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Abstract

We proposea hew model for the probabilistic
estimation of contin uous state variablesfrom
a sequenceof obsenations, sud as tracking
the position of an object in video. This map-
ping is modeledas a product of dynamics ex-
perts (features relating the state at adjacert
time-steps) and obsenation experts (features
relating the state to the image sequence).In-
dividual featuresare exible in that they can
switch on or 0 at ead time-step depend-
ing on their inferred relevance (or on addi-
tional side information), and discriminative
in that they need not model the full gener-
ative likelihood of the data. When trained
conditionally, this permits the inclusion of a
broad rangeof rich features(for example,fea-
tures relying on obsenations from multiple
time-steps), and allows the relevance of fea-
tures to be learned from labeled sequences.

1. Intro duction

Many real-world problems involve estimating a time-
seriesof continuous state vectors from a sequenceof
high-dimensional obsenations. Examples include in-
ferring a trajectory of stock valuesbasedon the evo-
lution of various economicindicators; tracking a pa-
tient's vital health signs through a myriad of symp-
toms; and nding the trajectory of a moving object
in a video. A standard probabilistic approach isto t

the obsenations with a generative state-spacemodel
(SSM). Thesemodels proposethat the state is a latent
variable which ewlves over time, and at ead step is
responsible for generating a noisy obsenation. State
estimatesare obtained from obsenations by inverting
the probability model via Bayes' rule. A canonical
example of a SSM is the Kalman lIter, which mod-
elsboth the state dynamics and obsenations aslinear
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functions of the state, corrupted by Gaussian noise,
which leadsto a Gaussianposterior distribution over
the state at any time. Extensions of the Kalman I-
ter allow for non-linearities in the state dynamics, and
the relationship between the state and the obsena-
tions, and also extend the posterior state distribution
to be multi-mo dal.

Although highly successful,SSMs su er some disad-
vantages. First, for computational tractabilit y, SSMs
usually assumethat obsenations are conditionally in-
dependert of eat other giventhe state. Thusthe esti-
mate of the state at a particular time can directly de-
pend only on the obsenations at that sametime (and
the previous state), precluding the direct inclusion of
evidencederived from obsenations acrossa range of
time. Second,the relationship between state and ob-
senation at every time-step in an SSM is mediated
through a single, identical likelihood function, which
must generatethe ertire high-dimensionalobsenation
givenonly the value of the state. Crafting suc alikeli-
hood can be challenging, sinceit requiresthe ability to
accurately model all aspectsof the obsenation, includ-
ing thosethat areirrelevant with respectto predicting
the state.

An alternativ e approad, which we pursue here, is to
directly model the conditional (posterior) distribution

of the states given the obsenations. We propose t-

ting the posterior with a weighted log-linear combi-
nation of dynamics features (relating states at di er-

ernt time-steps) and obsenation features (relating the
state to the obsenation sequence). Features are dis-
criminativ e, leveragedto predict the state from the ob-
senations, thus avoiding the problem of explaining the
high-dimensionalobsenations facedby generative lik e-
lihoods. Using a conditional model also removes the
need to assumeindependenceof obsenations, hence
ead feature may incorporate evidencefrom any num-
ber of obsenations. Additionally, a wide variety of
obsenation featuresmay be combined and the system
can learn, through supervisedtraining, which features
are relevant for any given task. Our system also in-
cludesthe ability at eat time-step to switch between
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di erent dynamic features, and to selectiwely shut o
unreliable obsenation features.

A canonical application of this approad involves
tracking a moving object in a video as it follows a
complicated trajectory. Consider watching a basket-
ball game,and trying to just follow the ball. Generat-
ing a full description of the scene,including the com-
plex interaction of all the players, based on the ball
position at any time is hopeless.Howewer, obtaining a
estimate of the ball's location from the imageis consid-
erably easier,asfeaturessuc ascolour and shape can
be highly discriminative. In addition, understanding
the basic dynamics of the ball motion can be usefulin
tracking it even asit disappearsbehind someplayers.

We begin in Section 2 with a detailed description of
our model, followed by details on inferenceand learn-
ing (Section 3). We relate our model to similar ap-
proachesin Section4. Finally, in Section5, we apply
our model to a realistic tracking problem|estimating
the position of a basketball in avideo|using anumber
of di erent dynamics and obsenation features.

2. Mo del

Given a sequenceof obsenations Y and correspond-
ing sequenceof states X, we construct a model of the
conditional distribution of X given Y. The model
comrbines a set of dynamics features f (X; 1;Xt) for
j = 1;:::;3J, and obsenation features gg(x¢;Y) for
k = 1;:::;K. The basic model then combines these
featuresto provide a description of the conditional dis-
tribution:
0 1

xT KT
P(XjY)/ exp@ fi(Xe 15%x¢) +

jit=2

ok (x; Y)A
k;t=1

In our model, both the dynamics and obsenation fea-
tures can be viewed as functions that predict the state
Xt. That is, assaiated with ead dynamics feature
fj (X¢ 1;X¢) is afunction j(x: 1), and with ead ob-
senation feature gx(x¢;Y) a function (Y ;t). Each
feature then computes the distance between x; and
its respective function, scaledby somelearned set of
parameters:

T e D) 0 0 )

%(xt YT ke w(Y50):

fi(Xy 1;%e) =
Ok(X¢;Y) =
The range of possiblefunctions () and () is broad,

including any o -the-shelf method of predicting the
state from other states or obsenations. In this paper

we will restrict our attention to linear functions for the
dynamics:

j(Xt 1) =Tjx¢ 1 d

For example,in describingthe motion of object in two
dimensions,x; caninclude a pair of componerts for its
position, velocity, and acceleration,and (T ; d;) could
correspond to constart-velocity and no acceleration,or
constart acceleration.

Table 1. A summary of notation

X = [xyp:::x7] state sequence

Y = [y1:::yr] obsenation sequence

fi(X¢ 1;%t) j ™ dynamics feature function,
i its parameter
i(Xt 1) its prediction function

Ujt binary switch on dynamics

Fi(Y;t) dynamics switch potential
g (X¢;Y) k™ obsenation feature function,
K its parameter
k(Y ;1) its prediction function

Vkt binary switcheson obsenations
G(Y ;1) obsenation switch potential

When including a large number of features, it is likely
that at any given time, some of them give very poor
predictions, and their contributions should be disre-
garded. This problem can be addressedby making
the set of features exible; at ead time-step features
can be turned o (meaning that their prediction will
not be included in the state estimate) basedon their
inferred relevance. This is accomplishedthrough the
intro duction of hidden binary switch variables, uj; and
Vkt, onefor ead feature at ead time-step.

Obtaining an accurate estimate of the state there-
fore is highly dependert on appropriately setting the
switches, to only include the relevant featuresin the
state represertation. One piece of information po-
tentially relevant to determining the switchesinvolves
evaluating the agreemenm betweenthe feature predic-
tions; intuitiv ely a feature making a very divergert
prediction canbeswitchedo . Often, there is informa-
tion available in the obsenations to suggestwhich dy-
namics/obsenation features might be relevant. This
side information is captured by including learned po-
tential functions for ead switch, F; and G¢, which
again can be o -the-shelf classi ers, trained discrimi-
natively in the sameframework.

Putting thesetogether, we arrive at the following log-
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probability of X givenY :

X X
L = log exp fi (Xt 1;X)ujet
u;v t;j tk

G (Y ;) Vit

Ok (Xt Y )it

X X
+ Fi (Y tue +
t;j tk

logZ(Y):

whereZ (Y') is the distribution's normalizing function,
or partition function.

Note that becausethe switches are hidden, when we
integrate over our uncertainty for the switcheswe ef-
fectively get a mixture-of-Gaussian prediction for the
posterior state distribution at time t, which allows us
to eleganly capture multimo dality. Further, during
inference,the posterior distribution over switches will
capture the prokability that a given feature is going to
be of useat that point in the sequence.

The non-switching or \non- exible" version of this
modellwhere u;; = vkt = 1|is an interesting special
case. Becausethe dynamics and obsenation features
are quadratic in X, the resulting conditional distri-
bution is Gaussian. This provides some advantages:
exact inference, partition function, and gradient com-
putations can be done e cien tly, and learning (with
respect to ; and ;) becomesa corvex problem.
Practically, however, there are two considerable dis-
advantages. First, becausethe Gaussianis unimodal,
the resulting state distribution will be unimodal at all
time-steps; this canleadto an inabilit y to recover from
errors in the state prediction. Second,the prediction
is no longer robust, which meansthat only dynamic
features which are all simultaneously applicable can
be included, and obsenation features must be always
accurate.

Figure 1. Factor graph of the model for two time-steps.

The parameters of the feature functions, ; and
can be learned using a straight-forward application of
the Contrastive Divergencelearning algorithm (Hin-
ton, 2002). Contrastive Divergenceis an approxi-
mate gradient-descernt in parameter space, used in

undirected graphical modelswith intractable partition
functions.
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3. Inference

Given a sequenceof obsenations, inferring the cor-
responding state sequenceconsists of computing the
probability distribution P(XjY). Performing this cal-
culation directly is infeasible, unfortunately, since it
requires marginalization over all possible settings of
the hidden variables, u;; and vi;. Howewer, sewral
variational and approximation schemesreadily apply
to this formulation. Here we focus on a particular
MCMC method that exploits special structure in the
model to allow e cien t approximate inference.

Giventhe hidden variables, the state sequenceX forms
an (undirected) linear-Gaussian Markov chain, thus
P(XjU;V;Y) can be readily computed. Similarly,
given the state sequencethe switches are condition-
ally independen, soinferenceof P(U;V jX;Y) is easy
From these facts, we arrive at a simple method for
drawing samplesfrom P(X;U;VjY).

1. Obtain aninitial estimateO;V of the switch vari-
ables. For example, these can be based on the
side-information provided by featuresF; and G.

2. Infer P(XjO;V;Y), a Gaussianin X, and draw
from it a state sequencesample X .

3. Infer P(U;ij ;Y), and from it draw samplesof
the switchesO and V..

4. Goto 2, and repeat this sampling procedure for
the desired number of iterations.

We now presert a message-passingtheme for infer-
ring the state given the switches, followed by a pair of
simple equations for inferring the switches given the
state. Each iteration of this scheme (and of learning)
has a computational cost that scaleslinearly in the
length of the sequenceand the number of obsenation
and dynamics features, but, like Kalman smoothing,
scalescubically in the dimensionality of the state.
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3.1. Inferring State X given Switc hes U;V

Given the switches and obsenations, the belief prop-
agation algorithm can be used to exactly compute
the marginal P(x{jU;V;Y) and pairwise marginal
P(xt 1;X{jU;V;Y) distributions. Thesecan be used
to draw samplesof the state sequence,as well as to
compute the expectations (1) required for learning.
Note that becausethe features are quadratic in X,
the marginals and pairwise marginals will be Gaussian
distributions.

Inference using belief propagation requires a two-
phasemessageassingscedule, much like the Kalman
smoother; messagesare passedforward, from the be-
ginning of the state sequenceo the end, and badkward
in the opposite direction. Each messageconsistsof a
Gaussiandistribution, with mean vector and preci-
sion matrix  (which, for notational corvenience,we
will usein place of the inversecovariance matrix). As
in Kalman smoothing, the messagesan be written re-
cursively, ead in terms of the messagepreceding it.
We will break this into four steps: forward prediction
of x; givenx; 1, forward correction to incorporate ob-
senations at time t, backward prediction of x; given
Xt+1 , and badckward correction.

To beginwith, we de ne a number of terms which will
appear se\eral times in the message-passingquations.
Note that becausethey depend on the switches,these
terms must be recomputed at ead time-step.

X X
A= iUt B = k Vit
X X ]
T= jTJ‘th TT-= T]- jTJ‘th
X X
d= jdjl.ljt T d= Tj jdjujt
j j
0_ X .
Yi = k k(Y t)Vie
k
Forward Prediction:
gt 1=A  T(T T+ [T
gt 1= (ge 1) M T(T T+ tf )t
({101 T+ d
Incorporating Evidence (forward correction):
tf: ft 1+ B I:(tf) Yogo o1 oge 1+ YD
Backward Prediction:
ez = T T TT(A+ tl?i-l) tT
e = (Cgjeen) Y TTA+ At
(tb+1 ?+1+ d T d

Backward Correction:

o= tjte1 + B b= (D) X e tjter ¥ YD)

The marginal distribution of x; can be obtained by
multiplying all messagesoming into it:

t= 4t 1+ B+ in

0 }
(o) X it 1 tit 1F Yot ter tjte1 )

t

The pairwise marginal distribution is obtained by mul-
tiplying together the forward messageinto x; 1, the
backward messageinto X;, and an additional fac-
tor arising from the dynamics features. The result-
ing mean is simply the concatenation of the marginal
means,(X; 1;Xt), and the precisionis sum of the pre-
cisionsfrom the messagesnd dynamics factor

ot 2¥B+T T TT
L T A+B+ g

3.2. Inferring Switc hes U;V given State X

As mentioned above, given the state sequencethe
switch variables are independert, thus P(U;VjX;Y)
factorizesinto a product of simple distributions.

The posteriors of the obsenation switchesvy; are in-
dependert Bernoulli distributions, with probability

(exp(@ (xt; Y) + G(Y ;1))

where () is the logistic function (x) = 1=(1+ e *).
The posterior distribution of the dynamics switches
u;; at ead time-step is Multinomialla  discrete choice
over J options. The probability that switch k is on at
time t is

P(vkt = 1) =

exp(fj (x¢ 1;%¢) + Fj(Y ;1))
joexp(fjo(xe 13%t) + Fjo(Y;t))”

P(th = 1): P

4. Related Work

Our approad hasnotable similarities to previouswork
using Conditional Random Fields (CRFs) (Laerty
et al., 2001)and also Products-of-Experts (PoE's) and
energy-basedmodels (Hinton, 2002; Teh et al., 2003),
and indeedin someways can be considereda variant or
extensionof either of theseframeworks. Howeer, typ-
ically CRFs are concernedwith discrete statesand in-
clude simple, discrete features (such as delta-function
indicator-variables). In contrast our model works with
a combination of cortinuous and discrete state, in-
corporates unobsened latent variables during train-
ing and testing, and employs cortinuous-\valued fea-
ture functions. Someof theseelemeris have beenused
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individually in other modelsproposedrecertly, suc as
(Quattoni et al., ; Sudderth et al., ), but to our knowl-
edge the particular combination of these elemerts is
novel to the model preseried here. Likewise, PoE's or
energy-basednodelshave beenpredominartly applied
to modelling the full joint density, rather than the con-
ditional posterior asin our case. Within this classof
models, our work has somecommonalities with expo-
nertial family harmoniums (Welling et al., ), wherewe
use Bernoulli/Multinomial and Gaussianlayers, with
the extension in our model that this distribution is
conditioned on a set of obsenation features, and that
the Gaussiansunits have a linear chain dependency
Our work also bearssomesimilarities to the Fields-of-
Experts (Roth & Black, 2005), in the sensethat we
learn an undirected, translation-invariant dependency
structure.

Our model draws additional inspiration from se\eral
approadiesin the general sequettial state-estimation
literature and it shares some commonalities with
models based around switching state space models
(switching-SSMs) (Ghahramani & Hinton, 2000). As
with our work, thesegenerative modelsemploy a set of
switches that select between distinct state-transition
functions, as well as having switch-dependert emis-
sion distributions.  Switching-SSMs typically couple
the switch states through time in a directed Markov
chain; although we currently do not do this, it would
be a computationally feasibleextensionto our model.
In relation to switching-SSMs, our model is able to
leveragethe usual advantages of discriminativ e train-
ing in conditional models| namely that the switch
variable can be set up to have a rather rich depen-
dency on the obsenation sequencewithout incurring
extra diculties with inference or tractabilit y. Our
model di ers from switching-SSMsin another impor-
tant way: SSMs t the joint probability of state and
obsenations, whereasour model disregards the ob-
senation density, instead tting only the conditional
probability of state given obsenations.

With respect to the particular application to object
tracking, a number of models employing CRF-style
approades have recertly been suggested, including
(Sminchisescu et al., 2005; Taycher et al.,, 2005).
While our approach shares some of the same mod-
elling philosophiesas these approades, including em-
ploying a variety of features, discriminativ e training,
and dynamic models, the overall form and componerts
of our approad is signi cantly dierent. Also from
the broader tracking literature there are seweral ap-
proachesthat have someaspectsin common with our
work. In particular, Collins et al. (2005)sharesthe no-
tion that it is advantageousto have a candidate pool

of medhanisms to estimate the object position, and
to swap thesein and out basedon their local perfor-
mance and consistency However, this model has no
explicit represenation of dynamics, and is restricted
to simpler features than those in our framework. In
a similar vein, Forsyth and Ponce (2002) suggestsan
approad that employs a Kalman Iter in conjunction
with \gated" obsenations. Lastly, we note that Isard
and Blake (1998) use particle Itering and a switch-
ing dynamics model to follow a simple bouncing ball,
which in uenced our choice of an illustrativ e experi-
ment using a bouncing ball in a more realistic setting.

5. A visual trac king application

As a test of our model, we apply it to the problem of
tracking the position of a basketball in video. Here, we
show that by combining seweral di erent simple (and
often unreliable) obsenation and dynamics features,
we can obtain a reliable tracker.

In this setting the obsenations are a sequenceof
grayscaleimages. For the state at time t we usea 6-
dimensionalvector encaling the position, velocity, and
acceleration of the ball. Augmernting the state-space
with velocity and accelerationis a standard transfor-
mation (Forsyth & Ponce,2002),allowing higher-order
dynamicsto be modeled using featuresthat only look
at pairs of temporally adjacert states. Training data
consistsof a sequenceof images,aswell asthe ground
truth locations of the target object (with velocity and
accelerationcomputed via nite di erencing).

In our tracker, we include eight dierent obsena-
tion features. The rst six are basedon small tem-
plate images. Given an obsenation image, ead tem-
plate is compared (e cien tly, using corvolution) to
all possiblesub-patchesin the image,and (Y ;t) re-
turns the location of the most-similar patch basedon
sum-of-squaresdistance. The next feature usesa 3-
componert principal componerts analysis (PCA) sub-
space. Again, the subspaceis applied to all areas of
the current image,and () returns the location of the
image patch with lowestsum-of-squaregeconstruction
error. The nal feature is basedon temporally-local
badkground subtraction. It takes v e obsenation im-
ages(the current, two proceeding, and two following
images), computes the mean image, and returns the
point in the current imagethat di ers most from this
mean (after Gaussianblur of the di erence image). As
expected, this feature canwork well whenthere is only
one rapidly-moving object, but can be very unreliable
whenthere is any other motion (including cameramo-
tion) in the image. None of these features are able
to estimate the velocity or acceleration,thus for these
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dimensionsof the state the ()'s always predict zero.
Note that in our model it is perfectly acceptablefor a
feature to consideronly a subsetof the state dimen-
sions.

For ead of these obsenation features we include
side-information to help determine the values of the
switches. For the template and PCA features,we com-
pute the sum-of-squaresrror of the best-matching im-
agepatch, and for the badkground subtraction feature,
we compute the maximum squareddi erence between
the current and mean images. Each switch potential
G takesa (di erent) linear combination of thesevalues
and returns the result. Thus eah G¢ can be thought
of as a logistic-regressionclassi er, attempting to de-
termine the obsenation switchesvy; using only infor-
mation from the obsenation images.

Four dynamics features are included, ead using a lin-
ear predictor of x; from x; ;. We do not include any
side-information for the dynamics, thus F; is simply a
constart bias.

5.1. Tracking a basketball

The video data for this evaluation consisted of four
video sequences,totalling around 8400 frames, for
which the ground truth location of the basketball was
obtained by hand. We trained two separatetrackersto
evaluate performanceduring weak and strong general-
ization scenarios.In the rst experiment we usedone
sequencegreferred to as Simon 1796 frames) cortain-
ing a single player bouncing, throwing and dribbling
a basketball. The tracker was trained using the rst
500frames (as well asthe corresponding ground truth
points) and tested on the remaining frames. In the sec-
ond experiment we usedthree sequence which play-
ers passa basketball by rolling (roll , 1556 frames),
bouncing (bounce, 1897 frames), and by both rolling
and bouncing (roll+bounce , 3126 frames). Here the
tracker was trained on the rst 500 frames of roll
and bounce, and tested on the held-out roll and
bounce frames (weak generalization), aswell ason the
previously-unseenroll+bounce sequencegstrong gen-
eralization).

To train the template features, we extracted 19 19-
pixel image patches of the basketball from the train-

ing images. The rst v e templates were obtained by
running K-means clustering on the patches, while the
sixth was simply one of the training patches(we chose
the last image). The PCA model was also t using
thesetraining patches. The linear parameters of the
switch potentials G were t using logistic regression.
Although they can often correctly locate the basket-
ball, none of the featuresis always \on the ball". The

Table 2. Fraction of time that eac obsenation feature cor-
rectly locates the ball in the Simon sequence:the ground
truth, and as estimated by our tracker.

Feature Locatesthe ball
True Estimated
K-means 1 0.34 0.36
K-means 2 0.53 0.53
K-means 3 0.61 0.61
K-means 4 0.63 0.60
K-means 5 0.63 0.63
Last training patch | 0.33 0.34
PCA 0.81 0.81
Background Sub. 0.08 0.83

reliability of eac obsenation feature (the frequency
with which it predicts a location within 5 pixels of the
basketball), and the frequencywith which our tracker
switchesit on at test time are given in Table 2. The
most reliable feature is PCA (0.81), and the \back-
ground subtraction" feature (0.08) is the least.

To train the dynamics features (T; and dj), in the
rst experiment we hand-segmeted the ground-truth
states from the training data into four regimes: ying
(the basketball in free-ight), holding (the basketball
in the hands of the player), bouncing o the ground,
and bouncingo the wall. The parametersofead | ()
were chosento minimize kx; (T;x; 1+ d;)k for the
set of corresponding ground-truth states. Segmeting
the data can be time consuming, soin the secondex-
periment we used manually-chosendynamics features,
corresponding to igh t, rolling, bouncing, and holding.

Finally, the feature precisions ; and , aswell asthe

logistic-regressionparameters, were re ned using 300
iterations of Contrastive Divergencelearning. Given

the learned model, we track the basketball by apply-

ing 20 iterations of the inference method described in

Section 3, producing an estimate of the state sequence
and the switches.

5.2. Results

To quartitativ ely assesshe trackers' performance,for
ead of the test sequencesve computed an error rate
de ned to be the fraction of framesin which the pre-
dicted state wasmore than 5 pixels away from the true
location of the basketball. As a baseline,we also at-
tempted to track the sequencesising an SSM, specif-
ically a Kalman lter t to the training data. We
experimernted with including dierent subsetsof the
obsenations features, aswell asincluding/not includ-
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ing velocity and acceleration in the state, but in all
casesthe Kalman Iter performed very poorly. For
further comparison,we applied the incremertal visual
tracker (IVT) recertly proposedby Lim etal. (). IVT
uses particle- Iter dynamics with a PCA likelihood,
and has demonstrated good performance.

The result of tracking the Simonsequencds shown in
Figure 2. As can be seenthe basketball is tracked well
throughout the sequence.Although the tracker loses
the ball briey on four occasions,it quickly recovers.
The error rate of the tracker was0.1196,versus0.7229
for the Kalman lIter. The IVT wasable to track the
rst part of the sequencewithout error, but it lost
track of the ball after 688 frames and was unable to
recover, resulting in an error rate of 0.613.

The results of the secondexperimert are shown in Fig-
ure 3. The error rates for the tracker were 0.02080n
roll , 0.07660n bounce, and 0.10040n roll+bounce .
The corresponding rates for the Kalman Iter were
0.8333, 0.9434, and 0.9697. The IVT tracked the
rst 700 frames of roll , 125 frames of bounce, and
730framesof roll+bounce beforefailing, giving error
rates of 0.37, 0.919, and 0.767. The discrepancy in
error rates between the three trackers highlights the
di cult y in choosing an appropriate metric for quan-
titativ ely comparingtracking results. However, we feel
that fraction of time \on-the-ball" seemsthe most ap-
propriate measurefor this application.

5.3. Dealing with missing observ ations

To test our model's ability to deal with missing ob-
senations, and the quality of the learned dynamics
features, we modi ed the above sequenceso that all
obsenation features would be o for 20 consecutive
frames, while the ball is in free ight. Occlusionis a
notoriously dicult problem for tracking, as state-of-
the-art trackers perform simple di usion until telltale
obsenations enable the tracker to locate the object.
(Jepsonet al., 2001)

The result can be seenin Figure 2 (lower-right im-
age). The model is able to successfullytrack through
the 20-frame (98-pixel displacemen) simulated occlu-
sion. Note that the uncertainty in the state estimate
(indicated by blue circles of one standard deviation)
grows during the missing obsenations, peaking at the
middle of the occlusion.

6. Discussion

We have preserted a novel framework for inferring
complex tra jectories from high-dimensional and noisy
data. One of the key advantages of our approad is

that we have complete exibilit y about the obsena-
tion and dynamics featuresthat we usein our model.
The discriminativ e learning procedure can appropri-
ately weight the con dence of di erent predictors, as
well as integrating these predictions over time with a
versatile dynamics model, and learning to e ectiv ely
gate in and out dierent features basedon their in-
ferred accuracy and relevance. Although the features
used in this paper are relatively simple, we still ob-
tain impressive results. One exciting prospect is the
possibility of using rather more powerful predictors in
combination | for instance one could use as obsena-
tion featuresthe outputs from state-of-the-art object
detectors, or even other trackers We could alsousein-
formation from multiple frames(for exampleestimated
optical ow) to help make predictions.

Our model can also readily be extended by improv-
ing the side information that constrains the inference
of which featuresto use. Our current model does not
utilize side information to help select the dynamics
switches; someinteractions could be used here to im-
prove performance. Also, the switches are condition-
ally independert at ead time-step. Whilst it might
not be practical to coupleall the obsenation switches
over time, it seemsfeasible to take the multinomial

switches cortrolling the dynamics and couple them
in a linear Markov chain. Inference (for smoothing)

would then consist of a forwards-bakwards pass of
belief propagation for both the cortinuous state and
the dynamics switches,whilst the obsenation switches
would remain conditionally independert giventhe con-
tinuous state.

One of the main drawbadks of our approad is that we
require afully labelled sequenceo train on, andin cer-
tain applications suc data (and in su cien t quarntities
to constrain all the parameters of the model without
encourtering problems with over tting) may be hard
to comeby. A simple way around this would be to
bootstrap from other tracking methods, using them
to provide an initial labelling of sequencedor train-
ing and using human intervention only on the more
challenging segmets.

In addition to incorporating more powerful features,
there are a number of other interesting directions in
which this work may be taken. One areathat we have
started to explore is the performance of dierent in-
ferencealgorithms. The dependency structure of our
model allows for a relatively e cient MCMC proce-
dure for obtaining samplesfrom the conditional poste-
rior. Other (approximate) inference methods such as
variational approximations, particle ltering or non-
parametric belief propagation may also be of use in
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Figure 2. Tracking a basketball (Simonsequence). The full video is available at http://www.cs.toron to.edu/ dross/cdf_

icml06/.

The location of the ball, as predicted by the model, is given in blue. The locations predicted by the eight

obsenations are drawn as yellow boxes (if the corresponding switch is 1) or as red circles (if the switch is 0). The ball is
successfully tracked during fast motion (frame 594), when bouncing o the ground (607) and the wall (636), and when
dribbled by the player (825). The model doeslosetrack of the ball when it is occluded (1088), but quickly recovers when
the ball becomesvisible again (1106). The dynamics allow the ball to be tracked even when all obsenation features'
predictions are erroneous (and one bad feature is on!) (1214). The model can also cope with motion of the camera
(1393). (MISSING DATA: lower right) The basketball is successfullytracked through a 20-frame (98 pixel displacemert)

simulated occlusion.

our model, particularly for real-time or online/ ltering
applications.

Another interesting direction for this work might be
the inclusion of multi-mo dal obsenations and multi-

sensoryfusion for inference of state. The featureswe
use need not entirely constrain the state, and one of
the strengths of our model is that it is able to combine
many weak predictors to give a single good estimate
of state. As a example relative to the experiments
preseried here, one could imagine a simple auditory

cue as being rather useful in inferring the occurrence
of a bounce| potentially allowing us to deal with

changesin behaviour even when the ball is visually
occluded.

Moving beyond the scope of tracking applications con-

sideredhere, the generalideasbehind our model seem
to hold promisefor a wide range of applications | ex-
amples under consideration include articulated body
recovery, prediction of nancial time series,and exi-

ble combination of stereoscopicdepth predictions.

References

Collins, R., Liu, Y., & Leordearu, M. (2005). On-line
selection of discriminativ e tracking features. |IEEE
Transaction on Pattern Analysis and Machine In-
telligence, 27, 1631{ 1643.

Forsyth, D. A., & Ponce,J. (2002). Computer vision:
A modern approach. Prentice Hall.

Ghahramani, Z., & Hinton, G. E. (2000). Variational



Com bining Discriminativ

e Features to Infer Complex Tra jectories

Figure 3. Results on the roll , bounce, and roll+bounce sequences. The full videos are available at http://www.cs.

toronto.edu/ dross/cdf _icml06/.

learning for switching state-spacemodels. Neural
Computation, 12, 831{864.

Hinton, G. E. (2002). Training products of experts by
minimizing cortrastiv e divergence. Neural Compu-
tation, 14, 1771{1800.

Isard, M., & Blake, A. (1998). A mixed-state Conden-
sation tracker with automatic model-switching. Pro-
ceadings of the International Conference on Com-
puter Vision (ICCV) .

Jepson, A. D., Fleet, D. J.,, & El-Maraghi, T. F.
(2001). Robust online appearancemodels for visual
tracking. CVPR (pp. 415{422).

Laerty, J., McCallum, A., & Pereira, F. (2001). Con-
ditional random elds: Probabilistic modelsfor seg-
merting and labeling sequencedata. International
Conferena on Machine Learning (ICML) .

Lim, J., Ross,D. A, Lin, R.-S., & Yang, M.-H. Incre-
mental learning for visual tracking. In L. K. Saul,
Y. Weissand L. Bottou (Eds.), Nips 17.

Quattoni, A., Collins, M., & Darrell, T. Conditional
random elds for object recognition. In L. K. Saul,
Y. Weissand L. Bottou (Eds.), Nips 17.

Roth, S., & Black, M. J. (2005). Fields of experts: A
framework for learning image priors. CVPR.

Smindhisescu,C., Kanaujia, A., Li, Z., & Metaxas, D.
(2005). Discrimintativ e density propagation for 3d
human motion estimation. CVPR.

Sudderth, E. B., Mandel, M. |., Freeman,W. T., &
Willsky, A. S. Distributed occlusion reasoning for
tracking with nonparametric belief propagation. In
L. K. Saul, Y. Weissand L. Bottou (Eds.), Nips 17.

Taycher, L., Shakhnarovich, G., Demirdjian, D., &
Darrell, T. (2005). Condition random people: Track-
ing humanswth crfs and grid Iters (Tednical Re-
port 2005-079).MIT-CSAIL.

Teh, Y., Welling, M., Osindero, S., & Hinton, G. E.
(2003). Energy-basedmodels for sparse overcom-
plete represenations. Journal of Machine Learning
Resarch, 4, 1235{1260.

Welling, M., Rosen-Zvi,M., & Hinton, G. Exponertial
family harmoniums with an application to informa-
tion retrieval. In L. K. Saul, Y. Weissand L. Bottou
(Eds.), Nips 17.



