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ABSTRACT

In this paper we study the role of dynamics in dimensionaktyuction problems applied to se-
guences. We propose a new familyrofirginal auto-regressiveMAR) models that describe the
space of all stable auto-regressive sequences, regaadltssr speci ¢ dynamics. We apply the
MAR class of models as sequence priors in probabilistic segel subspace embedding problems.
In particular, we consider a Gaussian process latent Marggiproach to dimensionality reduction
and show that the use of MAR priors may lead to better estisnafteequence subspaces than the
ones obtained by traditional non-sequential priors. Wa fitrepose a learning method for estimat-
ing nonlinear dynamic system (NDS) models that utilizesrtee MAR priors. The utility of the
proposed methods is demonstrated on several synthetisatsit@as well as on the task of tracking
3D articulated gures in monocular image sequences.



1 Introduction

Dimensionality reduction / subspace embedding methods asi®rincipal Components Analysis
(PCA), Multidimensional Scaling (MDS), Gaussian Proceateht Variable Models (GPLVM)]
and others, play an important role in many data modelingstéskselecting and inferring those
features that lead to an intrinsic representation of tha.das such, they have attracted signi cant
attention in computer vision where they have been used tesept intrinsic spaces of shape,
appearance, and motion. However, it is common that subspagection methods applied in
different contexts do not leverage inherent propertieshoké contexts. For instance, subspace
projection methods used in human gure tracking [2, 16, 17] often do not fully exploit the
dynamic nature of the data. As a result, the selected subsacnetimes do not exhibit temporal
smoothness or periodic characteristics of the motion thegeh Even if the dynamics are used,
the methods employed are sometimes not theoretically sanddare disjoint from the subspace
selection phase.

In this paper we present a new approach to subspace embeafdseguential data that ex-
plicitly accounts for their dynamic nature. We rst modektlspace of sequences using a novel
Marginal Auto-Regressive (MAR) formalism. A MAR model deibes the space of sequences
generated from all possible AR models. In the limit case MASRdibes alstableAR models. As
such, the MAR model is weakly-parametric and can be used asf@r an arbitrary sequence,
without knowing the typical AR parameters such as the statesition matrix. The embedding
model is then de ned using a probabilistic Gaussian Protedgent Variable (GPLVM) frame-
work [9] with MAR as its prior. A GPLVM framework is particularly webkuited for this task
because of its probabilistic generative interpretatione fiew hybrid GPLVM and MAR frame-
work results in a general model of the space ohalhlinear dynamic systenfslDS). Because of
this it has the potential to theoretically soundly model lm@ar embeddings of a large family of
sequences.

The paper is organized as follows. We rst de ne the familyMAR models and study some
properties of the space of sequences modeled by MAR. Nexshee that MAR and GPLVM
result in a model of the space of all NDS sequences and distsupsoperties. The utility of
the new framework is examined through a set of experimentis gynthetic and real data. In
particular, we apply the new framework to modeling and tmaglof the 3D human gure motion
from a sequence of monocular images.

2 Marginal Auto-Regressive Model

2.1 De nition

Consider sequencé of lengthT of N -dimensional real-valued vectoxg = [ X¢.oXt1::: Xen 1] 2
<1 N Suppose sequendeis generated by the 1st order AR modé® (A):

Xe = X A+ w; t=0;:5T 1 Q)
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whereA isa specicN N state transition matrix ang, is a white iid Gaussian noise with unit
precision,w; N (0O;1). Assume that, without loss of generality, the initial cdrai x ; has
normal multivariate distribution with zero mean and uniegision i: x 1 N(O; ;).

We adopt a convenient representation of sequeéhas aT N matrix X = [x3x?::x$ ]°
whose rows are the vector samples from the sequence. Ussgdtation () can be written as

X=X A+ W, (2)

whereW = [wiw{::w? [1°andX is ashifted/delayedrersion of X, X = [x° x3::x$ ,]°.
Given the state transition matrik and the initial condition, the AR sequence samples have the
joint density function

P(XjAjx 1)=(2 VT2

exp %trf(x X A)X X A% : (3

The density in 8) describes the distribution of samples iff dong sequence for a particular
instance of the state transition mat#x However, we are interested in the distribution of all
AR sequences, regardless of the valuedof In other words, we are interested in the marginal
distribution of AR sequences, over all possible parameiers

Assume that all element; of A are iid Gaussian with zero mean and precisiqrg;

N (0; 1). Under this assumption, one can show thatrtieginal distribution of the AR model
becomes
Z

P(Xjx 1; )= P(XjA;x 1)P(Aj )dA =
A

(2 )NTZZjKXX(X;X )J 1eXp %terxx(X,X) lxx Og (4)

where
Ko(X;X)= X X%+ 1 (5)

We call this density théarginal ARor MAR density. is the hyperparameter of this class of
modelsMAR (). Intuitively, (4) favors those samples K that do not change signi cantly from
ttot+1 andt 1.

MAR density models the distribution of all (AR) sequencedesfgth T in the spaceX =
<T N_ Note that while the error process of an AR model has Gausdigribution, the MAR
density is not Gaussian. We illustrate this in Fig.The gure shows pdf values for four differ-
ent densities: MAR, periodic MAR (see Set2), AR(2),and a circular Gaussian, in the space
of length-2 scalar-valued sequengegx1]°. In all four cases we assume zero-mean , unit preci-
sion Gaussian distribution of the initial condition. All mels have the mode &b; 0). However,
the variance of the AR model is elliptical, with axes detered by the state transition matrix
The MAR models de ne non-Gaussian distributions with naelar symmetry and with direc-
tional bias. This property of MAR densities is important whaewed in the context of sequence
subspace embeddings, which we discuss in S$ec.



Figure 1: Distribution of length-2 sequences of 1D sampteteun MAR, periodic MAR, AR, and
independent Gaussian models.

2.2 Higher-Order Dynamics

The above de nition of MAR models can be easily extended toifi@s of arbitraryD -th order AR
sequences. In that case the state matrig replaced by alND N matrix A = [AA%:::A% ]%and
X by[X X; ::Xp ]. Hence, aMAR ( ;D ) model describes a general space oailth order
AR sequences. Using this formulation one can also model spgasses of dynamic models. For
instance, a class of all periodic models can be formed bingett = [A? 11 wherel is an
identity matrix.

2.3 Nonlinear Dynamics

In (1) and @) we assumed linear families of dynamic systems. One canrgizesthis approach
to nonlinear dynamics of the form, = g(X; 1j )A; whereg(j ) is a nonlinear mapping to an
L-dimensional subspace aAdis aL N linear mapping. In that cad€,, becomes a nonlinear
kernel using justi cation similar to e.g.9]. While nonlinear kernels often have potential bene ts,
such as robustness, they also preclude closed-form sotutiblinear models. In our preliminary
experiment we have not observed signi cant differencesveen MAR and nonlinear MAR.

2.4 Justi cation of MAR Models

The choice of the prior distribution of AR model's state tsédion matrix leads to the MAR density
in (4). One may wonder, however, if the choice of Nd(O; 1) results in a physically meaningful
space of sequences. We suggest that, indeed, such choideemuasti ed.

Namely, Girko's circular law }] states that ifNiA isarandonN N matrix withN (0; 1) iid
entries, then in the limit case of larde (¢,20) all real and complex eigenvaluesfoéreuniformly
distributed on the unit disk-or smallN , the distribution shows a concentration along the real line
Consequently, the resulting space of sequences descnbige MAR model is that o&ll stable
AR systems
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3 Nonlinear Dynamic System Models

In this section we develop a Nonlinear Dynamic System viewhef sequence subspace recon-
struction problem that relies on the MAR representatiorhefpirevious section. In particular, we
use the MAR model to describe the structure of the subspaseqfences to which the extrinsic
representation will be mapped using a Gaussian Process \a@eable model ofJ].

3.1 De nition

LetY be an extrinsic or measurement sequence of durdtiohM -dimensional samples. De ne
Y as theT M matrix representation of this sequence, similar to the d®n in Sec.2, Y =
[ydy2:y? 11° We assume that is a result of the process in a lower-dimensional MAR subspace
X, de ned by a nonlinear generative or forward mapping

Y =f(Xj)C+ V: (6)

f ()isanonlineaxk™ ! < L mapping,C isalinearL N mapping, and/ is a zero-mean unit
variance Gaussian noise.

To recover the intrinsic sequenge in the embedded space from sequeMck# is convenient
not to focus, at rst, on the recovery of the speci ¢ mappi@g Hence, we consider the family of
mappings wher€ is a stochastic matrix whose elements arecjid N (0; 1). Marginalizing
over all possible mappingds yields a marginal Gaussian Proce$S|[mapping:

Z
P(YIX;; )= PIIXC )P(Cj )dC
C

=@ )R X)] Texp STKLOGX) Y YY (7)

where

Ky (X ) = £ (XjO)F(X] )%+ e (8)
Notice that in this formulation th¥ ! Y mapping depends on the inner prodbic(X ); f (X)i.
The knowledge on the actual mappihgs not necessary; a mapping is uniquely de ned by spec-
ifying a positive-de nite kerneK , (X; X j ) with entriesK  (i;j ) = K(Xi;X;) parameterized by
the hyperparameter. A variety of linear and non-linear kernels (RBF, squareagntial, various
robust kernels) can be usedlag,. Hence, our likelihood model is a nonlinear Gaussian pi®ces
model,as suggested byj[

In this manner we have constructed a marginal Nonlineardrii®/namic System (MNDS)
model that describes the joint distribution of all measugaband all intrinsic sequences ifYax
space:

POGY s )= PXj)PYX; ;) 9)
The MNDS model has a MAR prid? (X ] ), and a Gaussian process likelihoBgYjX; ; ).
Thus it places the intrinsic sequencesin the space of all AR sequences. Given an intrinsic
sequenceX , the measurement sequentes zero-mean normally distributed with the variance
determined by the nonlinear kerrtelx andX.



3.2 Inference

Given a sequence of measuremevitone would like to infer its subspace representadionn
the MAR space, without needing to rst determine a particdamily of AR modelsAR(A),
nor the mappindC. (9) shows that this task can be, in principle, achieved usiegBayes rule
PXXjY; 55 ) PXJIPYIX ;).

However, this posterior is non-Gaussian because of theimeanl mapping and the MAR
prior. One can instead attempt to estimate the nXde

X :argm;(e\xflogP(Xj )+log P(YjX; ; )g (10)

using nonlinear optimization such as the Scaled Conjugeddiént in p].

To effectively use a gradient-based approach, one needsamaxpressions for gradients of
the log-likelihood and the log-MAR prior. Note that the egpsions for MAR gradients are more
complex than those of e.g. GP due to a linear dependency eeXvandX

3.3 Learning

MNDS space of sequences is parameterized using a set offeypereterg ; ; ) and the choice
of the nonlinear kernek . Given a set of sequence¥ (Vg;i = 1;::; S the learning task can be
formulated as the ML/MAP estimation problem

Y .
( 5 5 ik, =argmax  P(YOj;; ) (11)
o=l
One can use a generalized EM algorithm to obtained the MLnpeter estimates recursively from
E-step
(i) = X @i -
two xed-point equations: |\>/|< .arg maxx PO XE) 55
-step: 0
( & 5 )=argmax; ) iKzl P(YO; X055 )

3.4 Learning of Explicit NDS Model

Inference and learning in MNDS models result in the embegldirthe measurement sequente
into the space of all NDS/AR models. Givén the embedded sequencésestimated in Se@.3
and MNDS parameters ; , the explicit AR model can be easily reconstructed usingMthe
estimation on sequenceg, e.g. :

A =(X9X ) IX°X: (12)
Because the embedding was de ned as a GP, the likelihooditume (y;jx;; ; ) follows a well-
known result from GP theory

yixe N (5 2)
= YKy (X X)) Ky (X;X¢)
2 = Kyx (Xt; Xt) ny(X;Xt)Ony(X;x) 1ny(X;Xt):



—6—

The two components fully de ne the explicit NDS.
In summary, a complete sequence modeling algorithm coaositte following set of steps:

Input  : Measurement sequen¥eand kernel familyK yx

Output :NDS(A; ; )

1) Learn subspace embeddiMNDS (; ; ) model of training sequencés, Sec.3.3.
2) Learn explicit subspace and projection mod®&S (A; ; ) of Y, Sec.3.4

Algorithm 1: NDS learning.

3.5 Inference in Explicit NDS Model

The choice of the nonlinear kernkly, results in a nonlinear dynamic system model of training
sequencey . The learned model can then be used to infer subspace poniecif a new sequence
from the same family. Because of the nonlinearity of the eshdb®y, one cannot apply the linear
forward-backward or Kalman Itering/smoothing inferendgather, it is necessary to use nonlinear
inference methods such as (I)EKF or particle Itering/srtiong.

It is interesting to note that one can often use a relativiehpke sequential nonlinear optimiza-
tion in place of the above two inference methods:

Xy = arg mX?XP(ytht; ;P (XdX; 1A ): (13)

Such sequential optimization yields local modes of the posteriorP (X jY). While one would
expect such approximation to be valid in situations with gwbiguities in the measurement space
and models learned from representative training data, sper@nents show the method to be
robust across a set of situations. However, dynamics seqaayoa crucial role in the inference
process.

3.6 Example

We illustrate the concept of MNDS on a simple synthetic examponsider the AR modéR (2)
from Sec2. SequencX generated by the model is projected to the space <? 2 using a linear
conditional Gaussian mod®& (XC;1). Fig. 2 shows negative likelihood over the spa¥eof
the MNDS, a marginal model (GP) with independent Gaussiammgra GP with the exadR (2)
prior, and a full LDS with exact parameters. All likelihoodee computed for the xed . Note
that the GP with Gaussian prior assumes no temporal steigtuhe data. This example shows
that, as expected, the optimal subspace estimates of theSvihiialel fall closer to the “true” LDS
estimates than those of the the non-sequential model. Toipepy holds in general. Fi@ shows
the distribution of optimal negative log likelihood scoresmputed at corresponding , of the
four models over a 10000 sample ¥fsequences generated from the true LDS model. Again,
one notices that MNDS has a lower mean and mode than the mpisgal model, GP+Gauss,
indicating MNDS's better t to the data. This suggests thatiBIS may result in better subspace
embeddings than the traditional GP model with independewisSian priors.
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Figure 2: Negative log-likelihood of length-2 sequencedDbfsamples under MNDS, GP with
independent Gaussian priors, GP with exact AR prior and LOt8 the true process parameters.
“0” mark represents the optimal estimate inferred from the true LDS model. “0” shows optimal
estimates derived using the three marginal models.
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Figure 3: Histogram of optimal negative log-likelihood se®for MNDS, a model with a Gaussian
prior, and the LDS with the true parameters.
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4 Human Motion Modeling using MNDS

In this section we consider an application of MNDS to modgli the human motion from se-
guences of video images. Speci cally, we assume that onéstamecover two important aspects
of human motion: (1) 3D posture of the human gure in each imagd (2) an intrinsic represen-
tation of the motion.

We propose the following model in this context. Given a segeeof featureg; computed
from monocular images (such as the silhouette-based altentsnorientation histograms etc. ),
the mapping into the 3D pose space represented by jointayngie given by a Gaussian process
modelP (YjZ; ;) with a parametric kerneK,,(z; zj y,). An NDS is used to model the space
Y X of poses and intrinsic motio3(X; Y jA; ;  yx).

The jointconditionalmodel of the pose sequen¥eand intrinsic motiorX , given the sequence
of image featureg is approximated by

P(X,YJZA; vz yx) P(YjzZ, yz)P(X;YjA; ; yx): (14)

The reason for this approximation is practical—modeli@y jZ) rather thanP (ZY) yielded
better results and allowed a fully GP-based framework.

4.1 Learning

In the training phase, both the image featwtesnd the corresponding pos€ésare known. Hence,
the learning of GP and NDS models becomes decoupled and catbmplished using the NDS
learning formalism presented in the previous section anadsrd GP learning approachd].

Input : Image sequencg and joint angle sequendé
Output : Human motion model.

1) Learn Gaussian Process moB¢ljZ; ,,) using e.g. 9.
2) Learn NDS modeP (X; Y jA; ; yx) as described in Se8.

Algorithm 2: Human motion model learning.

4.2 Inference and Tracking

Once the models are learned they can be used for trackingeofidinan gure in video. Be-
cause both NDS and GP are nonlinear mappings, estimatingntyrose (distributiony; given a
previous pose and intrinsic motion space estimBtes 1;V: 1jZo:t) Will involve nonlinear opti-
mization or linearizion, as suggested in SBA&. In particular, optimal point estimates andy,
are the result of the following nonlinear optimization pierin:

(X¢;yy) = arg rQ;ayi(P(xtht AP (VX 5y )Pzt y2): (15)

The point estimation approach is particularly suited foraatiple-based tracker. Unlike some
traditional approaches that only consider the pose spgmegentation, tracking in the low di-
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mensional intrinsic space has the potential to avoid problassociated with sampling in high-
dimensional spaces.
A sketch of the human motion tracking algorithm is shown telo

Input :Imagez, prior point estimate$wt(i)1;xﬁi)l;yt(i)

motion model (GP +NDS).
Output : Current pose/intrinsic state estima(m{i); xﬁi);yt(i))jzo;;t
1) Choose the initialize estimateréi);yt(i)
neighbor matching iZ space.

2) Find optimal estima‘_[e(sd');yt('?) using nonlinear optimization iri).

3) Find point weightsv!” P (x"jx; 1; A)P (Y x5 LoP iz 10).

DiZot 1;1 = 1;::;S and Human

among the training datéX;Y;Z) using nearest

Algorithm 3: Human motion tracking.

We apply this algorithm to a set of tracking problems desatim Sec56.2.

5 Related Work

Manifold learning approaches to motion modeling have eté&@ signi cant interest in the last
several years. Brand proposed nonlinear manifold learthag maps sequences of the input to
paths of the learned manifol@]] Rosales and SclaroffL[)] proposed the Specialized Mapping
Architecture (SMA) that utilizes forward mapping for the ggestimation task. Agarwal and
Triggs [1] directly learned a mapping from image measurement to 3[@ pss1g Relevance Vector
Machine (RVM).

However, it is often advantageous to consider a subspaceyofte joint angles space that
contains a compact representation of the actual gure mothdon-linear manifold embedding of
the training data in low dimensional spaces using isométdture mapping (Isomap), Local linear
(LLE) and spectral embedding }, 11, 2, 18], have shown success in recent approaches).
While these techniques provide point-based embeddingbaithyppmodeling the nonlinear mani-
fold through exemplars, they lack a fully probabilisticarpretation of the embedding process.

The GPLVM, a Gaussian ProcesséS][model, produces a continuous mapping between the
latent space and the high dimensional data in a probabiliséinner §]. Grochow et al. §] use
a SGPLVM to model inverse kinematics for interactive congpanimation. Tian et al. 1[f] use
a GPLVM to estimate the 2D upper body pose from the 2D sillteuentures. More recently,
Urtasun et al. [7] exploit the SGPLVM for 3D people tracking. However these@aches
utilize simple temporal constraints in the pose space tfiahontroduce “dimensionality curse”
to nonlinear tracking methods such as particle Iters. Mxwer, such methods fail to explicitly
consider motion dynamics during the embedding processwOtk addresses both of these issues
through the use of MNLDS models.
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6 Experiments

6.1 Synthetic Data

In our rst experiment we examine the utility of MAR priors & subspace selection problem. A
2nd order AR model is used to generate sequences in dspace; the sequences are then mapped
to a higher dimensional nonlinear measurement space.
Xt = ArXy 1+ AXp 2+ W

Y1 = Xg1COSKy1) + Vi1

Y1 = Xg1SiN(Xg1) + Vo

Y3 = Xg2 + Vsl
An example of the measurement sequence, a periodic curdegeddwvtiss-roll surface, is depicted
in Fig. 4.

Figure 4: A periodic sequence in the intrinsic subspace hadrteasured sequence on the Swiss-
roll surface.

We apply two different methods to recover the intrinsic same subspace: MNDS with an
RBF kernel and a GPLVM with the same kernel and independenis§ian priors. Estimated
embedded sequences are shown in BigThe intrinsic motion sequence inferred by the MNDS

15
F I Y T T T W a0 s @ w0 2 w0 1% w0 &

Figure 5: Recovered embedded sequences:MNDS and GPLVMid/iBaussian priors.

model more closely resembles the “true” sequence in&ifjlote that one dimension (blue/dark) is
re ected about the horizontal axis, because the embeddirgganique up to an arbitrary rotation.
These results con rm that proper dynamic priors may haveiatuole in learning of embedded
sequence subspaces. We study the role of dynamics in tgairkthe following section.
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6.2 Human Motion Data

We conducted experiments using a database of motion cagdtador a 59 d.o.f body model from
CMU Graphics Lab Motion Capture Databasg [Similar to [1, 16] we utilize synthetic images as
our training data. Our database consists of seven walkiggesees of around 2000 frames total.
The data was generated using the software (3D model and Magads) generously provided
by the authors of 14, 135]. We train our GP and NDS models with one sequence of 250 same
and test on the remaining sequences. In our experimentsxelede 15 joint angles that exhibit
small movement during walking (e.g. clavicle and ngersnpiand use the remaining 44 joints.
Our choice of image features are the silhouette-based Athemds used inl[6, 10]. The scale and
translational invariance of Alt moments makes them su@abla motion modeling task with little
or no image-plane rotation.

A portion of the learned latent space is presented in &igith a few corresponding silhouette
images.

Figure 6: The learned 2-D latent space with of one walkingisege.

In the model learning phase we utilize the approach propase®kec.3. Once the model
is learned, we apply the tracking/inference approach in 8do infer motion states and poses
from sequences of silhouette images. Figlepicts a sequence of estimated poses. The initial
estimates for gradient search are determined by the neaeggtborhood matching in the Alt
moments space alone. To evaluate our MNDS model, we estiimatgame input sequence with
the original GPLVM tracking in [6]. Although the silhouette features are informative for faum
pose estimation, they are also prone to ambiguities sucheakeft/right side changes. Without
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proper dynamics modeling, the original GPLVM fails to estimthe correct poses because of this

 [nnan
LT
(UL

Figure 7: First row: Input image silhouettes. Remaining rows shovonstructed poses. Second row—
GPLVM model. Third ron—MNDS model.

The accuracy of our tracking method is evlgluated using thennRMS error between the true
and the estimated joint angle§[D(y;y) = % 4 i(yi y9dmod 18Cj. Fig.8 displays the
mean RMS errors over the 44 joint angles, estimated usiregttifferent models. The testing
sequence consists of 320 frames. The mean error for MNDS Inisierange3®  6°. The inver-
sion of right and left legs causes signi cant errors in thgimral GPLVM model. Introduction of
simple dynamics in the pose space similaritd| jwas not suf cient to rectify the “static’ GPLVM
problem.

RMS error in degree
~ IS >

RMS
~ -

RMS
N IS

0 50 100 150 200 250 300 0 50 100 150 200 250 300 0 50 100 150 200 250 300
frame numi ber frame number frame numi ber

Figure 8: Mean angular pose RMS errors. Left: MNDS model. Middle: iy GPLVM model. Right:
simple dynamics in the pose space.
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Fig. 9 shows examples of trajectories in the embedded space pornéimg to the pose esti-
mates. The points inferred from our MNDS model follow thelptiat is de ned by the MAR
model, making them temporally consistent. The other twoho@$ produced less-than-smooth
embeddings.

Figure 9: Left: 2D latent space estimates using MNDS. Middle: latguatce estimates using the original
GPLVM. Right: latent space estimates with simple dynamidhe pose space.

We applied the algorithm to tracking of various real monacuinage sequences of the human
motion. The data used in these experiments was the sideeigueace in CMU mobo database
made publicly available under the HumanlID projedt [Fig. 10 shows one example of our track-
ing result. This testing sequence consists of 340 framesal® a slight mismatch in motion
dynamics between the training and the test sequences,steacted poses are not geometrically
perfect. However the overall result sequence depicts ssjiiluwalking motion that agrees with
the observed images.

It is also interesting to note that in a number of trackingexkpents it was suf cient to carry a
very small number of particles (1) in the point-based tracker of Alg.3. In most cases all pkas
clustered in a small portion of the motion subspXceeven in ambiguous situations induced by
silhouette-based features. This indicates that the pcesehdynamics had an important role in
disambiguating statically similar poses.

7 Conclusions

We proposed a novel method for embedding of sequences ibspaaes of dynamic models. In
particular, we propose a family of marginal AR (MAR) subspa¢hat describe all stable AR
models. We show that a generative nonlinear dynamic sysi#d®s) can then be learned from
a hybrid of Gaussian (latent) process models and MAR priargjarginal NDS (MNDS). As
a consequence, learning of NDS models and state estintagickihg can be formulated in this
new context. Several synthetic examples demonstrate tteapal utility of the NDS framework
and display its advantages over traditional static methodiynamic domains. We also test the
proposed approach on the problem of the 3D human gure treckn sequences of monocular
images. Our preliminary results indicate that dynamicalynstructed embeddings using NDS
can resolve ambiguities during tracking that may plagugcstées well as less principled dynamic
approaches.
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ARR

Figure 10:First row: Input real walking images. Second row: Imageaikttes achieved by background
subtraction. Third row: Side view of the reconstructed poSerth row: Front view of the reconstructed
pose.
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In our future work we plan to extend the set of evaluations gatther more insight into the-
oretical and computational properties of MNDS with lineadaonlinear MARs. In particular,
our on-going experiments address the posterior multimtydial the embedded spaces, an issue
relevant to point-based trackers. We also plan to extendN® formalism to collections of dy-
namic models using the switching dynamics approaches ag aMaaodeling a general and diverse
family of temporal processes.

8 Appendix: MAR Gradient

Log likelihood of MAR model is, using4) and leaving out the constant term,
N .1
L= E|ogJKXXJ ot K XX © (16)

with Ky« = Ky (X; X ) de ned in (5). Gradient ofL with respect toX is

@L_@x @L@kK ., @L
@X @X@K: @X = @X,

X can be written as a linear operator Xn

(17)

0 |
X = X: = ey laoyay . 18
0 Oy (18)

where0 and| denote zero vectors and identity matrices of sizes spedneitie subscripts. It is
now easily follows that

L
%= O NK,,' K IXXXK, ' X+ KX (19)
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