = T lalcrsa =K) = TRt = =Rt

(25)

wherewe dene = % to be the learningrate. By
taking = LT insteadwe performlearningwith for-
getting.

It is not dif cult to prove using the de nition that
Ry T isupdatedusingtherecursion
Rer: 1=(1 «a(er =K)
(26)

)Rt 1 7+

Note that this updateis differentthanthe updatebased
on taking a stepin the direction of the boundor likeli-
hoodgradient,assuggestedn [7]. The gradient-based
approactproducesmallstepsfor unlikely classesthus
renderindearningof multi-classmodelsslow. Thisdoes
not happenin the batchlearning,dueto the normaliza-
tion with the total responsibilityof the classk in the
video. Thus, evenif the classwasinitialized far from
the data,afterthevery rst iterationof EM it will jump
closeto it, asthe updatebecomesn averageof the data
points. Thegradient-basedn-linelearning,ontheother
hand,dueto thesmallvalueof theposteriorfor eachdata
point, movesthe parametersery slowly.

In our update the additionalquantityRk.t. 1 playsthe
role of the averageresponsibilityof the classk in the
previously seenframes. This quantity is also tracked
throughtime in additionto the modelparameterandso
ratherthanmakinga stepscaledby theresponsibilityof
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Figure5: Themostlikely objectpositionfor thethreeclustersn the44-framelong 240x320Walk sequenceTransla-
tionsarede ned asbeingwrappedaroundtheimageboundariesthereforethe downward shift of 239 correspondso
theupwardshift of 1. The upperrow representsrackingof the horizontalcoordinatewhile thelower row represents
the tracking of the vertical coordinate.Class2 and 3 slightly oscillatein the vertical direction, hencethe detected

displacemenof afew pixels.

the class,what mattersin the updateequationis the ra-
tio of the classresponsibilityfor the new datapointand
the averageclassresponsibilityfor the previously seen
points.

Substituting(25) in (23) we getthe nal updaterule for
« (@ndsimilarly for )

(T+1)
k

— 1 (T)
- [I I:z-k;T; k +

T & lQ(CT+1 =K)]

Rt 1« O(Cre1; 1) E[ZiXTesiCren 1+1] (27)

‘T+1

wherethechangeof Ri.t. 1 is governedby (26). Note
thatsetting = % we achieve the sameupdateasin
Eq.(15),whentheposterioris x edandexact.In on-line
learningweset T to besmallerandalsoallow thepos-
terior to change.In our experimentsve kept = 0:01,
thusupdatingparametersisingonly approximatelypre-
vious 100datasampleqframes).

Note thatin Eq. (26) the averageclassresponsibility
is combinedwith the currentclassvariability model (by

keeping 1. In batchlearning, sincethe covariance
matrixis assumedx edin oneiteration,it canbedivided
out of the updateequation(14) for the mean.However,

sincewe changeheparameterthroughthetime,includ-

ing Lin (26) helpsre ne partsof the classmeanat
differentspeedslependingon the uncertainty

To dealwith the introductionof the new classesn the
video, we obsenre rst of all that the problemis ill-

posed,i.e., it needsto be constrained. For example,
model selectionin on-line learningis sometimescon-
strainedby specifyingthe prior on the model param-
eters[10]. Sinceour goal is datasummarizationwe
constrainthe classnumberselectionby specifyingthe

lowestallowable datalik elihood. Suchconstraintsim-
ply stateghatall dataneedgo be explainedreasonably
well (with the likelihood above somethreshold),while
the classesshouldbe introducedas rarely as possible.
The temporalstructurein the THMM andthe structure
of a realistic video (alternatingbursts of framesfrom
eachclass)suggesthatif the likelihood of the current
frameundertheclassassociateavith thepreviousframe
is reasonabhhigh, thereis no needto evaluatethelik e-
lihood underthe previous classesas the currentclass
providesa good model. So, we usetwo thresholdson
thelikelihood ; > 5. Whenthelog-likelihoodof the
obseredframeunderthe classfrom the previousframe
isabove 1, weclassifyit asbelongingio thesameclass.
Whenthislik elihoodis smallerthan 1, thefull posterior
is computedandthe lik elihoodof the datare-estimated,
leading often to classifyingthe frame as belongingto
someother, previously seenclass. However, if the data
likelihoodunderthe full modelis still lower than », a
new classis introducedandinitialized to the problem-
atic frame. This is similar to stability-plasticitydillema
of Grossbes ART [8], whoseunsupervisedersioniter-
atively clustergdata,andintroducesanew clusterf none
of theexisting clusterscanexplainthe new samplewell.

This approactguaranteethatthelikelihoodof the data
will belimited from below, sinceduringthelearningthe
likelihoodof the currentframenever dropsbelov some
threshold,andthe subsequenpossibledropin thelike-
lihood dueto the model updateis limited by the slow
learningrate.

However, due to the sensitvity of the numberof in-
troducedclassedo the threshold », it is possiblefor
the single-pasdearningalgorithmto introduceseveral



Figure 6: The summaryof a 20-minute long whale
watchingsequence.Interestingevents(whale, people)
areburiedin the video of the oceanandthe mountains.
Thevideois clusterednto six classeswhereasnostof

theframesareclusterednto clusters3, rightmostin the
top row, and4, leftmostin the bottomrow.

classeanodelingsimilar frames. This can be detected
withoutlookingbackatthedata,by nding theexpected
likelihoodof theframesfrom oneclassunderthe proba-
bility modelof theother,

1 .
Liz= fim = logp(ynjc) =

n=1

E ,; , logp(ynj 1; 1) =

1 .1
E .. Elogjz—lJ S0 D% O 0 =

1. .1
Eloglz—lj SrC 1t 2)

o N (28)
To achieve amorecompactepresentatiorglassl and2
in this examplecanbe memgedinto onewhenbothl ;.,
andL ,.; arelargerthanthelikelihoodlevel requiredin
the video summary The Gaussiangor two classesre
mergedinto onein a straight-forvardmanner

4 Experimental Results

4.1 Extracting objectsusing motion priors

We demonstratebjectextractionfrom thesceneby set-
ting motionpriorsin coefcients as, ;s,,, = Ue,c, V.
The differencebetweenwo consecutie transformation
indices™y = "1 and {+1 = "2 correspondso the inter-
framemotion. Thedirectionor theintensityof the mo-
tion for classc; canbe constrainedy settingappropri-
ateelementsn vxcllx2 to zero.We demonstratéhe useof
motiontemplatedor extractingthe backgroundandtwo
objectsthatmove in the differentdirections.We trained
aTHMM ona44frameslong320 240Walk sequence
(Fig. 3), usingM-pathsbatchlearningdescribedn sec-
tion Section2. Trainingwasperformedat the rate of 3

fps, andit took 8 iterationsof EM algorithmto obtain
resultsin Fig. 4. We trainedthe modelusinga three-
componenmixture of Gaussiansandwe setthe motion
priors for eachof the components.One of the compo-
nentswasallowed horizontalandvertical shiftsof up to
onepixel. Secondandthird componentsvere allowed
horizontalshifts of no lessthantwo andno morethan
eightpixelsto theleft andright, respectiely. Thealgo-
rithm wasableto pull out thetwo objectsandthe back-
groundscendnto threeclassegFig. 4). Without motion
priors,bothTMG andTHMM in its approximateor ex-
actforms,only learnthe classesimilarto the rst class
in Fig. 4(the backgroundmage),andare never ableto
trackandlearnthetwo people.The motion priors,how-
ever, help setthe position inferenceon the right track
(Fig.5), andleadto reasonabléemplatdearningresults,
eventhoughthe classmeanswereinitialized to random
images.Theeffectof thetemporarycclusionof theper
sonin white shirtis reducedn themeanimage(Fig. 4),
dueto theintegrationwith otherframeswherethe per
sonwas fully or partially visible. In both personap-
pearancenodels,the backgrounds suppressedndthe
classvarianceis mostly lower on the pixels belonging
to the appropriateperson. Despitethe slight blemishes
ontheappearancmodelsfor all threeclasseshetrack-
ing is very precise.By modelingthe dataasa mixture,
ratherthana compositionof the objects,THMM is un-
ableto learnperfectobjectappearancer performgood
segmentatiorasin [11]. But, THMM canbeusedasan
initial approximatiorfor the layeredmodel,andit is an
orderof magnitudefaster It canbe alsousedfor object
tracking,andasa motiondetector

4.2 On-line, realtime video clustering

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
differentlocations,but with the samegroup of people.
We train THMM using on-line learning, starting with
the Gaussiammixture with one component. Learning
and subsequentlassintroductionis 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 ratherthan by cameracut.
Withoutary clearshotcuts,thetraditionalsoftwaresim-
ply representthevideowith thumbnaildor severallong
video sggments.Thesethumbnails however, only shov
one frame from the shot, hiding all the other content.
Our clusteringprovidesa muchricher presentationand
beyond the video sggmentationtask, it groupssimilar
scenesandobjectstogetherasillustratedin Fig. 1. After



Figure7: The summaryof a 20-minutelong Hawaii se-
guence:clustermeansfor 43 classedearnedusingon-
line algorithmat 10 framespersecond.

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

In the last example,we illustrate the scalability of our
approachto classintroductionbasedon the minimum
allowablelikelihood. In a 20-minutelong video from
a whale watchingtrip, mostof the video is jerky and
containghe samesceneconsistingof themountainsand
theoceanwhile theexciting segmentscontainingwhale
breachesand people,arelessthana minutelong in to-
tal. In this sequencegur algorithmwasableto jointly
stabilizethe sequenceand nd nine clustersthat were
in the end memedin the six clustersshavn in Fig. 6.
Most of the sequencavasexplainedwith only two clus-
ters,while muchshorterandcontent-richpartswereex-
plainedby four clusters.After learninga summarnylike
this, it is easyto nd interestingshotsin thevideo.

Review [9] surnweystherecentstudiesin theareaof con-
tent basedvideo analysis. Although thereis no agreed
standardo comparedifferentalgorithms,our approach
uni es several stagef videoanalysis:video partition-
ing, cut detectionmotion characterizationscenerepre-
sentationandde nition of scenesimilarity measure.

5 Conclusions

We presenteda fast variational on-line learning tech-
niquefor training a transformechiddenMarkov model.
We demonstratedhat learninga realistic video can be
performedin real time, a 10000-fold improvementin

computationover the methodin [3]. We believe these
techniquesvould prove usefulin video clustering, sum-
marizationandindexing.
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