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Abstract

The humanfigure exhibits comple< andrich dynamic
behaior that is both nonlinearand time-varying. How-
ever, mostwork on tracking and analysisof figure mo-
tion hasemployed eithergenericor highly specifichand-
tailoreddynamicmodelssuperficiallycoupledwith hidden
Markov models (HMMs) of motion regimes. Recently
an alternatve classof learneddynamicmodelsknown as
switching linear dynamicsystemqSLDSs)hasbeencast
in the framework of dynamicBayesiannetworks (DBNSs)
and applied to analysisand tracking of the humanfig-
ure. In this paperwe further studythe impactof learned
SLDS modelson analysisandtracking of humanmotion
andcontrasthemto the morecommonHMM models.We
develop a novel approximatestructuredvariationalinfer-
encealgorithmfor SLDS, a globally corvergentDBN in-
ferencescheme,and compareit with standardSLDS in-
ferencetechniques.Experimentalresultson learningand
analysisof figure dynamicsfrom video dataindicatethe
significantpotentialof the SLDS approach.

1 Intr oduction

The humanfigure exhibits comple< andrich dynamic
behaior. Dynamicsareessentiato the analysisof human
motion (e.g. gesturerecognition)aswell asto the syn-
thesisof realisticfigure motionin computergraphics. In
visualtrackingapplicationsgdynamicscanprovide a pow-
erful cuein the presenceof occlusionsand measurement
noise.

Althoughthe useof kinematicmodelsin figuretracking
is now commonplacedynamicmodelshave recevedrela-
tively little attention. The kinematicsof the figure specify
its degreesof freedom(e.g. joint anglesandtorso pose)
anddefinea statespace.A dynamicmodelimposesaddi-
tional structureonthestatespaceby specifyingwhich state
trajectoriesarepossiblgor probableandby specifyingthe
speedatwhich atrajectoryevolves.

One promising approachis to learn dynamic models
from a training corpus of obsened state spacetrajec-
tories. In caseswhere sufficient training datais avail-
able, the learningapproachpromisesflexibility and gen-
erality. Many different modeling frameworks are possi-
ble. Previouswork by a numberof authorshave applied
HiddenMarkov Models(HMMs) to motion classification.
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In more recentwork, switching linear dynamic system
(SLDS)modelshave beenappliedto humanmotion mod-
eling [6, 13, 15]. In SLDS models,the Markov process
controlsan underlyinglinear dynamicsystem ratherthan
afixed Gaussiarmeasuremermmnodel.

By mappingdiscretehiddenstatesto piecavise linear
measurememhodelsthe SLDSframewnork haspotentially
greatedescriptve powerthananHMM. Offsettingthis ad-
vantages the factthatinferencein SLDS s considerably
more comple thaninferencein HMM's, which in turn
complicatesSLDSlearning.

In this paperwe describethe resultsof an empirical
comparisorbetweerSLDSandHMM modelsontwo com-
montasks:classificatiorand one-stemheadpredictionof
motion sequencesWe derive threedifferentapproximate
inferenceschemegor SLDS: Viterbi [16], variational,and
GPB2[2]. We comparehe performanceof theseschemes
to thatof corventionalHMM models.

We demonstratéhat even on fairly simple motion se-
guencesthe SLDS model classconsistentlyoutperforms
standarddHMMs on classificatiorandcontinuousstateesti-
mationtasks.ThesepreliminaryresultssuggesthatSLDS
modelsare a promising tool for figure motion analysis.
In additionto our experimentalresults,the derivationswe
provide for the three SLDS inferenceschemeshouldbe
usefulto otherresearchergho areinterestedn thesemod-
els. Moreover, ourvariationalinferencealgorithmis novel.

2 Switching Linear Dynamic SystemModel

A switchinglinear dynamicsystem(SLDS) modelde-
scribeghedynamicsof acomple, nonlinearmphysicalpro-
cesshy switchingamonga setof linear dynamicmodels
overtime. The systemcanbe describedusingthe follow-
ing setof state-spacequations:

Tepr = A(Se41)Tt + Uiy (Se41),
yy = Cxy + wy, and
zo = wo(s0)

for thephysicalsystemand

P’I‘(St+1|8t) = S;H_lHSt, and
PT‘(SQ) = T

for the switchingmodel. The meaningof the variablesis
asfollows: z; € R~ denoteghe hiddenstateof the LDS,



andu; is the statenoiseprocessSimilarly, y, € ®M is the

obserned measuremerandw; is the measuremenoise.
Parametersd andC arethe typical LDS parametersthe

statetransitionmatrix andthe obsenation matrix, respec-
tively. We assumedhatthe LDS modelsa Gauss-Markv

processHence the noiseprocesseareindependentiyis-

tributedGaussian:

N(O,Q(St)), t > 0

N (zo(st), Qo(st))
N(0, R).

V¢ (St) ~
vo(s0) ~
We ~

Theswitchingmodelis assumedo beadiscretéfirst order
Markov process. Statevariablesof this model are writ-
tenass;. They belongto the setof S discretesymbols
{eo,...,es—1}, Wheree; is theunit vectorof dimensionS
with anon-zercelemenin thei-th position. The switching
modelis definedwith the statetransitionmatrix IT whose
elementsarelIl(i, j) = Pr(s;41 = ei|s; = e;), andan
initial statedistribution 7.

Coupling betweenthe LDS and the switching process
stemsfrom the dependeng of the LDS parametersd and
@ ontheswitchingprocesstates;. Namely

Alst =€) = A;
Qst = ei) = Q;

In otherwords, switching states, determinesvhich of S
possibleplantmodelsis usedattime ¢.

The complex statespacerepresentatioins equivalently
depictedby the DBN dependeng graphin Figurel. The
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Figure 1: Bayesiametwork representatioiidependengcgraph)
of the SLDS. s denoteinstancesof the discretevalued action
stateswitchingthe physicalsystemmodelswith continuousval-
uedstatesc andobserationsy.

dependenggraphimpliesthatthejoint distribution P over
thevariablesof the SLDS canbewritten as

P(Yr, Xr,S1) = Pr(so) [T, Pr(si|si—1)
PT($0|50) H;";l PT($t|$t—173t)
[Ti—o Pr(yelzs), @)

whereYr, Xr, andS denotethe sequenceéof lengthT)
of obsenationsand hiddenstatevariables. For instance,
Yr = {yo,.-..,yr—1}. Fromthe Gauss-Markv assump-
tion ontheLDS andthe Markov switchingmodelassump-
tion, we canexpandEquationl into theparameterizebint

pdf of the SLDS of durationT. In practice,we will work
with its Hamiltonian,a positive function H (z) suchthat
— __exp(—H(z)) i
P(z) = S, eon(—H (D) See[16] for details.
Learningin complex DBNs can be formulatedas the
problemof ML learningin generalBayesiannetworks.
HenceageneralizedM algorithm[14] canbeusedo find
optimal valuesof DBN parameters{ A, C, @, R,II, mo }.
The expectation(E) stepof EM is the task of inference.
Inference,which is addressedn the next section,is the
mostdifficult stepin SLDS learning. Giventhe sufficient
statisticsfrom the inferencephase the parameterupdate
equationsin the maximization(M) stepare obtainedby
minimizing the expectedHamiltonian (H (X, S, V1))
of Equationl with respecto theLDS andMC parameters.
Derivationscanbefoundin [16].

3 Inferencein SLDS

The goal of inferencein complex DBNs is to estimate
the posteriorprobability of the hidden statesof the sys-
tem (s; andz;) given someknown sequencef obsena-
tions Y andthe known model parameters.Specifically
we needto find the suficient statisticsof the posterior
P(Xr,St|Yr). Giventhe form of P it is easyto shawv
thatthesearethefirst andthesecondrderstatistics:mean
andcovarianceamonghiddenstatest;, x;—1, S¢, S¢—1-

If there were no switching dynamics, the inference
would be straightforvard — we could infer X from Yr
usingLDS inference(RTS smoothing[1]). However, the
presenceof switching dynamicsembeddedn matrix IT
malkesexactinferencemore complicated.To seethat, as-
sumethat the initial distribution of zg att = 0 is Gaus-
sian,att = 1 the pdf of the physical systemstate z;
becomesa mixture of S Gaussiarpdfs sincewe needto
maminalize over S possiblebut unknovn plant models.
At time ¢ we will have a mixture of S* Gaussianswhich
is clearly intractablefor even moderatesequencédengths.
It is thereforenecessaryo explore approximatenference
techniqueshatwill resultin atractabldearningmethod.

An approximateViterbi inferencealgorithm was pre-
sentedn [16] andevaluatedexperimentally We briefly re-
view it in Section3.1. We thendescribgwo additionalap-
proximationtechniquesvariationalinferencgSection3.2)
andgeneralized’seuddayesiarinference(Section3.3).
3.1 Approximate Viterbi Inference

The taskof Viterbi approximationapproachis to find
the mostlikely sequencef switchingstatess, for agiven
obsenationsequenc@’r. If thebestsequencef switching
statess denotedS}. we canthenapproximatethe desired
posteriorP(Xr, St|Vr) as

P(Xr,Sr|Yr) = P(Xr|ST,Y1) (ST — S7), (2)

i.e. the switching sequenceposterior P(Sr|Yr) was ap-
proximatedby its mode. It is well known how to apply

1§(x) = 1 for z = 0 andzerootherwise.



Viterbi inferenceto discretestate hidden Markov mod-
els [17] and continuousstate Gauss-Markv models[1].
Herewe review an algorithmfor approximateViterbi in-
ferencein SLDSspresentedn [16].

We would like to computethe switching sequenceSs.
suchthat S5 = argmaxgs, P(Sr|Yr). Definefirst the
following probability up to time ¢ of the switching state

sequencéeingin states attime ¢ giventhe measurement

sequenceg’;:

Jt,z’ = IélaXP (St—l, St = ei,yt) (3)

t—1

If this quantityis known at time T' the probability of the
mostlik ely switchingsequencé. is simply P(S}.| Yr) o«
max; Jr—1,;. In fact, a recursve procedurecan be used
to obtainthe desiredquantity To seethatexpressJy ; in
termsof J'satt — 1. It followsthat

Jii = glaXP(St—lyst =e;, V1)

t—1

= mJaX{Jt\t—l,z',jJt—lJ} 4)

wherewe denoteJy;_; ; ; asthe “transition probability”
from statej attime¢— 1 to statej attimet. Also, S;_, (i) is
the“best” switchingsequenceptotimet — 1 whenSLDS
isin statej attimet — 1: S} ,(¢) = argmaxg, , Ji—1,;.

Hence,the switching sequenceposteriorat time ¢ can
berecursely computedrom thesameattimet — 1. The
two scalingcomponentsn J;;_, ; ; arethelikelihoodas-
sociatedwith thetransitioni — j fromt¢ tot — 1, andthe
probability of discreteSLDS switchingfrom j to 4.

To find the likelihoodterm note that concurrentlywith
the recursionof Equation4, for eachpair of consecutie
switching statei, j at timest,¢ — 1 one can obtain the
following statisticsusingthe Kalmanfilter [1]: 2 ;, the
“best” filtered LDS stateestimateat ¢ whenthe switchis
in states attime t anda sequencef ¢t measurementg/,
hasbeenprocesseds; ;1 ; ; andiy; ; ;, theone-steppre-
dicted LDS stateandthe “best” filtered stateestimatesat
timet, respectiely, giventhattheswitchis in statei attime

t andin statej attimet¢ — 1 andonly ¢ — 1 measurements

areknown. Similar definitionsareusedfor filteredandpre-
dictedstatevarianceestimatesy; ; and¥,;_; ; ; respec-
tively. See[16] for details. The likelihoodterm canthen
be easily computedasthe probability of innovationy; —

CZyjy—1,5,5 OF § — i transition, yi|s,—c; s,y =j,57_,(G) ~

N (yt; Cy—1,i,5, Cyjp—1,3,;C" + R)-

Obviously, for every current switching statei there
are S possibleprevious switching stateswhere the sys-
tem could have originatedfrom. To minimize the over
all cost at every time stept and for every switching
statei one “best” previous statej is selected:y;_q; =
argmin; {Jy;_1,,;Ji—1,; }- Theindex of this stateis kept
in thestatetransitionrecordy;_; ;. Consequentlywe now

obtaina setof S bestfiltered LDS statesandvariancesat
timet: &y¢; = &yjt,i,p,_1,c ANAD¢p23 = Dt i,,1 -
Onceall T obserations)r_; have beenfusedto de-
codethe“best” switchingstatesequenceneusesheindex
of the bestfinal state,i’._; = argmin; J7_ ;, andthen
tracesbackthroughthe statetransitionrecords;_; ;, set-
tingi; = zpt,i;+1. The switchingmodel's sufiicient statis-

tics arenow simply (s¢) = e;; and(sys}_;) = e;s i
Given the “best” switching state sequencehe sufficient
LDS statisticscan be easily obtainedusing Rauch-Ting-
Streiber(RTS) smoothing[1]. The Viterbi inferencealgo-

rithm for complex DBNs cannow besummarizeds

Initialize LDS state estimates %o, ; and g1 ;;
Initialize Jo_;;
fort=1:T-1
fori=1:8
forj=1:8
Predict and filter LDS state estimates
Byjg,5,5 aNd Typg 555
Find j — 4 “transition probability” Jy;_1 ;
end
Find best transition 1);_; ; into state i;
Update sequence probabilities J; ;
and LDS state estimates y;,; and y,;;

e

end
end
Find “best” final switching state ¢}._;
Backtrack to find “best” switching state sequence i;;
Find DBN's sufficient statistics;

3.2 Approximate Variational Inference

A generaktructuredvariationalinferencetechniqueor
Bayesiametworksis describedn [10]. Thebasicideais to
constructa parameterizedistribution Q whichis in some
sensecloseto thedesiredconditionaldistribution P, but is
easierto compute.Onecanthenemploy  asanapproxi-
mationof P,

P(Xr,S7|\Vr) = Q(Xr,Sr|Vr).

Namely for a givensetof obsenations);, a distribution
Q(Xr, Sr|n, Yr) with anadditionalsetof variational pa-
rametes 7 is definedsuchthat Kullback—Leiblerdiver-
gencebetweenQ (Xr, Sr|n, Yr) and P(Xt,Sr|Vr) is
minimizedwith respecto 7:

n* = argminz Q(Xt,St|n, Yr) X
U

P(Xr,S7|Yr)
Q(Xr,Srn, Y1)’

The dependeng structure of @ is chosen such that
it closely resemblesthe dependeng structure of the

log (5)
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Figure2: Factorizatiorof theoriginal SLDS.Factorization
reduceghe fully coupledmodelinto a seeminglydecou-
pledpairof aHMM (Q;) andalLDS (Q,).

original distribution P. However, unlike P the de-
pendeng structure of ) is designedto allow com-
putationally efficient inference. In our casewe de-
fine @ by decouplingthe switching and LDS portions
of SLDS as shown in Figure 2. The two subgraphs
of the original network are a Hidden Markov Model
(HMM) Qs with variational parameters{qo,...,q7-1}
anda time-varying LDS @ x with variationalparameters
{.CIA'I(), 1210, ceey ATfl, QO; caey QTfl}. Thus the Hamilto-
nian of the the approximatingdependeng graphis sim-
ply the sum of the Hamiltoniansfor the two decoupled
subgraphs thereby allowing for independentinference:
Q(Xr,Sr|n, V1) = Qx(Xr|n,Yr)Qs(Sr|n). Thisis
also reflectedin the sufiicient statisticsof the posterior
definedby the approximatingnetwork, e.g. (z;z;'s;) =
(zeme') (s¢).

The optimal valuesof the variationalparameterg; are
obtainedby setting the derivative of the KL-divergence
w.r.t. 7 to zero. We canthenarrive at the following op-
timal variationalparameters:

S—-1

B = QoY Qoizoi{so(i)) (6)
i=0
logao(i) = 5 ((z0 — 20 @y} (w0 — 0,0)) — 7 log|Qus
g g0 2 0 0,i 0,i \Zo 0,i B g 10,:
, 1 A
log (i) = 3 <($t — A1) Q; (my — Aiil?t—1)>
1 .
—§log|Qt,i|, t>0 (7)
To obtain the expectation terms (s;) =
Pr(st|qo,---,qr—1) we usethe inferencein the HMM

with output “probabilities” ¢;, as describedin “Funda-
mentalsof SpeechRecognition” by Rabinerand Juang,
PrenticeHall, 1993. Similarly, to obtain{z;) = E[z:|Yr]
we performLDS inferencein the decoupledime-varying
LDS via RTS smoothing. Since 4, Q; in the decoupled
LDS @x dependson (s;) from the decoupledHMM
Qs and ¢ dependson (z;), (zix:'), (xixi—1") from
the decoupledLDS, Equations6 and 7 together with
the inferencesolutionsin the decoupledmodelsform a
setof fixed-pointequations. Solution of this fixed-point
set yields a tractable approximationto the intractable
inferenceof theoriginal fully coupledSLDS.

The variational inferencealgorithm for fully coupled
SLDSscannow besummarizeds:

error =
Initialize (s;);
while (error > maxError) {
Find Qt,fit,.fro from (s;) using Equations 6;
Estimate (z), (z:2:') and (xiz;—1") from y;
using time-varying LDS inference;
Find g from <.’I}'t> R <Z’t$tl> and <1’t$t,11>
using Equations 7;
Estimate (s;) from ¢; using HMM inference.
Update approximation error (KL divergence);

Ay S5-1 » _ Theinterpretatiorof recursiondor variationalparame-
Qro, = Qi (s:(2)) ters@; andA; in Equations is nottrivial. As anexample,
i=0 variationalinferencen asimplethreestateSLDSwascon-
Q ) S_IQ ) ) SilA’Q A o) sidered.The SLDS parametersverechoserto be:
;o= 7 1))+ Qi Ai(st41(2)) —
i= i=0 1 6 .08 1.25
A A A = = = =
A Ot A, 0<t<T—1 0 [0 1] Qo =01 =0Q> [1.25 25 ]
1 -6
X 5-1 A1=[ ] C=[1 0]R=5000
Qal — Z Q(Ii <$0 + Z AI )) AI Ql 1A1 0 A4
i=0 1 1 098 0 0
S_1 AQ:[_7 _'4] Im=|( .02 .99 0
Ay = Q) Qi Ai(seli) ' ' 0 .01 1
iz:% o = [ 1 0 0 ]



The SLDSwassimulatedover 140time stepsto producea
sequencef switching states,continuousstatesand mea-
surements. Variational inferencewas then usedto infer
distributions of switching and continuousstatesfrom the
simulatedneasurement$zigure3.3depictsstateestimates
andvariationalparametersor the secondandlast(8) iter-
ationof variationalinference.

Initial uncertainswitchingstatedistribution (s) = E[s]
leadsto low variationalstatenoisevariance() (whosede-
terminantis indicatedby |Q,| in Figure3.3) andlow vari-
ational statetransition matrix ( whosedeterminantis in-
dicatedby |A,| in Figure 3.3). Throughfurtheriterations
the variationalinferencealgorithm corvergesto the true
switchingstatesequence.

3.3 Approximate Generalized Pseudo Bayesian
Inference

The GeneralizedPsuedoBayesian[2, 11] (GPB) ap-
proximationschemeds basedon the generalideaof “col-
lapsing”,i.e. representing mixtureof Mt Gaussiansvith
a mixture of M"™ Gaussianswherer < t (see[13] for a
detailedreview). While thereareseveralvariationson this
idea,our focusis the GPB2algorithm,which maintainsa
mixture of M? Gaussian®ver time and canbe reformu-
latedto includesmoothingaswell asfiltering?.
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Figure3: Iterations2 and8 of variationalinference Thegraphs
depict (top-davn): continuousstate estimatesE[x], switching
stateestimatesE|[s], HMM variationalparametetog g, determi-
nantsof LDS variationalparameter$@. | and|A,|, andthetrue
(dotted)andestimatedneasurement&|[y].

20thersimilar pseudoBayesianalgorithmsof [2], GBP1and IMM,
do not have anolvious smoothingreformulation.

GPB2is closelyrelatedto the Viterbi approximatiorof
Section3.1. It differsin thatinsteadof picking the most
likely previous switching statej at every time stept and
switching states, we collapsethe M Gaussiangone for
eachpossiblevalueof j) downinto asingleGaussian.

Considerthe filtered and predictedmeansz; ; ; ; and
#4)¢—1,4,5, andtheirassociatedovarianceswhichwerede-
finedin Section3.1. Assume,in addition, that for each
switchingstatei andpairsof stateg(i, j) thefollowing dis-
tributionsaredefinedat eachtime step:

PT’(St = z|_')7t)
PT’(St =14,51 1= j|yt)-

It is easyto shaw (seg[13]) thata regularKalmanfiltering
updatecan be usedto fuse the new measuremeny, and
obtain S? new SLDS statesat ¢ for eachS statesat time
t — 1, in asimilar fashionto theonein Section3.1.

Unlike the Viterbi approximationwhich picks onebest
switchingtransitionfor eachstate; attimet, GPB2"aver
ages’over S possibletransitionsfrom ¢ — 1. Namely it is
easyto seethat

Pr(sg =1i,8.-1 = J|W¢) ~
Pr(ye|24,:,;)1L(4, j) Pr(si—1 = j|Vt—1)-

From thereit follows immediatelythat the current dis-
tribution over the switching statesis Pr(s; = i|)) =
EJ. Pr(s; = i,s¢—1 = j|V:) andthateachpreviousstate
4 now hasthefollowing posterior

Pr(s; = 1,81 = j|Js)
PT(St = Z|yt)

This posterioris importantbecauset allows oneto “col-
lapse”or “average”the S transitionsinto eachstates into
oneaveragestatee.g.

Byjes = Zﬁﬂt,i,jpT(Stq =jls: =14, V)-
J

Analogousexpressionscan be obtainedfor the variances
e, andXy s q),i-

Smoothingin GPB2is unfortunatelya more involved
processthat includes several additional approximations.
Details of this can be found in [13]. We note at this
point that, effectively, an assumptioris madethat decou-
ples the MC model from the LDS when smoothingthe
MC states SmoothedC statesareobtaineddirectly from
Pr(s¢|Y:) estimatespamelyPr(s; = i|s¢41 = k, V1) =~
Pr(sy = ilsgr1 = k,)y). Additionally, it is assumedhat
P17 ik R Bogr|T,k- Armedwith thetwo assumptions
setof smoothingequationsfor eachtransition (s, k) from
t + 1 to t canbe obtainedthatobey anRTS smootherfol-
lowedby collapsingsimilar to thefiltering step.

The GPB2algorithmcannow besummarize@sthefol-
lowing pseudacode

PT’(St_l = j|8t = i,yt) =



Initialize LDS state estimates #q|_; ; and g1 ;;
Initialize Pr(so =1i| — 1) = w(i);
fort=1:7T-1
fori=1:85
forj=1:8
Predict and filter LDS state estimates
Jﬁt|t,z',ja b0,
Find switching state distributions
Pr(sy = i|4), Pr(si—1 = jls¢ =, M4);
Collapse Zy1,i;, Li/t,i,5 1O Zeje,ir St 2,45
end
Collapse #y;,; and X, ; t0 24, and Xy,
end
end
Do GPB2 smoothing; Find sufficient statistics;

Theinferenceprocesof GPB2is clearlymoreinvolved
thanthoseof the Viterbi or the variationalapproximation.
Unlike Viterbi, GPB2providessoft estimate®f switching
statesateachtime. Like Viterbi GPB2is alocal approxi-
mationschemeandassuchdoesnot guaranteglobalopti-
mality inherentin thevariationalapproximation However,
somerecentwork (se€[4]) onthistypeof localapproxima-
tionin generaDBNs hasemegedthatprovidesconditions
for it to be globally optimal.

4 Previous Work
SLDSmodelsandtheirequivalentshave beenstudiedn
statistics,time-seriesmodeling, and target tracking since
early 1970%s. See[16, 13] for a review. Ghahraman[7]
introduceda DBN-framework for learning and approxi-
mateinferencein oneclassof SLDS models. His under
lying modeldiffersfrom oursin assuminghe presencef
S independentwhite noise-drven LDSs whosemeasure-
mentsare selectedby the Markov switching process.An
alternative input-switchingLDS model was proposedby
Pavlovic et al. [15] and utilized for mousemotion classi-
fication. A switchingmodelframework for particlefilters
is describedn [9] andappliedto dynamicdearningin [3].
Manifold learning[8] is anotherapproacho constraining
the setof allowabletrajectorieswithin a high dimensional
statespace An HMM-basedapproachs describedn [5].

5 Experimental Results
Therearetwo importantempiricalquestionghatshould
beaddresseébr theclassof SLDS models:

e Which approximationinferenceschemen SLDS re-
sultsin the bestlearningperformance?

e How doesthe performanceof learnedSLDS models
compareto that of HMM modelson taskssuchas
classificationfracking,andsynthesis?

In this sectionwe reportsomeearly progressn addressing
thesequestions.

We applied an HMM and three SLDS frameworks
which differed in the approximateinference technique
(Viterbi, GPB2,andvariational)to the analysisof two cat-
egories of fronto-parallelmotion: walking and jogging.
Fronto-parallelmotions exhibit interestingdynamicsand
arefreefrom thedifficultiesof 3-D reconstructionExper
imentscanbeconducteaasilyusingasinglevideosource,
while self-occlusionsandclutteredbackgroundsnake the
trackingproblemnon-trivial.

We learnedHMM and SLDS modelsfrom our dataset,
andevaluatectheir classificatiorperformance Classifica-
tion is animportanttaskin its own right, andit is partic-
ularly usefulin comparingSLDS andHMM models.The
LDS componenbf the SLDS modelprovidesmoreflexi-
bility in fitting the underlyingmeasurementsn compari-
sonto HMMs. Classificatioraccurag is oneway to mea-
surethevalueof this additionalmodelingpower.

We adoptedthe 2-D ScaledPrismaticModel proposed
by Morris andRehg[12] to describethe kinematicsof the
figure and definethe statespacefor learning. The kine-
maticmodelliesin theimageplane,with eachlink having
onedegreeof freedom(DOF) in rotationandanothe DOF
in length. A chainof SPM transformscanmodelthe im-
agedisplacementnd foreshorteningeffects producedby
3-D rigid links. The appearancef eachlink in the im-
ageis describedy a templateof pixelswhichis manually
initialized anddeformedby thelink’s DOF'’s.

In our experimentsve have analyzedhe motion of the
legs, torso, and head,and ignoring the arms. Our kine-
matic modelhad eight DOF'’s, correspondindo rotations
atthe knees hip, andneck. Our datasetonsistsof 18 se-
guence®f six individualsjogging (two examplesof three
people)andwalking at a moderatepace(two examplesof
six people.) Eachsequenceavasapproximately50 frames
duration.We createdthe SPMmeasuremenis eachframe
by hand,soasto guarantedidelity to the obsenedmotion.
5.1 Learning

The first task we addressedwvas learning an SLDS
modelfor walking andrunning. Eachof the two motion
typeswereeachmodeledasmulti-staté HMM andSLDS
modelsandthencombinednto a singlecomplex jog-walk
model.In addition,eachSLDSmotionmodelwasassumed
to be of eitherthefirst or the secondorder Hence,a total
of threemodels(HMM, firstorderSLDS,andsecondbrder
SLDS)wereconsideredor eachswitchingstateordet

HMM modelswereinitially assumedo be fully con-
nected. Their parametersvere then learnedusing the
standardeEM learning, initialized by k-meansclustering
(see[17] for details.) HMM modelswere in turn used
to initial switchingstatesegmentationgor more complex
SLDS models. For SLDS models,the measurementa-
trix in all casesvasassumedo beidentity, C' = I. The
SLDS parameter®f the model (4, @, R, xo, II, m9) were

3We exploredmodelswith one,two, andfour states.



thenreestimatedising the EM-learningframewvork. The
E-step(inference)n SLDSlearningwasaccomplishedis-
ing the threeapproximatednethodsoutlinedin Section3:
Viterbi, GPB2,andvariationalinference.

Resultsof SLDS learningusing either of the threeap-
proximateinferencemethodglid not producesignificantly
differentmodels. This canbe explainedby the fact that
initial sgmentationsisingthe HMM andtheinitial SLDS
parametersvere all very closeto a locally optimal solu-
tion andall threeinferenceschemesndeedcorvergedto
the sameor similar posteriors.Therefore only the models
learnedusingthe Viterbi inferenceschemevereemployed
in the analyse®f the next two sections.

5.2 Classification

We consideredclassificationof unknavn motion se-
guencesas the first stepin testingthe impact of differ-
ent dynamic models. Unknowvn motion sequencesvere
consideredo be the onesof complex motion, i.e., motion
consistingof alternationsof “jog” and“walk”* Identifi-
cationof differentmotion “regimes”wasconductedising
theHMM inferenceaunderthelearnedHMM modelandthe
approximateViterbi, GPB2,andvariationalinferenceun-
derthe SLDS model. Estimatesf “best” switchingstates
(s¢) indicatedwhich of the two modelscanbe considered
to bedriving the correspondingnotionsegment.

FiguresFigure 4 throughFigure 7 show classification
resultsfor a complex motion sequenceof jog and walk
motionusingdifferentorderHMM andSLDS modelsand
differentSLDS inferenceschemesFor instance Figure4
depictstrue switching state sequencgsequenceof jog-
walk motions)in thetopgraph followedby HMM, Viterbi,
GPB2,andvariationalstateestimatesisingoneswitching
statepermotiontypemodelsfirst orderSLDSmodel. Fig-
ure 7 shaws the samesetof estimateghis time usingfour
switchingstatemodels secondrderSLDS model.

The accurag of classificationincreasessthe orderof
the switching statesand the SLDS model order increase.
More interestinghowever, is thatthe HMM modelconsis-
tently yields lower sggmentationaccurag thenthe SLDS
modelusing ary inferencescheme. This is of courseto
be expectedbecausehe HMM model doesnot impose
continuity acrosstime in the plant statespace(z), which
doesindeedexist in a naturalfigure motion (joint angles
evolve continuouslyin time.) Analysisof differentSLDS
inferenceschemesndicatesthat Viterbi and variational
schemeslo seemto yield appealingclassifications How-
ever, GPB2 doesnot considerablylack behindthe men-
tioned schemesand sometimeseven outperformsthe first
two. Moreover, GPB2 clearly provides “soft” statees-
timates, while the Viterbi schemedoesnot. Variational
inferencetendsto producesomevhat soft decisions,but

4Testsequencesvere constructecby concatenatingn randomorder
randomly selectedand noise corruptedtraining sequences.Transitions
betweersequenceweresmoothedisingB-splinesmoothing.

is more often similar to Viterbi. In termsof computa-
tional compleity, Viterbi doesseento betheclearwinner
amongthe SLDS schemes.

6 Conclusions

We have exploredthe impactof learnedSLDS models
onanalysisof figuremotion. We have comparedheSLDS
modelsusing three different inferenceschemegqViterbi,
GPB2,andvariational)to the morecommonHMM mod-
els. Oneof the considerednferenceschemeapproximate
variationalapproximationjs novel in the SLDSdomain.

Our comprehensie classification experiments have
demonstrateghromisingresultsin the useof SLDS mod-
elsfor modelingof the humanfigure motion. We demon-
stratedaccuratediscriminationbetweenwalking and jog-
ging motions.We shavedthatSLDS modelsprovide more
robustclassificatiomperformancehanthemorecommonly
usedHMM models. The fact that thesemodelscan be
learnedrom datamaybe animportantadvantagen figure
tracking,whereaccuratephysics-basedynamicalmodels
may be prohibitively complex.

We arecurrentlyconductingadditionalexperimentghat
will shedmorelight on the predictve qualitiesof SLDS
models.This evaluationis crucial stepin studyingthe use
of learnedmodelsin applicationssuchasfigure tracking.
We also plan to build SLDS modelsfor wide variety of
motionsandperformersandevaluatetheir performance.
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Figure4: Classificatiorusingoneswitchingstatemodels,
secondrderSLDS.
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Figure5: Classificatiorusingfour switchingstatemodels,
firstorderSLDS.
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Figure6: Classificatiorusingtwo switchingstatemodels,
secondrderSLDS.
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Figure7: Classificatiorusingfour switchingstatemodels,
secondrderSLDS.



