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omAbstra
t. This paper introdu
es a novel probabilisti
 model for repre-senting obje
ts that 
hange in appearan
e as a result of 
hanges in pose,due to small deformations of their sub-parts and the relative spatialtransformation of sub-parts of the obje
t. We 
all the model a proba-bilisti
 montage. The model is based upon the idea that an image 
anbe represented as a montage using many, small transformed and 
roppedpat
hes from a 
olle
tion of latent images. The approa
h is similar tothat whi
h might be employed by a poli
e artist who might representan image of a 
riminal suspe
t's fa
e using a montage of fa
e parts 
utout of a "library" of fa
e parts. In 
ontrast, for our model, we learn thelibrary of small latent images from a set of examples of obje
ts that are
hanging in shape. In our approa
h, �rst the image is divided into a gridof sub-images. Ea
h sub-image in the grid a
ts as window that 
ropsa pie
e out of one of a 
olle
tion of slightly larger images possible forthat lo
ation in the image. We illustrate various probability models that
an be used to en
ode the appropriate relationships for latent imagesand 
ropping transformations among the di�erent pat
hes. In this pa-per we present the 
omplete algorithm for a tree-stru
tured model. Weshow how the approa
h and model are able to �nd representations of theappearan
e of full body images of people in motion. We show how ourapproa
h 
an be used to learn representations of obje
ts in an "unsuper-vised" manner and present results using our model for re
ognition andtra
king purposes in a "supervised" manner.1 Introdu
tionIn this paper we address the problem of learning representations of obje
tsthat 
hange in appearan
e as a result of small non rigid deformations and 
hangesin appearan
e arising when obje
ts with rigid sub-
omponents are translatedin relative position. This paper introdu
es the probabilisti
 montage, illustratessome variations of the model, present a 
ompete algorithm for a tree stru
turedmodel and presents some results using a tree stru
tured model for re
ognition



tasks applied to full body images of people in motion. Importantly, the pa-rameterization of the probabilisti
 montages presented in this paper en
ode fewassumptions spe
i�
 to human �gures. As su
h, probabilisti
 montages are ap-pli
able to various learning and 
lassi�
ation tasks.
Fig. 1. (left to right) (a) A still image of a person walking, 
arrying a 
up and abook. (b) The image is broken up into a grid. (
) A montage 
onstru
ted from fourpossible latent images per grid 
ell randomly sele
ted from di�erent images in a set ofsimilar images. (d) A montage 
onstru
ted from four latent images learned from a setof images.In our approa
h, we learn a 
olle
tion of small latent images from a set ofexamples of obje
ts that are 
hanging in shape. First the image is divided into agrid of sub-images. Ea
h sub-image in the grid a
ts as window that 
rops a pie
eout of one of the 
olle
tion of slightly larger images possible for that lo
ation inthe image. Additionally a rotation of the image for the pat
h 
an also be applied.Figure 1 illustrates our approa
h. Figure 1 (a) and (b) show an 80 � 90 imageand a grid of sub-images. Figure 1 (
) and (d) show montages approximating theimage using the best (in the maximum a posteriori or MAP sense) 
ropping andtransformation of the best image from a small subset of slightly larger images.Figure 1 (
) shows how how a montage might be 
reated in a simple model wherethe 
olle
tion of slightly larger latent images for ea
h grid 
ell was gathered byrandomly sampling four di�erent frames of a video sequen
e. The frame in (a)was then re
onstru
ted using the best 
ropping and transformation possible fromthe 
olle
tion of possible latent images for ea
h lo
ation. Figure 1 (d) illustratesthe MAP montage when four latent images for ea
h grid 
ell were learned froman image sequen
e. Noti
e that when latent images are sele
ted randomly, themodel often has "no 
hoi
e" but to use a poor approximation (e.g. near the legsand the book).In this paper, we dis
uss how the distribution over latent images and whi
htransformations and 
ropping lo
ations to use 
an be 
hara
terized using dif-ferent probabilisti
 representations. We then derive an EM algorithm for a treestru
tured model and present some results of modelling human �gures walk-ing while 
arrying and manipulating obje
ts. We will assume that the obje
tsof interest have been 
oarsely 
entered within the image. Figure 2 shows some



80� 90 pixel greys
ale images of a person walking to the left and to the rightwhile 
arrying a book and drinking a 
up of 
o�ee. We shall present results inwhi
h our model has 
lustered images of the walking human subje
t into poses inan "unsupervised" fashion and we shall present some "supervised" 
lassi�
ationresults. In this paper we are not fo
using on the task of 
apturing the dynami
s

Fig. 2. Examples of images used to train the model.of human walking motion. We are interested in the general task of 
hara
terizingdi�erent 
on�gurations of an obje
t (e.g. poses of a moving person or deforma-tions of a fa
e) and modelling sub-types of obje
ts for whi
h there may not bea single obje
t undergoing a dynami
 
hange of its sub-parts (e.g. the tops ofbuildings in aerial imagery). In this paper we have used video sequen
es butwe wish to 
onstru
t a model that 
ould be used to learn representations fromstati
 images. However, su
h a model should allow images generated as a resultof the motion of human body parts to be to be eÆ
iently 
hara
terized despitethe fa
t that no highly spe
i�
 assumptions about human motion are built intothe stru
ture of the model.2 Other Approa
hesWe are interested in learning models for the sub-parts of image obje
ts inaddition to the ways in whi
h these sub-parts undergo relative translation andtransformation from example data. Lo
alized image transformations in examplesof obje
ts o

ur when obje
ts undergo deformations, when 
lasses of obje
tsnaturally vary in 
on�guration and also o

ur when fairly rigid sub-parts of anobje
t are able move in relative position. Here we des
ribe some examples ofapproa
hes to these problems that have been des
ribed in the literature.One way to model 
hanges in an obje
ts appearan
e within an image is todire
tly model image transformations su
h as translations, rotations, shearingand warping. In [1℄, these transformations are modelled using random variablesindi
ating global image transformations. Extending this approa
h to allow multi-ple pre-transformation latent images allows these methods to be used to extra
t



meaningful data 
lusters from images in the presen
e of ba
kground 
lutter.However, these te
hniques 
annot easily model the fa
t that numerous spatiallylo
alized transformation of an obje
t often o

ur simultaneously.In [2℄, rigid and non rigid fa
ial motions were represented based on lo
alparametri
 models of of image deformations and transformation. Here it wasshown that modelling the majority of the fa
e as a plane provided a reasonablemodel. The parameters of the deformation and translation of lo
al image masksspe
i�ed for ea
h lo
ation were then found using robust regression te
hniques andgradient des
ent optimization. In related work [3℄, this model was extended toa 
ardboard person representation for arti
ulated image motion su
h as humanwalking. Here again, the lo
al images that were used to represents the sub-partsof the model were spe
i�ed a priori. In 
ontrast, in our approa
h, we learn lo
alimages.In 
ontrast to A
tive Contour Models [4℄ and A
tive Appearan
e Models[5℄, our approa
h requires less human intervention for the initialization of pa-rameters en
oding shape information. In A
tive Contour or A
tive Appearan
emodelling approa
hes relatively spe
ialized parameterizations are used to en
ode
ontour and shape information. In our approa
h, appearan
e is modelled withinspatially lo
alized latent images. Information 
on
erning an obje
t's shape isen
oded within the parameters of a probability model that spe
i�es the distri-bution for allowable spatially lo
alized transformations of lo
al latent imagesand this parameterization does not need signi�
ant hand adjustment for newshapes.In [6℄ a de
omposition was proposed to model human dynami
s in video se-quen
es. In this work blobs of pixels 
orresponding to 
oherent obje
ts in motionare found using mixtures of Gaussians applied to spatio-temporal image gradi-ents and optionally, pixel 
olor values. The motion of the blobs is then modelledhierar
hi
ally, �rst using a Kalman-Filter and then using Hidden Markov Mod-els. In 
ontrast to this and other blob based te
hniques we learn a number oflatent images, their transformations and 
ropings for spatially lo
alized positionsin the image.Further, numerous approa
hes have been des
ribed in whi
h sti
k �gure mod-els are embedded into underlying models of human �gures [7{9℄. The expli
itmodelling of the human form used in these te
hniques allow fewer images tobe required to estimate the parameters of these models. In 
ontrast to theseapproa
hes we are interested in models that are more generally appli
able toimages that are not of human �gures. But, we wish to be able to learn parame-ters 
hara
teristi
 of properties su
h as body joint lo
ations.3 Montages of Transformed Mixtures of GaussiansIn our approa
h we extend the Transformed Mixtures of Gaussians (TMG)model in a number of ways. We brie
y review the TMG model as we des
ribethese extensions. First, we break an image up into a grid of smaller images orpat
hes. We shall use i and j to denote the lo
ations of these smaller imageswithin the rows and 
olumns of the grid. Within ea
h 
ell of the grid there exists



a TMG model. Ea
h grid lo
ation has a model with Cij 
lusters that 
onsist ofdis
rete variables indexed by 
ij�f1; :::; Cijg. For a basi
 TMG formulation of themodels in ea
h of these grid 
ells, ea
h 
luster 
ij would have mixing proportionsP (
ij) = �
ij . Ea
h 
lass 
 then indexes a probability distribution over a latentimage zij p(zij j
ij) = N (zij ;�
ij ;�
ij ) (1)Thus, one 
an 
onsider ea
h mean �
ij as a possible latent image for this gridposition in the montage, with �
ij representing a diagonal 
ovarian
e matrixspe
ifying the variability of ea
h pixel in the latent image. Ea
h position inthe grid also has asso
iated a transformation index lij�f1; :::; Lijg representinga set of sparse transformation matri
es � 1; :::;�L. These matri
es model thetransformations and 
ropping from the slightly larger latent image 
lusters �ij .We shall only en
ode verti
al and horizontal translation transformations prior to
ropping of the latent image. However, other more 
omplex transformations su
has rotation and shearing 
an also be en
oded using these sparse transformationmatri
es. The 
onditional density of the observed image xij given the latentimage zij and transformation lij 
an then be written asp(xij jzij ; lij) = N (xij ;� lijz;	 ij); (2)where 	 ij is a diagonal 
ovarian
e matrix that spe
i�es a noise model on theobserved pixels for the pat
h at lo
ation i; j. These transformation matri
es shallbe held 
onstant. Finally, a uniform probability distribution is assigned to ea
hof the possible transformation l. We shall use the following notation p(lij) = plij .In this simple montage model, the joint distributions for ea
h lo
ation in the gridare independent and take the formP (x; l; z; 
)ij = (p(xjl; z)p(l)p(zj
)p(
))ij= �
ijplijN (zij ;�
ij ;�
ij ):N (xij ;� lijzij ;	 ij) (3)Figure 3 illustrates the TMG model as a Bayesian network [10℄ and 
ontraststhis with a montage of TMG models.
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Fig. 3. Bayesian Networks for a single TMG model vs. a montage of independent TMGmodels.



4 Extending an Independent TMG Montage modelHere we dis
uss a number of ways to relax the independen
e assumptionfor the TMG models in the image grid. We would like to 
ouple the TMGmodels in ea
h 
ell of the image grid so that the transformations and 
lasses arenot drawn from independent distributions. Su
h prior models are ne
essary toen
ode 
onstrains on the global shape of an obje
t. For this pro
edure, one 
ouldthink of grouping the 
lass and transformation index into one 
omposite variable(
ij ; lij) as well as integrating out zij , within ea
h point on the grid. Additionally,to redu
e the number of free parameters in the 
oupling we propose introdu
inga "
oarse s
ale" version of (
ij ; lij) labelled (
ij ; lij)0. We use a 
onvolution of asmoothing �lterAdditionally, to redu
e the number of free parameters involved with repre-senting relationships between 
lasses and transformations within di�ering gridlo
ations, we introdu
e variables (
; l)0ij representing 
oarse s
ale spatial trans-lation variables for �ner s
ale (
; l)ij . In our model we hold the 
onditionaldistribution p((
; l)ij j(
; l)0ij) �xed so that this distribution a
ts as a smoothing�lter en
oding a Gaussian or some other �nite extent window. One 
an thinkof this operation as sub-sampling lij , the variables indi
ating the position of thesift invariant feature 
ij . In this way, fewer parameters are needed to en
odethe 
onditional distribution p((
; l)0ij jt) as opposed to a 
onditional distributionp((
; l)ij jt) on the �ner s
ale variables (
; l)ij requiring more parameters. Thisstrategy thus redu
es the number of images needed as examples to estimate theparameters in the model. Figure 4 illustrates graphi
ally (a) the initial TMGformulation, (b) an illustration of the model used for inferen
e in a standardTMG, (
) the introdu
tion of a 
oarse s
ale variable and (d) a simpli�ed formof (
) that shall be used to more 
learly present our illustrations of how theindependent montage model may be 
oupled spatially.
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Our approa
h of using a shift invariant, spatially lo
alized model followedby a sub-sampling of the "likelihood" for the position variable lij for ea
h 
ij issimilar to the approa
h taken in [11℄. However in [11℄, spatially lo
alized featuredete
tors and the sub-sampling of the feature dete
tor's outputs are employedwithin a multilayer per
eptron ar
hite
ture. Similar te
hniques employing thissmoothing approa
h have also been used in the earlier work of [12℄. Our approa
hdi�ers in that we use formally de�ned, graphi
al probability models [13℄ as theunderlying ar
hite
ture. This allows partial 
omputations in the graph to beinterpreted as likelihoods.There are a number of ways to link the hidden variables of independent TMGsarranged in a grid using a graphi
al model. Figure 5 illustrates some possibletypes of models. The upper right 
orner of Figure 5 illustrates the 
oupling as aMarkov Random Field (MRF) [14℄. The lower left and right 
orners of Figure 5illustrate tree stru
tured 
oupling with various degrees of sub-stru
ture. In thenext se
tion we derive the update equations for an EM algorithm in a treestru
tured model.
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5 An EM Algorithm for a Tree Stru
tured TMGMontage ModelConsider the Bayesian network in the lower left 
orner of Figure 5 des
ribinga tree model. Su
h a model des
ribes a joint distribution and in this parti
ulartree we shall write this distribution as:p(X; zij ; (
; l)ij ; (
; l)0ij ; t; d)=Yij p(xij j(l; z)ij)p(zij j
ij)p((
; l)ij j(
; l)0ij)p((
; l)0ij jt)p(tjd)P (d): (4)In this model there is a dis
rete variable d at the root of the tree en
odingthe idea that the entire 
omposite image 
omposed of the leaves of the tree 
ouldbe assigned the 
lass d. The variable t en
odes the notion that there 
an be sub-
lasses or variations of this main 
lass. For example, left, right front and ba
kpro�les of a human subje
t. We shall use X to denote the 
omplete image anduse xij and zij to denote the observed and latent images or variables for a pat
hat lo
ation (i; j) in the grid. (
; l)ij is a 
omposite 
lass and position variable. 
ij
an be thought of as the indi
es for the possible latent images at ea
h lo
ation(i; j). While the variables lij en
ode the lo
ation of the window that 
rops aview out of the latent images en
oded within �
ij , the mean parameters forp(zij j
ij). Finally, (
; l)0ij are the 
oarser s
ale versions of (
; l)ij as des
ribed inthe previous se
tion. We shall now derive the Expe
tation Maximization (EM)equations to update the variables in this model.5.1 The E StepIt is helpful to think of the tree model in terms of a Bayesian Network, so thatthe E-step of an EM algorithm 
an be thought of as an instan
e of probabilitypropagation within the graph. The resulting 
omputations 
an then be de
om-posed as follows. For ea
h pat
h on the grid we 
an 
ompute the likelihoodsp(xij j(
; l)ij) = Zzij p(xij j(
; l)ij ; zij)dzij= Zzij N (xij ;� lijzij ;	 ij)N (zij ;�
ij ;�
ij )dzij= N (xij ;� lij�
ij ;� lij�
ij� 0lij + 	 ij) (5)Given an image and a label dk we 
an then 
ompute p(t; dk;Xk)p(t; dk;Xk) = X(
;l)0ij X(
;l)ij p(t; dk;Xk; (
; l)ij ; (
; l)0ij)= p(tjdk) X(
;l)0ij p((
; l)0ij jt) X(
;l)ij p((
; l)ij j(
; l)0ij)Yij p(xijk j(
; l)ij)(6)



Using probabilisti
 message passing [10℄, one 
an also eÆ
iently 
omputep((
; l)0nm; t; dk;Xk) for ea
h position (i; j) = (n;m) in the grid.p((
; l)0nm; t; dk;Xk) =p(tjdk)p((
; l)0nmjt) X(
;l)0ij 6=nm p((
; l)0ij jt) X(
;l)ij p((
; l)ij j(
; l)0ij)Yij p(xijk j(
; l)ij)(7)We 
an also 
ompute p((
; l)nm;Xk) eÆ
iently using message passing as fol-lows:p((
; l)nm;Xk) =Xt p(tjdk) X(
;l)0ij p((
; l)0ij jt) X(
;l)ij 6=nm p((
; l)ij j(
; l)0ij)Yij p(xijk j(
; l)ij) (8)From (8) we 
an obtain:p(
nm;Xk) =Xlnm p((
; l)nm;Xk);p(Xk) = X(
;l)nm p((
; l)nm;Xk);p((
; l)nmjXk) = p((
; l)nm;Xk)=p(Xk);p(
nmjXk) = p(
nm;Xk)=p(Xk);p(lnmj
nm;Xk) = p((
; l)nm;Xk)=p(
nm;Xk): (9)
Additionally, in the M-step we shall need to 
ompute 
(
l)ij the 
ovarian
ematri
es of z given (
; l) and x for ea
h grid lo
ation. Importantly, these matri
esare independent of X and 
an thus be 
omputed on
e before ea
h E-step.

l;ij = (�
ij�1 + � lij 0	 ij�1� lij )�1 (10)We then 
ompute the following expe
tations:E[zij j(
; l)ij ;Xt℄ = 
(
l)ij� lij 0	 ij�1xtij +
(
l)ij�
ij�1�
ij ; (11)E[zij j
ij ;Xt℄ =Xlij p(lij j
ij ;Xk)E[zij j(
; l)ij ;Xk℄; (12)E[(zij � �
ij ) Æ (zij � �
ij )j
ij ;Xk℄ =Xlij p(lij j
ij ;Xk)�(E[zij j(
; l)ij ;Xk℄� �
ij ) Æ (E[zij j(
; l)ij ;Xk℄� �
ij ) + diag(
(
l)ij )�; (13)



andE[(xij � � lijzij) Æ (xij � � lijzij)jXk ℄ = X(
l)ij p((
; l)ij jXk)�(xij � � lijE[zij j(
; l)ij ;Xk℄) Æ (xij � � lijE[zij j(
; l)ij ;Xk℄) + diag(� lij
(
l)ij� lij 0)�(14)5.2 The M StepUsing the h:i notation to denote 1K Pk(:) we 
an update the parameters ofthe tree model in the following way.~p((
; l)0nmjt)) = hp((
; l)0nm; t; dk;Xk)ihp(t; dk ;Xk)i (15)~p(tjdk) = hp(t; dk;Xk)ihp(dk;Xk)i (16)The updates of the other parameters follow in a similar manner to the regularTMG model. ~�nij = hp(
ij = njX)E[zij j
ij = n;Xk℄ihp(
ij = njX)i ; (17)~�nij = diag�hp(
ij = njXt)E[(zij � �
ij ) Æ (zij � �
ij )j
ij = n;Xk℄ihp(
ij = njXk)i �; (18)	 ij = diag(E[(xkij � � lijzij) Æ (xkij � � lijzij)jXk℄): (19)To avoid over�tting it is sometimes useful to let entries in 	 ij and�ij that fallbelow some � be equal to �. Similarly, one 
an also let entries in the 
onditionalprobability tables that fall below some �0 be equal to �0 and then re-normalizethe 
onditional distribution.6 Results and AnalysisIn this se
tion we examine the behavior of a tree stru
tured montage trainedusing EM as des
ribed in Se
tion 5. We illustrate MAP re
onstru
tion images un-der various 
onditions so as to inspe
t the quality of the representations learnedby the model. We 
ompare MAP re
onstru
tion images for the tree montage withMAP re
onstru
tion images obtained from a transformed mixture of Gaussiansmodel applied to the entire image. We then examine the MAP re
onstru
tionimages for the montage applied to test data of the same person walking withdi�ering arti
ulation of the body parts, slightly di�erent lighting and 
oarsealignment of the underlying �gure. We present results for a simple pose re
ogni-tion task and illustrate the use of the model for tra
king people within 
rowdspossessing signi�
ant ba
kground a
tivity. We show how the approa
h 
ould beused to automate the 
ontrol of an a
tive se
urity 
amera.



6.1 Comparing Montages with Large Transformed Mixture ofGaussiansIn Figure 6 we 
ompare our tree montage using four latent images per pat
hwith one large TMG trained on the same data using six, global latent 
lasses. Thetop row of Figure 6 shows a sequen
e of 5 images of walking motion. The middleimage shows the MAP TMG approximation. The bottom row shows the MAPTMG montage with a tree stru
tured prior. For this segment of the sequen
e thesingle large TMG models the images with two of the six latent 
lasses, 
oarselyapproximating the underlying 
hange in shape. Figure 6 also illustrates how the
lasses found by the single large TMG su�er for 
ombinatorial problems whenmodelling the 
omplex motions of the sub-parts of an obje
t.

Fig. 6. (top row) Five images from an image sequen
e. (middle row) The single, large,six 
lass TMG MAP approximation. (bottom row) The four 
lass per grid 
ell TMGtree montage, MAP approximation.6.2 Behavior of the Model Using Test DataThe top row of Figure 7 illustrates images from the test sequen
e of a �gurewalking to the right. The arti
ulation of the book and 
up are di�er from thetraining data. The global alignment of the �gure in the image varies di�erentlyfrom the training data. Further, the lighting 
onditions also have been variedslightly. The middle row 
onsists of the MAP re
onstru
tion of the testing datausing the tree montage with parameters �t using the di�ering training data of�gures walking to the right. The bottom row illustrates the MAP re
onstru
tionimages of the �gure walking to the right illustrated in the top row. However,in this bottom row the tree montage was trained on images of �gures walking



to the left. This row thus illustrates the way in whi
h the model attempts to"explain" the right walking pose using features that were learned from the leftwalking pose. The fa
t that these MAP re
onstru
tion images do not �t the datawell and indeed look more like pie
es of a left walking �gure is a positive signthat the model has not over-generalized. Noti
e that the MAP images in the

Fig. 7. (top row) Examples of right fa
ing images used to test the model. (middle row)the MAP image for the TMG tree montage model trained on di�erent right fa
ingimages. (bottom row) The MAP image for the TMG tree montage model trained onleft fa
ing images.bottom row are, in almost all 
ases missing a head, with darker portions of theimage approximated by small feet templates pointing in the opposite dire
tion.Not surprisingly, the MAP re
onstru
tion images for unseen data signi�
antlydi�erent from the original training data are reminis
ent of photomosai
s [15,16℄. Photomosai
s are produ
ed by 
ombining many small photographs to forma single larger image that be
omes more re
ognizable when viewed from a dis-tan
e. As su
h, these smaller images a
t as a form of half-toning [17℄. Moreimportantly, the MAP re
onstru
tion images in Figure 7 provide insight. Wehave used a shallow tree for this experiment. Additional sub-stru
ture in thetree as illustrated in Figure 5 would 
onstrain the model so as to further redu
ethe probability of physi
ally unrealisti
 
on�gurations under the model.6.3 Learning Poses From DataFor the task of learning representations for di�erent a
tivities of people fromfull body images of people walking, the previous se
tion illustrated how our



model is able to 
apture features for arms, legs, feet, hands and the head. Ourmodel also learns likely sub-poses of the underlying obje
t. This informationis embedded within the highest level dis
rete variable of the tree model. The
Fig. 8. (left) A sample from the �rst sub-type of the TMG tree montage model. (right)A sample from the se
ond sub-type of the TMG tree montage model.left and right �gures of Figure 8 illustrate two "sub-poses" that were learnedby our model when 193 training 
ases from the video sequen
e of the �gurewalking to the right were used to train the model. The images were of size 80x90pixels. Four 
lasses were used at the highest level in the tree and EM 
onvergedto two degenerate poses. 16x16 pixel latent images were used with 10x10 pixelimages 
ropped out of the latent image to 
ompose the montage. The imageswere obtained by sampling from the model given the highest level 
lasses. Hereagain, a tree with greater depth would likely produ
e higher quality samples.6.4 Re
ognizing PosesHere we present results on a test image sequen
es also 
onsisting of human�gures walking while simultaneously manipulating hand held obje
ts. The toprow of Figure 7 illustrates samples of the test data for the �gure walking to theright while Figure 9 illustrates samples of the test data for the �gure walkingto the left. As dis
ussed previously, these test images di�ered from the trainingimages with respe
t to the relative arti
ulation of the �gure, the 
oarse alignmentof the �gure in the image and the lighting 
onditions are slightly di�erent.Using the test sets of 193 images of walking to the left and 193 images ofwalking to the right the models trained on the left and right walking images wereused to 
ompute the marginal likelihood for ea
h of test images. Table. 1 showsa 
onfusion matrix for pose re
ognition on the test data. Importantly, when theerrors were analyzed further, it was found that most of the mis
lassi�
ationso

urred at the start and end of the image sequen
e. This e�e
t is likely duein part to the higher density of example data for dire
t side sub-poses versusexample data for sub-poses of the �gure fa
ing slightly away from the 
ameraor slightly toward the 
amera. In 
ontrast, for the nearest neighbor 
lassi�erthe errors were the most dense in the se
ond half of the sequen
e walking leftsequen
e. This 
an be explained by the fa
t that the 
oarse 
entering of thedata was skewed to the right in the example data, while skewed to the left inthe testing data. This misalignment was less of an issue for the TMG montagemodel.



Fig. 9. Images of a �gure walking left used to test the model.a
tual / 
lassi�ed right leftright .83 (.92 ) .17 (.08 )left .03 (.25 ) .97 (.75 )Table 1. Confusion matrix for pose 
lassi�
ation of the test data using the TMG treemontage and using nearest neighbors (itali
s).The verti
al 
olumn is the a
tual poseand the horizontal 
olumn is the 
lassi�ed pose.6.5 Tra
king and the Control of an A
tive Camera

Fig. 10. (left) A wide angle view of a survalen
e area. (right) Tra
king a subje
t despitesubstantial ba
kground motion and o

lusion.Consider the task of automating the 
ontrol of a movable se
urity 
amera.In this task the operator of the 
amera wishes to brie
y use the 
amera tofollow a parti
ular person and then allow an algorithm to take over 
ontrol ofthe 
amera and 
ontinue to tra
k the person. For this task, the subje
t of these
urity 
amera might be found within a 
rowd of people who are also in motion.We have gathered image data from various realisti
 lo
ations (eg. shopping malls,busy street 
orners and train stations) where 
omplex dynami
 ba
kground are
ommon.We have used high resolution wide angle views to allow us to simulate themovement of a smaller �eld of view of an a
tive se
urity 
amera. Figure 10 (left)illustrates one frame from a wide angle view of a high traÆ
 area outside a



subway station. The subje
t that we wish to tra
k has been indi
ated by handover the �rst 60 frames leading up to the o

lusion of the subje
t by another�gure. The subje
t is indi
ated using a white re
tangle. The four images on theright half of Figure 10 illustrate the results of a simple greedy tra
king algorithmthat utilizes a tree montage trained on the initial 60 frames prior to the o

lusion.The model has the same stru
ture as in the previous tests. We use the marginallikelihood under the model to sele
t one of 24 possible dis
rete global translationsin x and y of the 
omplete tree model. Our implementation of the same greedytra
king algorithm using various metri
s of simple template based similarity allhave diÆ
ulty tra
king obje
ts in su
h s
enes.6.6 Implementation IssuesOur 
urrent Matlab implementation of the tree montage with the parame-ters des
ribe above requires approximately 45 se
onds to evaluate the marginallikelihood for a given dis
rete global transformation. The same amount of timeis required for our 
ode to do an in
remental Expe
tation step (E-step) for oneexample of training data. Our in
remental M-step requires approximately 2 se
-onds. Our Matlab resear
h 
ode is ineÆ
ient and as su
h we perform in
rementalE-steps and evaluate marginal likelihoods used in our tra
king implementationin parallel using a 
luster of networked 
omputers.7 Con
lusions and Dis
ussionIn this paper we have introdu
ed the TMG montage and presented a numberof ways su
h a montage 
an be 
onstru
ted. We have presented Markov RandomField and Tree stru
tured methods of spatially 
oupling TMG montages. Wehave derived and presented the EM algorithm for a simple tree model with a �xedstru
ture. We have presented results in whi
h our model has 
lustered imagesof walking human subje
t into poses and extra
ted features 
onsisting of bodysub-parts in an "unsupervised" fashion. We have presented some "supervised"
lassi�
ation results and presented an a
tive 
amera appli
ation for whi
h ourmodel is able to deal with signi�
ant ba
kground movement and 
omplexitywhere simpler tra
king approa
hes would 
learly fail.The TMG montage model 
an do a reasonable job of modelling ba
kgroundas observed in our MAP images. For some appli
ations su
h as tra
king, thisproperty is not desirable. In 
ases where there is signi�
ant 
hange in the ba
k-ground relative to 
hanges in the foreground, a varian
e dis
repan
y will beprodu
ed and will be observable in the noise parameter of the latent image. Theresulting dis
repan
y in varian
e 
an be used to produ
e an image "mask" in-di
ating the boundary of the foreground obje
t. This property allows the modelto do a better job than simpler te
hniques for tra
king �gures with 
omplexba
kgrounds.However, for some types of data the ba
kground varian
e is intrinsi
allylow relative to the foreground. This 
an also arise when little training data isavailable. In these 
ases, a pre-pro
essing step 
an be employed to identify stati
elements of the ba
kground and the EM algorithm for training the model 
an bemodi�ed relatively easily to a

ount for the boundary of the foreground �gure.



To address the issues of the 
hoi
e of tree stru
ture and size, te
hniquessu
h as Stru
tural EM [18℄ 
ould be used to learn trees with arbitrary sizeand stru
ture. Random variables 
orresponding to lighting 
onditions, o

lusionsand foreground vs. ba
kground 
an be in
orporated into su
h a framework in astraightforward manner.Referen
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