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Abstract

We describe a hierarchical probabilistic model for the @
detection and recognition of objects in cluttered, natural r
scenes. The model is based on a set of parts which describe @—\ v
the expected appearance and paosition, in an object centered o) z
coordinate frame, of features detected by a low-level inter /’@
est operator. Each object category then has its own distri- @_ (I) o ’
bution over these parts, which are shared between objects. P W 4 A
We learn the parameters of this model via a Gibbs sampler W L
which uses the graphical model’s structure to analytically
average over many parameters. Applied to a database of
images of isolated objects, the sharing of parts among ob-
jects improves detection accuracy when few training exam-
ples are available. We also extend this hierarchical frame-
work to scenes containing multiple objects.
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Figure 1. Graphical model describing how latent parts
generate the appearance W and position X, relative to
an image—specific reference location r, of the features
detected in an image of object 0. Boxes denote repli-
cation of the corresponding random variables: there are

M images, with IV,,, observed features in image m.

1. Introduction

In this paper, we develop methods for the visual detec-
tion and recognition of object categories. We argue that
multi—object recognition systems should be based on mod-
els which consider the relationships between different ob- many scenes in which that object is found.

ject categories during the training process. This approach We begin in Sec. 2 by describing our generative model

provides ;everal bgnefits. At the lO,WGSt I'eve'l, significant for objects and parts, including a discussion of relatedkwor
computatlonal savings can be achieved if dn‘r_erent Cale-in the machine vision and text analysis literature. Sec. 3
gories share a common set of features. More |mportantly,then describes parameter estimation methods which com-

jointly trained recogn_ition systems can use similariti.es b hine Gibbs sampling with efficient variational approxima-
tween object categories to their advantage by learning fea'tions. In Sec. 4, we provide simulations demonstrating

tures which lead to better generalization [4, 18]. Thisnate the potential benefits of feature sharing. We conclude in

category regularization i§ particularly important ?n tuere Sec. 5 with preliminary extensions of the object hierarchy
mon case where few training examples are available. to scenes containing multiple objects.

In complex, natural scenes, object recognition systems _ )
can be further improved by using contextual knowledge 2. A Generative Model for Object Features

about the objects likely to be found in a given scene, and  oyr generative model for objects is summarized in the
common spatial relationships between those objects [7, 19graphical model (a directed Bayesian network) of Fig. 1.
20]. In this paper, we propose a hierarchical generative The nodes of this graph represent random variables, where
model for objects, the parts composing them, and the scenegpaded nodes are observed during training, and rounded
surrounding them. The model, which is summarized in poyes are fixed hyperparameters. Edges encode the con-

Figs. 1 and 5, shares information between object categoriegjitional densities underlying the generative process.[12]
in three distinct ways. First, parts define distributionsrow

common low—level feature vocabularly, leading to compu-
tational savings when analyzing new images. In addition, Following [17], we represent each of ol grayscale
and more unusually, objects are defined using a commontraining images by a set of SIFT descriptors [13] computed
set of parts. This structure leads to the discovery of partson affine covariant regions. We ugé-means clustering to

with interesting semantic interpretations, and can imerov
performance when few training examples are available. Fi-
nally, object appearance information is shared between the

2.1. From Images to Features



vector quantize these descriptors, producing a finiteadicti  To simplify the learning process, we assume that these pri-
nary of F' appearance patterns. This feature set providesors have a conjugate form [9]. In particular, the multindmia
some invariance to lighting and pose changes, and wadistributionsf and¢ are assigned independent, symmetric
more effective than features based on unnormalized pixelDirichlet priors with hyperparametetsandg, respectively.
patches [21] in our experiments. The covariance matrices, of the Gaussian part position

Given this feature dictionary, th&" interest point in im- densities have inverse—Wishart priors with scaleandv,
agem is described by its position,,; and the best matching  degrees of freedom, while the meansare given noninfor-
descriptorw,,;. Letw,, andx,, denote the appearance and mative priors. Similarly, the reference position’s coaace
position, respectively, of th&/,,, features in imagen. Ex- prior is inverse—Wishart with hyperparametéxs andv,,.
amples of features detected in this way are shown in Fig. 2.9 3 Related Models

2.2. Using Parts to Generate Objects The graphical model of Fig. 1 was partially inspired by
The representation of objects as a collection of spatially recently proposed models of text documents. In particular,
constrained parts has a long history in vision [8]. In the if position variables are neglected, we recover a variant of
graphical model of Fig. 1, partsare formalized as clusters the author—topic mode[15], where objects correspond to
of features that appear in similar locations, and have aimil authors, features to words, and parts to the latent topics un
appearance. Object categories are in turn defined by a probderlying a given corpus. The generative aspect model, or
ability distributioné specifying which parts are most likely latent Dirichlet allocation (LDA)2, 10], is in turn a special

to produce corresponding visual features. case in which each document has its own topic distribution,
Consider the generative process for an image of objectand authors are not explicitly modeled.
o containingN,,, features(w,,,,x,,). All feature posi- LDA has been previously adapted to discover object cat-

tions are defined relative to an image—specific coordinateegories from images of single objects [17], categorize nat-
frame, or reference position,,. Each object category has ural scenes [6], and (with a slight extension) parse preseg-

its own Gaussian prior over reference positions: mented captioned images [1]. However, following an initial
stage of low—level feature extraction [6,17] or segmenta-
P (rm | om) = N(rm; Co,» oy, (1) tion [1], these models ignore spatial information, tregtin

the image as an unstructurbdg of words In contrast, our
introduction of a reference position allows us to explicitl
model the spatial locations of detected features. Thigexte
sion raises additional computational issues, which we ad-
dress using the EM algorithm (Sec. 3.2), and leads to im-
proved performance in detection and recognition tasks.
When modeling a single object category, our model also

To generate theé'” feature, we first independently sample
a partz,,; according to an object—specific multinomial dis-
tribution 6, , over theP possible parts. Then, conditioned
on the chosen part index,;, we independently sample an
appearance,,,; and positionc,,,;:

P (Winis T | Zmi = J,7m) = ¢ (Wmi) X shares many features with constellation models [8], partic
N (@mi; rm + 15, Aj)  (2) ularly recent extensions which use Bayesian priors when
learning from few examples [4, 5]. The principal difference
Each part is defined by a multinomial distributiop. over s that their likelihood assumes that each part generates at

the I’ possible appearance descriptors, as well as a Gaussiamost one observed feature, creating a combinatorial data

distribution over feature positions. Because the meani®fth association problem for which greedy approximations are

Gaussian is shifted relative tg,, we may recognize objects needed to learn more than a few parts [11]. In contrast,

whose spatial translation varies from image to image. our association of objects with distributions over parésie
Although we assume the collection of objects is known, to simple learning algorithms which scale linearly with

the probability distributions defining this generative rabd  In addition, by sharing parts when learning multiple object

must be learned from training data. The hierarchical struc- categories, we can improve generalization performance.

ture allows information to be shared in two distinct ways: . . .
parts combine the same features in different spatial configu 3. Learning Objectswith Shared Parts

rations, and objects reuse the same parts in different propo  In this section, we derive a Gibbs sampling algorithm for
tions. The learning process, as described in Sec. 3, isdree t learning the parameters of the hierarchical model of Fig. 1.
give each object category its own parts, or “borrow” parts We begin in Sec. 3.1 by assuming that all objects occur at
from other objects, depending on which better explains theroughly the same position in each image, so that the ref-
observed images. As we show in Sec. 4, this sharing canerence position,,, can be neglected. Many standard ob-
significantly improve detection performance. ject recognition datasets, as well as systems which use cues
When learning statistical models from small data sets, such as motion to focus attention, satisfy this assumption.
prior distributions play an important regularizing rold.[4 In Sec. 3.2, we extend the Gibbs sampler by using the EM



algorithm to analytically average over the unobserved ref- All sums in eq. (6) exclude the featuss,; whose assign-
erence position. In both cases, we assume that all hypermentz,,; is being resampled. Intuitively, this Gaussian ex-
parameters have fixed, known values, and that each trainingactly matches the sample mean of the features associated
image has been labeled with the single objgcit contains. with that part, while regularizing the sample covariance by
the inverse—Wishart prior.

By combining egs. (4, 5, 6), we may evaluate eq. (3) for
each of theP candidate assignments of,;, and perform
the Gibbs sampling iterations. By caching and iteratively
updating the counts used in egs. (4, 5), as well as sums and
outer products of the positions of features assigned to each
part, this sampling update can be performe®i) opera-
tions. Given a training set af/ images, each containiny
features, the total cost of a Gibbs sampling update of every
feature assignment @(NM P).

3.1. Monte Carlo Feature Clustering

When the reference positioty, is removed from Fig. 1,
the resulting hierarchical structure is similar to the Aarth
Topic model, except that an additional observation (the po-
sition x,,,;) is associated with each part indicatgg;. Fol-
lowing [10, 15], we learn this model’'s parameters by Gibbs
sampling the part assignmentsusing likelihoods which
analytically integrate ovef, ¢, 11, andA. These approxi-
mate samples from the posterior distributipfz | w,x, 0)
then provide estimates of the underlying parameters.

Let z,,; denote the set of all part assignments excluding 3-2. Inferring Reference Positions

Zmi, and definew,,; andx,,; similarly. The Gibbs sam- We now consider the full graphical model of Fig. 1, in-
pler iteratively fixes the part assignmeats; for all but one cluding the reference positian,. In this case, the condi-

feature, and then samples a payj; for the remaining fea-  jong distribution needed by the Gibbs sampler is given by
ture from the induced conditional distribution. Using the

Markov properties of the graph in Fig. 1, the posterior dis- _ _
H H H . p(zmz | Zmi,W,X,O) X p(zmz ‘ Zmi70m) X
tribution over part assignments factors as follows: v g
p (w'rni | z, Wmi) p (x’m,i | Z,Xmi, 0) (7)
P (Zmi | Zmi, W,%,0) o D (2mi | Zmi, Om) X
D (Wi | 2, Wini) p (Tmi | 2, %mi) () While the first two terms are unchanged from egs. (4, 5),
p ) ] . the uncertainty in the Gaussian parametér® ) causes the
Letnj;" denote the number of times featulrés assignedto position likelihood to depend on the reference position es-
partj by zi, Qndn?jp the number of assignments of part  timates, and hence the object labels, of all training images
to object(. Using standard Dirichlet integral formulas [9], ' In addition, because of coupling between the parameters of
the first two terms of eq. (3) can be written as the part and reference position Gaussians, this likelihood
n9P + o can no longer be expressed in the closed form of eq. (6).
m (4) While computing the position likelihood of eq. (7) is in-
3! tractable, it would be simple if the Gaussian prior parame-
_ nkFJP + ters were known. We therefore propose to approximate this
g iy + FB

likelihood by finding the mode of the conditional distribu-
Note that these probabilities are simply the raw propostion

p(znu :j ‘ Zmi, Om = 6) =

(®)

p(wmz =k ‘ Zmi = ja zmiawmi)

tion of these parameters:

defined by the part assignmengs,;, regularized by the AR = Acdla . 8

“pseudocounts” contributed by the Dirichlet priors. (“’ 6 ) = argmax p (1, A, ¢, ® | Zmi, Xmi, 0) (8)
Given the current part assignments and the inverse— N

Wishart prior, the posterior distribution over,,; is multi- Because the reference positions are unobserved, we use the

variate Student-with (aner —1) degrees of freedom [9], EM algorithm [9, 14] to iteratively compute this mode.
wheren!” is the total number of features of any appearance In the E-step, we fix the current values for the mean and
assigned to parf. For the parameters used in our exper- covariance parameters of eq. (8), and average over the un-

iments, this likelihood is very closely approximated by a ©bserved reference position, in each training imagen.
moment—matched Gaussian: Given these parameters, the reference positions have Gaus-

sian posterior distributions, with covariance and mean

p (xmz' | Zmi = Jy Zmis imz) ~ N<xmi; ﬂja A]) (6)
P P
n; +1

o1 L — |- ATt
i, = fz > T e oo +d . DA ©)

J=1k|lzmr=j

-1

M P
Aj - 5j Ap + Z Z (xmk - /:Lj)(mmk - ﬂj)T f’rn = fom +Rm (Z Z Aj_l (xmk - ﬂj - éom)
j=

m=1k|zmr=j L k|zmr=3



The sums in eq. (9) only include the feature positions from 3.3. Likelihoods for Object Detection

the corre'sponding image. These e'xpe'cted refergnqe POSi- 14 use the hierarchical model for detection or recogni-
tions define a lower bounf_’ on thg likelihood, W_h'Ch ISMaX- tion, we must compute the likelihood that a test image
imized by the M-step. Giverd/, images of object, the it features(wy, x,), is generated by each candidate ob-
maximizing reference position parameters equal ject category. Because each image’s features are indepen-

. 1 1 dently sampled from a common parameter set, we have
b=~ P o = -5 (10)
¢ a ¢+ vo+3
mlon=t p(Wexi | 0, M) Z/p(wt,xt 10,0)p(6 | M)do
Op =60 | Ao+ D R+ (P — Co) (P — )" In this expressionM denotes the set of training images,
mom={ and® = (0,¢,u, A, ¢, ®) the model parameters. The se-

guence of part assignments produced by the Gibbs sampler

The part position parameters are similarly updated as provides sampleg(*) approximately distributed according

| M top(z | M). Given a set ob samples, we approximate the
fi=—5 Y > (Cmk—Fm) test image likelihood as
" =1 Elzmr=j
e s
M 1 N
A 1 A p(wixe |0, M)~ <3 p(wixi[0,60))  (13)
Aj=——[A Aim, 11 S
I nf—&-up—I—S( p+7§::1 ! ) (1) s=1
[\jm = Z Ry + (@mp — it — ) (Tt — f1j — Fn) " where®(*) denotes the approximate modes of the poste-

rior distribution over parameters computed usil§ in
egs. (4,5, 6, 10, 11).
Note that the updates of eq. (11) are similar to the moment \When the reference position is neglected, the image fea-
matching of eq. (6), except that parts are translated by thetyres are independent conditioned on the model parameters:
current expected reference position in each image.

We apply these EM updates between every Gibbs sam- P (Wt x: | 0 é(s)) _
pling operation. Because the posterior mode is not dramati- ’ ’

klzmr=3

cally changed by the reassignment of a single feature, only a Ny P . o
single EM iteration per sample is needed for accurate mode H Z 00(5) ¢j(wti)N(~Tti§ g Aj) (14)
tracking. Conditioned on the parameter estimates produced i=1j=1

by the M-step, the reference positiop has a Gaussian dis- This expression calculates the likelihood /8f features in

tribgt_ion v_vith_mean and covariance as_in eg.(9). The featureO(NtP) operations. To account for the reference position,

position likelihood then has the following closed form: we first run the Gibbs sampling updates on the test image

- - B features. The EM estimates of Sec. 3.2 then provide a ref-

P (Tmi | 2mi = J, Zmi, Xmi, 0) = erence position estimate which can be combined with the
N( @i P + pg, B + Ay) - (12) likelihood of eq. (12) to evaluate eq. (14).

This expression is used in eq. (7) to evaluate the probabili-4. Object Categorization Experiments

ties for each Gibbs sampling operation. _ To explore the advantages of sharing parts among ob-
Direct implementation of these EM updates requires jects, we consider a collection of 16 categories with netice
O(MP) operations per iteration due to the coupling be- ape visual similarities. Fig. 2 shows images from each cat-
tween the reference positions and parts. However, we Mayeqory, which can be divided into three groups: seven ani-
reduce the cost of each iteration@°) using incremen-  mj) faces, five animal profiles, and four wheeled vehicles.
tal EM updates [14]. In particular, when sampling a part as object recognition systems scale to hundreds or thou-
assignment for image:, we fix the expectations of €q. (9)  sands of categories, the inter—category similaritiestterd

for all reference positions except,. By caching statis- by this dataset will become increasingly common.
tics of the other reference position estimates, the M—step

(egs. (10, 11)) may also be performed efficiently. Although 41 Learning Shared Parts

we no longer find the exact posterior mode, the dependen- Given 30 training examples from each of the 16 cate-
cies of the reference positions in other imageszgnare gories, we constructed a feature appearance dictionahy wit
very weak, so this approximation is extremely accurate. ' = 600 words, and used Gibbs sampling (Sec. 3.1) to fit
Empirically, incremental updates produce dramatic compu-a model with 32 shared parts. Because the database im-
tational gains with negligible loss of sampling accuracy. ages had been manually aligned, the EM likelihood updates
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Figure 2. Seven of the 32 shared parts (columns) learned by a h ierarchical model of 16 object categories (rows). Using two
images from each category, we show the affinely adapted featur es with the highest posterior probability of being generated

by each part. For comparison, we show the five parts which are spe cialized to the fewest object categories (left, yellow), as
well as two of the most widely shared parts (right, cyan), which s eem to model background clutter. The bottom row plots

the Gaussian position densities corresponding to each part. These object categories combine the results of web searches
with images from the CalTech 101 [5], Weizmann Institute [21]  , and MIT-CSAIL [18, 19] databases. Including a complementa  ry
background category, there are a total of 1,879 images used f  or training and testing, with at least 40 images for each categ ory.
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Figure 3. MDS embedding of pairwise distances between Fos| . Foss R
the learned part distributions for 16 object categories. é 08 ’ % 08 &
of Sec. 3.2 were not needed. For our Matlab implementa- = | . 5, '
tion, each sampling iteration requires roughly 0.1 seconds .| .~ e | o o
per training image. The learning procedure showed little ogkt +_Appearance Ony ogk? +_ppearance Oniy
. . . . . 0.6 0.7 0.8 0.9 1 0.6 0.7 0.8 0.9 1
sensitivity to the part distribution hyperparameters, ahahi unshared Area Under ROC unshared Area Under ROC

were set to provide a wealk,( = 6) bias towards moderate
covariances and sparse £ 0.1) appearance densities. The
object—specific part distribution hyperparameternyvas set
via cross—validation as discussed below.

Following 200 iterations of the Gibbs sampler, we used
the final assignmentsto estimate each part’s posterior dis-

Average Area Under ROC
&

Average Area Under ROC
o

—— Position & Appearance, Shared —— Position & Appearance, Shared

tribution over feature appearance and position (Sec. B13). —Foston s o g o
Fig. 2, we visualize these distributions for seven partdyOn g ”I 0 T n. )
- . . lumber of Training Images umber of Training Images
two parts seem specialized to a single category: a spotted o o
DETECTION RECOGNITION

texture part used by the “leopard face” category, and an-
other part devoted to the extremely well aligned “side car”
category. The next three parts model features from animal
mouths, animal legs, and vehicles, respectively. We also
show two of several parts which seem to model background
clutter around image boundaries, and are widely shared be-
tween categories.

To further investigate these shared parts, we used the
symmetrized KL divergence [15] to compute a distance be-

tween all pairs of object—specific part distributions: ]
categories. For both tasks, we comparegharedmodel of
P _ 05(5) ' 0:(5) all object categories to a set of Lisharedmodels trained
D (61,00) = > _ 0x(j) log 50 +0e(j)log 5 ) (15)  onindividual categories. We also consider versions of both
j=1 g models which neglect the spatial location of features, as in
Fig. 3 shows the two—dimensional embedding of these dis-récent “bag of keypoints” approaches [3,17]. Performance
tances produced by multidimensional scaling (MDS) [16]. CUrves average over three randomly chosen training sets of

Except for cars, these part distances seem to closely matcfin® given size, and use all other images for testing.
our own intuitive notions of category similarity. As shown in Fig. 4, we find that shared parts lead to con-

sistent, significant improvements in detection perforneanc
These improvements are greatest when fewer than 10 train-
To evaluate our model, we consider two sets of exper- ing examples per category are available. For the recogni-
iments. In the detection task, we use 100 training imagestion task, the shared and unshared models perform similarly
to learn an 8-part background appearance model, and themvith the shared model becoming slightly less effective when
use probabilities computed as in Sec. 3.3 to classify testim many training examples are available. Confusion matrices
ages as object or background. To facilitate comparisons, we(not shown) confirm that this slight performance degrada-
also consider a recognition task in which test images aretion is produced by pairs of categories with very similar
classified as either their true category, or one of the 15-othe part distributions (see Fig. 3). For both tasks, feature po-

Figure 4. Performance for the tasks of detection (left) and
recognition (right) of 16 object categories. TOP: Average
of ROC curves across all categories (6 training images).
MIDDLE: Scatter plot of areas under ROC curves for the
shared and unshared models of each category (6 train-
ing images). BOTTOM: Area under average ROC curves
for different numbers of training images per category.

4.2. Detection and Recognition



chosen part, relative to the reference position for ohjggt

[

p(xmi | Zmi = j7 Omi = E;rm) = N(l‘mw Tme + /’('ijj)

G6

Here,r,,, is the subvector of,,, corresponding to object

5.1. Learning Object Relationships

Learning and inference in the scene—object—part hierar-
chy are natural extensions of the algorithms in Sec. 3. If
the reference position is neglected, we may directly adapt
the Gibbs sampler of [15], considering the combination of

SHOND
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M all pairs of values ofo,,;, z,»;) and resampling them as a
Figure 5. Extension of the graphical model of Fig. 1 to block given(o,,;,zm,:). The reference position for scenes
describe scenes. Each image is now associated with a may also be handled with a straightforward extension of
scene s containing multiple objects, and T is a vector the EM updates of Sec. 3.2. The E-step now computes a
defining a reference position for each object. Each ob- 20,,—dimensional Gaussian distribution, in which the cur-
served feature is produced by sampling an object 0, a rent assignments of features to objects act as observations
part Z, and then an appearance W and position X. of subvectors of-,,,. In the M-step, the reference parameter

updates are essentially identical to eq. (10), while thé par

» o ] ] ] parameter updates modify eq. (11) to estimate the expected
sitions contain important information, and neglectinghe  yeyjiation of each feature,,; from the reference position of
reduces performance. Note, however, that for detection, gy, currently associated objest,;.

shared model based solely on appearance outperforms an
unshared model of position and appearance. 5.2. Street Scenes

The performance of the hierarchical model is somewhat To demonstrate the potential of our hierarchical scene
affected by the chosen number of parts. In Fig. 4, we con-model, we consider a simple street scene containing three
sider models with 2 parts per category (32 shared parts ver-‘objects”: buildings, cars, and roads. We use 72 images
sus 16 unshared 2-part models). Using more parts slightlyfrom the MIT-CSAIL database [18, 19], normalized so that
increases unshared detection performance (at greater concars are at comparable scales. Of these images, 26 had la-
putational cost), but the results remain qualitativelyisim bels for all three categories, while the remainder only had
lar. The Dirichlet part distribution prior also has an irst car labels (see Fig. 6 for examples). Note that it is straight
ing effect on shared performance with few training images. forward to incorporate such semi—supervised data into the
Small « values reduce sharing and slightly increase recog- Gibbs sampler by fixing the object labels for segmented fea-
nition performance, while large values increase sharing, tures, and sampling the remaining labels.
leading to improved detection. Cross—validation experi-  We used 40 training images, and 100 Gibbs sampling it-
ments indicated that setting = 10/P provided a good erations with reference position EM updates, to learn the pa
compromise. rameters of a scene model with 6 shared parts (see Sec. 5.1).
5. Hierarchical Modes for Scenes We then use this model to estimate the object category most

likely to have generated each test image feature, produc-

In Fig. 5, we show how the generative model of Fig. 1 ing the feature segmentations shown in Fig. 6. The model

may be extended to describe scerezontaining multiple  typically works well with images containing a single car

objects. We specify the sceng, associated with image. (top example), except when lighting affects the low—level
as a collection of a fixed set @, objects (for example, feature extraction (bottom example). The two middle ex-
one car and two pedestrians). Conditionedsen one ofS amples have multiple cars, and thus violate our model’s as-
possible scenes, t1¥),,,—dimensional reference vectoy, sumption that a single reference position explains all ob-

provides a reference position for each object. By learning aserved car features. In such cases, the posterior distnibut
scene-specific prior distributioN (r,,,; (s, ®,), we model  over the car’s reference position is spread between the vehi
correlations between the locations of observed objects.  cles, and nearby background clutter is mislabeled. Despite
Each scene is also associated with a discrete distribu- this issue, we find that our model of spatial scene structure
tion v, which specifies the proportion of observed fea- outperforms a corresponding author—topic model neglgctin

tures generated by each object in the scene. Given  feature positions (see the ROC curves of Fig. 6).
for each observed feature we first sample an object indi- . .
6. Discussion

catoro,,; ~ 1, . Then, conditioned on this object, a part
zms and feature appearanas,; are sampled exactly as in We have described a hierarchical model for scenes, ob-
Sec. 2.2. The feature positiafy,; is then sampled from the  jects, and parts which shares information at several levels
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Figure 6. Feature segmentation results for a model of
street scenes containing buildings (green), cars (red),
and road (blue). TOPLEFT: Two sample training images
with corresponding labelings.  TOP RIGHT: ROC curves
for the detection of three color-coded object categories,
using the full model with reference positions (solid), and

a “bag of words” model based solely on feature appear-
ance (dashed). BOTTOM: Four test images with features
colored accorded to the most likely category for the ref-
erence position (left) and appearance (right) models.

when training multiple object classifiers. Our experimen-
tal results confirm the importance of spatial structure to vi
sual recognition problems, and show that sharing can pro-
vide significant benefits when learning from few examples.
We are currently exploring richer families of scene models
which allow the number of objects in each image, and parts
composing each object, to be automatically inferred.
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