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Unsupervised Learning of Categorical Segments in
Image Collections

Marco Andreetto, Lihi Zelnik-Manor, Pietro Perona,

Abstract

Which one comes rst: segmentation or recognition? We psgpa uni ed framework for carrying out the two
simultaneously and without supervision. The framework boras a exible probabilistic model, for representing
the shape and appearance of each segment, with the popualgrdbvisual words” model for recognition. If
applied to a collection of images, our framework can simétausly discover the segments of each image, and the
correspondence between such segments, without superviSiech recurring segments may be thought of as the
“parts' of corresponding objects that appear multiple snrethe image collection. Thus, the model may be used
for learning new categories, detecting/classifying otsjieand segmenting images, without using expensive human
annotation.

Index Terms

Computer Vision, image segmentation, unsupervised obgacignition, graphical models, density estimation,
scene analysis

. INTRODUCTION

Image segmentation and recognition have long been assddiatthe vision literature. Three views
have been entertained on their relationship: (a) segmentdd a preprocessing step for recognition:
rst you divide up the image into homogeneous regions, thecognition proceeds by classifying and
combining these regions [1], [2], [3], [4], (b) segmentatis a by-product of recognition: once we know
that there is an object in a given position, we may posit themanents of the object and this may help
segmentation [5], [6], (c) segmentation and recognitiory rha performed independently; in particular,
recognition does not require segmentation nor grouping [B] [9], [10], [11]. These views are not
mutually exclusive, while segmentation and recognitioa aot necessary for each other, both benet
from each other. It is therefore intuitive that recognitiand segmentation might have to be carried out
together, rather than in sequence, in order to obtain thiereégglts. We explore here the idea of carrying out
category learning for recognition and segmentation jgirtive propose and study a simple probabilistic
model that allows a uni ed view of both tasks. Our model resgnets each image as a composition of
segments, where a segment could correspond to a whole dejecta cow) or to a part of an object
(e.g. a leg), to a patch of a distinctive texture, or to a "iemse’ homogeneous region in the background.
The inference process divides each image into segmentsjiaodvers segments that are similar across
multiple images, thus discovering new visual categories.

We build upon recent work on recognition and segmentatiarst,Fwe choose to represent image
segments using simple statistics of "visual words' as fegtuJsing "bags of visual words' to characterize
the appearance of an image segment combines an idea comingtfe literature on texture, where Leung
and Malik [12] proposed vector-quantizing image patchgztaluce a small dictionary of ‘textons', and an
idea from the literature on document retrieval, where sta of words are used to classify documents [13].
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Fig. 1. Left: plate diagram [23] of our generative model farage segmentation. The gray noxle represents the observations (pixel
features). The node, and represents the segment assignment for the observationhhe node represents the mixing coef cients for each
segment. The two rounded boxesandfy represent the hyperparameters for the Dirichlet distidmg over and the density function for
each segmerk. Finally N is the total number of pixels in the image akdis the number of segment in the image. Right: image formation
process as describe by the graphical model. An image is cemtbby two segments: ground (45 % of the image) and sky (55%eof t
image). An observations, is obtained by rst sampling the assignment variable Assumingc, = 1 the corresponding densify is used

to samplex, as member of the ground segment. Similarly, a second oligamea, in the sky segment is sampled from the corresponding
densityf, whency, = 2.

Early visual recognition papers using "bags of visual woodssidered the image as a single bag [14],
[15], [11], while recently we have seen efforts either tossidy independently multiple regions per image,
after image segmentation [3], [4], [16] or to force nearbgual words to have the same statistics [17].
Recent literature on image segmentation successfully owahthe notion that images are “piecewise
smooth' with the notion that segment shapes are more oftem tiot “simple’. These insights have been
pursued with parametric probabilistic models [18], [19]tiwnon-parametric deterministic models [20],
hierarchical segmentation models [21], and nonparametababilistic models [22]. The last is a very
simple probabilistic formulation which, as we shall seanbines gracefully with the popular LDA model
for visual recognition.

Our work most closely builds upon two papers: Russell etilapd Andreetto et al. [22]. In the paper of
Russell et al., a "bag of words' representation is used tordesthe visual appearance of different segments
in images. These segments are extracted prior to inferamzbare computed independently of the visual
words contained in them. Our work combines segmentationcatejory model learning in a single step,
rather than rst carrying out segmentation and then categay the segments. While Russell et al.'s
segmentation is independent for each image, in our work satation is carried out simultaneously and
each segment's de nition bene ts from related segmentsageaimultaneously discovered in other images.
Conversely, Andreetto et al. segment an entire collectiomages simultaneously, while discovering the
correspondence between homologous segments. Howevégatinees that relate segments are restricted to
size, shape and average color of the segments. Associaggyds visual words to each segment enables
us to discover more interesting visual connections betwa®responding segments, and thus discover
visual categories. We develop the simultaneous segmentagcognition scheme step by step. We start
(Section 1I) by proposing a probabilistic model for segnegtindividual images. We then generalize
the model so that information is shared across images, atic émage collections may be segmented
simultaneously (Section Ill). Finally we further extencetinodel to incorporate a richer set of visual
features (Section 1V). This provides a model for automatierience of categorical segments.
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II. A PROBABILISTIC MODEL FOR SINGLE IMAGE SEGMENTATION

Image segmentation techniques may be categorized inte thn@ad classes. The rst class consists
deterministic heuristic methods, such as k-means, medin24], and agglomerative methods [25]. When
the heuristic captures the statistics of the data they parfwell. For example, k-means provides good
results when the data is blob-like and the agglomerativeagmi succeeds when clusters are dense and
there is little noise. However, these methods often faihwitore complex data [26].

The second class consists of probabilistic methods thaicetipestimate parametric models of the data,
such as expectation maximization for tting Gaussian migtmodels (GMM) [27]. The GMM method
is principled and can easily be used as a building block ofrgelamodel that addresses a more general
task. However, when the data is arranged in complex and wnkrshapes, as is the case for images, it
tends to fail, as in GMM each class is represented by a Gau¢see Fig. 4).

Complex data are handled well by the third class of methodssisting of the many variants of
spectral factorization [28], [26], [20], [29], [30]. Thesechniques do not make strong assumptions about
the shape of clusters and thus generally perform well on @sag/nfortunately, integrating them into
larger probabilistic models to tackle more complex proldesuch as recognition and segmentation [3]
or segmentation with prior knowledge [31], is usually colawed. We propose a generative probabilistic
model that can describe segments of complex shape and appeand can easily be used as a building
block for a more complex probabilistic model. Unlike prewgoprobabilistic models, it contains a non-
parametric component allowing complex-shaped groups tanbedeled faithfully. Unlike factorization
methods, it is probabilistic in nature, allowing easy esiens to situations where prior information is
available and integration into larger probabilistic mad#tat address more complex problems such as
recognition and motion segmentation [22].

Each proces€y is described by a density functidn(x). These density functions are not restricted to
any speci ¢ parametric family, such as Gaussian densitiespnly assume that they are smooth functions

(see Section 2.2). Each will correspond to a procesSy.
2. Forn equal 1 toN

3. Select one of th& processe&y by sampling the hidden variabtg according to a multinomial

4. Draw the observatior, according to the process-speci ¢ probability density ftioe f (X).

Rather than obtaining samples from the model of Fig. 1, we iaterested in the inverse problem:
computing the posterior distribution of the hidden varesd = f ¢;; ¢;; :::cy g given the observed variables
X = fXq1;Xz; 22 XN g. Using Bayes' theorem we have:

p(cix) I p(xje)p(c): (1)

Where the mixing coef cients y have been marginalized out from the joint distributigfc; ) leaving
just the prior termp(c). If we assume that theg; are independent given tre, then the likelihood term
is de ned as: " W

p(xjc) = P(XnjCn) = fe,(Xn) (2
n=1 n=1

So far we have not made any assumptions on the structure sktiraents, i.e. ofy(x). In the following
sections we describe how the segments dendities) and the priomp(c) are modeled.

A. Modeling Segment Distributions

1) Non-Parametric Segment ModdF. the f(x) are Gaussians, then the generative model describe is
a Gaussian mixture model (GMM). To handle segments of caoxmgih@pes and irregular appearances it
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is best to avoid parametric representations (which may mdhe shape of the segment) and use non-
parametric representation for the densitigéx).

Given a kernel functiorK (x;; X;) [32] representing the af nityA; between observations, and X;
(i.e., how much we believe the two observations originatethfthe same process when all we know is
their coordinatex; andx;), and a set oy observations drawn from the unknown distributity{x), a
non-parametric density estimator fbg(x) is de ned as:

1 X«
fl) = 5 K(xxn) (3)
k . _
n=1
This is equivalent to placing a little probability “bumphe kernelK (x;; x;), around each observation
Xn sampled from the segment densfty and approximating the segment distribution as the normdliz
“sum” of all the “bumps”. If the density functiofy(x) is suf ciently regular, meaning that it is non zero
near any sampled point, and if a suf cient number of samplgsare available, therfi(x) is a good
estimate of the unknown distributidi(x). A typical choice for the kernel function it the Gaussian:

— 1 T 1
K (X %) = W Xp E(X Xj) (X X))
where ; is a local covariance matrix that can be set according tol lanalysis as suggested in [33],
[34]. Other kernel functions may be used as well [35]. Fomegke, in image segmentation we may wish
to set to zero the connectivity between far away pixels tmweaf a locality of the segmentation or to
obtain a sparse problem. The kernel in this case will be ayobdf a Gaussian kernel and two “box
kernels™:

K%)= Ke(rnr)Ke(s;s)K (1)) 4)
wherer;;s; are the image coordinates of thih pixel andl; is its intensity. The box kernel is de ned
as:K(rrj) = M andl(a) =1 for jaj 1 andO otherwise.L is the radius of the box kernel

andK | is as de ned above. We observe that the kernel density eginar Parzen window method, is
a frequentist estimation method and as such is not fully isterst with the Bayesian model of Fig. 1.
A fully Bayesian treatment of the problem would require theenition of a family of densities with a
prior distribution over this set. For example we could havesider the set of Dirichlet Process Gaussian
mixture model (DP-GMM) [36]. Although not consistent witiet Bayesian framework, the Parzen method
can be considered as a limiting case of a Gaussian MixtureeMdidtributions with as many components
as observations [37]. In this respect the Parzen estimatjusti ed by its relation to the DP-GMM (see
also [38] for comparison with the Gaussian Mixture Sievejwidver, since the Kernel functidd | (x;; x;)
can be precomputed for all paixs andx;, using the Parzen estimator results in faster inferencerigthgn
than its equivalent for a fully Bayesian model. In the follog we perform an experimental evaluation
of our model rather than a theoretical analysis of its cdanisy and the convergence properties of its
inference algorithm. Such analysis is an interesting opeblpm for the statistical and machine learning
community.

2) Parametric Segment ModeWhen it is known a-priori that some segments are distribamszbrding
to some parametric form one should incorporate this infdioma This is easily done within the proposed
framework by using parametric models for the segment diessit(x). For example, when it is believed
the data generated by one segment is “lumpy”, it may be de=grby a Gaussian densitfi(x) =
G(x; «; k) Uniformly distributed outlier points can be representsdaasegment with uniform density:

fr(x) = Vol ) if x 2 B andO otherwise, wherd is the data bounding box. We assume that the densities

of dlfferent segments are independent, thus differentgygfemodels can be used for each one.
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3) Semi-Parametric Segment Modél:is interesting to consider a hybrid representation conmyg a
parametric and a non-parametric component. Intuitivedypghrametric component captures a coarse blob-
like description of the global structure, while the nongraetric component captures the local deviation
from it. The simplest such representation is a convex coatlan:

Rk
fO= I KO+ 9u) ©

i=1

where gc(X) is a parametric density, e.g. a Gaussian or a uniform deraitg 2 [0; 1] represents
the relative in uence between the two terms (recall thathbt@rms are normalized and sum to 1). We
experimented with this representation of the segmentibigton and found that it does indeed present
numerous advantages with respect to the simpler paranatdamon-parametric models (see Section 1I-D
and Section 1ll). We can think of the parametric term as bigsi.(x) toward a speci c region of the
feature space. The parametric terms acts similarly to alaegation or prior term over the set of segment
densities, like a prior for a DP-GMM. Each segment densityna&nly represented by the non-parametric
term. In all of our experiments we used= 0:1. An interesting question, which we do not address in this
paper, is whether could be estimated automatically for each segment. We tefthis representation as
semi-parametric [32] since it is composed of two parts: apestric part, the Gaussian distribution, and
a non-parametric part, the Kernel density estimatdivhen this type of models are used for in the
graphical model of Fig. 1 we call the overall model a semigpagtric mixture model (SPMM).

B. Modeling the Mixing Coef cients

15 27000 k) Dir(ay 25t k) (6)
Under thig assumption the ratio.= | « represents the a priori knowledge of the mgixing coef cient
k, While |, represents the level of con dence in this a priori knowled@be larger |,  is, the
stronger is the belief in the mixing coef cients and the @sponding segment sizes. Setting all to
the same value suggests that all segments have a priori sigealwhile if prior knowledge suggests that
some segments are larger, e.g. following a power law, thig beincorporated in the model by setting

x accordingly.

The choice of a Dirichlet distribution for the hidden vailiab is a convenient one, since it allows
closed-form derivation of many useful quantities durinfemence. For example, it is possible to derive
the expression for the conditional prior term (see Apperdixp(c = kjc i) = N—I\I1K++P:—k whereNy is
the size of segments excluding observatiom, N is the total number of observations and thgs are
the hyperparameters of the Dirichlet distribution for

Other choices for the distribution of the random variablare possible. Of particular interest are non-
parametric priors such as thairichlet Process[39], in which the number of segments is automatically
discovered during inference, and priors that capture theigral distribution of segments in natural
images [40], such as the one in [41].

C. Inference

Since it is not computationally feasible to perform exadeiance for the model of Fig. 1, we have to
use approximate inference. In particular, we developedhérence algorithm based on a Markov chain
Monte Carlo (MCMC) method [42]. Details on the derivationtbis algorithm and on its implementation
are given in Appendix A.

!De ning the model of Eq. 5 as “semi-parametric” is in agreemeith the de nition in [32] Chap 10, pages 235-236. Usually a
semiparametric model the parametric term describes thables of interest, while the non-parametric term modeésrihisance variables.
In our model the meaning of the two terms is different
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Input SPMM SPMM (prob.)
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Fig. 2.  Unsupervised image segmentation. Example reswts fthe two data sets we experimented on. Columns 2,4, ando® sh
segmentations of three images (column 1) using a Gaussiatummimodel (GMM), Normalized Cuts (Ncut) and our semi-pae#ric
mixture model (SPMM), respectively. The images shown ingdwand 2 come from a collection of 16 general pictures; théohoimage
was selected from the 100 Egret images (the same experimantavried out on all images in both collections, see supghah material).
The number of segments was set to 8 for general images, andaotde Egrets. Columns 3 and 6 show assignment probabilitidnere
the color of a pixel is a convex combination of the segmentkerar according to segment assignment probabilities.

100 Egret images 16 general images
SPMM Il Good SPMM Il Good
Ncut [Jok Ncut [Jok
GMM i Bad GMM Il Bad

Fig. 3. Human Ratings. Six people rated the unsupervisetiaegtion results of all the images in our data sets (Seditib) as good, OK,
or bad. The plots show the rating statistics for each expsnirand each method. Each bar is split into three parts wtipes sorrespond to
the fraction of images assigned to the corresponding raBagter overall performance corresponds to less red ane riolore. Our method
outperforms other methods in both experiments.

D. Experiments

Experiments for the image segmentation model of Fig. 1 werfopmed on two image dataset. The
rst is a set of 100 images of Egrets [43] where only gray levalues and pixel coordinates were used
to compute af nitiesA; = K (X;;X;) (see Section II-Al, Eq 4). The second is a set of 16 general col
images, where the RGB values and the pixel coordinates weze to compute af nities. Fig. 2 shows a
few representative image segmentation results.

Fig. 3 compares the quality of our results with the staté¢hefart on both datasets. The performance
of tting a Gaussian mixture model (GMM) is of the lowest qgitgl because Gaussian "blobs' poorly
approximate the image segments in xy-RGB space. The rdsul®rmalized cut and our semi-parametric
mixture model (SPMM) are comparable with slight preferetaeour method. The SPMM, as well as
GMM, naturally provides soft assignment of pixels to segtedree Fig. 2 columns 3 and 6). Such soft
assignments often make more sense, e.g., in ambiguous wases the transition between segments is
gradual. Furthermore, they provide more information thamdhdecisions do. An attempt at obtaining
soft assignments from normalized cuts was proposed in [Bdis approach however, lacks a complete
probabilistic interpretation.

Fig. 4 and 5 show an experimental comparison between the taoloapilistic models we are consid-
ering. To better understand the properties of the semimpatiac mixture model (SPMM) presented in
Section 11-A3, as well as its potential advantages over thegsian mixture model (GMM), we analyzed
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Input GMM SPMM

Fig. 4. Comparison between the Gaussian mixture model (Gl the semi-parametric mixture model (SPMM) of SectioA3l-The

colors of the sky segment are not well modeled by a unimodstidution: the left part has a more uniform color than ttghtipart, where
some clouds are present. The GMM segmentation (centet} $pdi sky into two components, while the semi-parametgeresntation (right)
correctly assigns the sky to a single segment. Fig. 5 shoa/sliservations in each segment projected on different cwstel planes of the
xy-RGB feature space.

a speci c example in detail. The image we chose, on the lefigf 4, presents a number of challenges
for any segmentation algorithm: it has an object of complep® (the stone arch), a sky partially covered
with clouds with color changing quickly from deep blue (Igfrt of the image) to veiled whitish blue
(right part of the image), and complex texture regions (tr@unains on the background).

Examining the segmentation results, we see that the GMM m@eéater) failed to identify the sky
as a single segment, but rather divided it in two parts. Tleplart without clouds was assigned to the
red segment, while the right part where clouds are presestasaigned to the blue segment. In the left
column of Fig. 5 we can see the projections on different cioate planes of the observations in each
segment of the GMM segmentation. The pixels in the red segifrerred) and the pixels in the blue
segment (in blue) were separated in two different but comtigs elliptic clusters (see RED/BLUE and
X/BLUE projections on the second and third rows). This is asamuence of the multimodal shape of
the distribution of the sky segment in the xy-RGB space. IBingince only four segments are used, the
mountains on the background and the stone arch were grompea isingle segment (cyan).

On the other hand, considering the segmentation resultseaseémi-parametric mixture model (SPMM)
(Fig. 4 right), we see that it identi ed the sky region as agdnsegment (green). This is due to the
non-parametric term in Eq. 5 which allowed the model to tallgaatage of the local proximity (see
kernel expression in Eq 4) of the two modes of the sky distidou(see right column of Fig. 5). It is
also interesting to observe how the parametric term cagttire global color of the sky resulting in also
assigning the sky label (green) to the portion of sky under gtone arch. Finally the SPMM method
correctly segmented the arch as a single object (cyan).

[1l. SEGMENTING IMAGE COLLECTIONS

We can extend the probabilistic model of Section Il for thendianeous segmentation of an image
collection. When all the images in the collection share digj¢hat have similar characteristics (see Fig. 7
top row) we can improve the segmentation by sharing infolonaécross images. For example, in Fig. 7,
since all the pictures show a person's head (and shouldeis)possible to use the consistency of these
elements' appearance (color, shape, position) acrossesnagimprove segmentation quality, as well as
provide coherent segment labels across images.

A. Semi-parametric LDA model (SP-LDA)

Hence, we propose the new probabilistic model of Fig. 6, whér segments are shared across a
collection ofM images. These shared segments are described by the distidi, with k the segment
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Fig. 5. Comparison between the different segmentationsgn4= Each plot shows different coordinate planes of thé>@B feature space.
The left column refers to the GMM segmentation the right owiuto the SPMM one. The points correspond to the projectidriseoimage
pixels. The ellipses represent Gaussian distributions frametric term for the SPMM). The colors of points andosélis correspond to
the segments in Fig. 4.
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Fig. 6. Semi-parametric Latent Dirichlet Allocation mod&P-LDA) for joint segmentation of image collections (sest®n IlI-A). As in
Fig. 1, the gray nodemn represents the observed quantities (features vecfor imagem in the collection). The nodenn represents the
segment assignment for the observation, . The node , represents the mixing coef cients for each segment in imageThe rounded
box is the hyperparameter of the Dirichlet distribution @f. The inner plate represents thi, pixels in imagem, while the outer plate
represents all tht images in the collection. Thi distributionsf{ model the recurring objects in the collection and are shamdss all
the images. Thel distributionsf 5, are local to each image, i.e. independent of the rest of thection, and represent the image specic
segments.

label and the superscrigtindicating the distribution is “shared”. We also assumd #ach image hasl
additional segments that are not shared across the coledthese image speci ¢ segments are described
by the distributiond %, whereh indicates the segment label in its image ands the image identi er

in the collection. Since these distributions are not shaess images we use the the supersargpt
for them. GivenK andH the total number of segment in each imageis+ H. If we set the number

of shared segments to zero we obtain the single image case, whilifis set to zero then we are
enforcing all the segments in an image to be shared in theatah; in Section 11I-B we will explore
the effect of different choices.

We represent both the shared distributibfisand the image speci ¢ onds|; using the semi-parametric
representation described in Section 1I-A3. We call the piolistic model of Fig. 6 with the semi-
parametric representatiosemi-parametric latent Dirichlet allocation (SP-LDAfor the shared distri-
butionsf?, the parametric term captures the information that is &tast across the image collection,
such as the shape and position of the recurring object antbits. The non-parametric term of the the
distributionsf ¢ is still image speci c. As discussed in Section 1I-A3 we céink of the parametric term
as providing a prior or bias toward a particular region of feature space (the position and color of
pixels segments). This bias represents appearance and phagerties of the common objects in all the
images.

To perform inference, we use the sampling method developedhie single image case (see Ap-
pendix A), with the exception that the parameters of the Giansterms of shared segments are computed
using observations from all the images. The non-param#drios of the shared segments are computed
independently for each image as for the single image alyorit

B. Experiments

To study the performance of the SP-LDA model of Fig. 6 we cd&isia collection of30 images, all
showing the face (and the shoulders) of different peoplefferént indoor scenes (varying background).
To determine which parts of the image are assigned to a slsa&grdent and which parts to a not shared
segment, we test different values Kf (hnumber of shared segments) aHd (number of image specic
segments).

Fig. 7 shows six images from the collection ( rst row), theiround truth segmentation (second réw)
of the face (blue segment) and several segmentation refsultdifferent values ofH andK. When no

2The ground truth considers only the face and disregards gidnes of the person like the neck and the shoulders
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Fig. 7. Segmenting an image collection. First row: six ex@®mut of a collection of 30 images of faces on different lgaoknds.
Second row: corresponding ground truth segmentation ofabe. Rows three to ve: binary segmentations with différanmbers of shared
segments. Rows six to eight: segmentation in three segmétfitslifferent number of shared segmerits.is the number of shared segments
andH is the number of image speci c ones.

information is shared among the images (third and sixth yaWws resulting segmentation is not precise
in selecting the face. Often it merges the face with part efsbene background, particularly when only
2 segments are used (third row). Moreover, the segment ioomgathe face is not consistently labeled
across the image (see sixth row). When one or more segmestshared across the images, they are
assigned to the recurring elements of the collection: tlee fand the shoulders. This results in both an
improvement in the segmentation of the face and a consiktbealing of the segment of a recurring object
across different images. In particular, when one segmesh#&ed and one is image speci & (= 1,

H = 1) the face and the shoulders are almost always assigned &htlred segment (yellow), while the
remaining part of the scene is assigned to the image speepment (red) as shown in the fourth row.
When there are two shared segments and an image speci ckore2, H = 1) the segmentation of the
face improves further. One of the shared segments captheefates (red) and the other the shoulders
(yellow), which are no longer grouped together with the fé&@eventh row). Again the rest of the scene
is assigned to the image speci c segment (green). Finallyolserve that forcing all the segments to be
shared ( fth and eighth rows) results in worse segmentati@an the case with image speci ¢ segments.
This is most likely a result of the mismatch between the modghlch assumes all segments are recurring,
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Fig. 8. Precision/recall for the face collection. Diffetenarkers correspond to the performance of the SP-LDA mdeigl ©) for different
settings of the parameteis (number of shared segments) aHd (number of image speci c segments). The green curves qoores to
precision/recall values with the same harmonic mdanreasure [45]).

and the dataset which shows faces (a recurring object) onngabackgrounds.

The qualitative observations for Fig. 7 are con rmed by thegision/recall results presented in Fig. 8.
Without sharing (i.e. settingl = 0) we have the lowest performaricgblack and magenta circles). These
results are almost equivalent to a random guess, since ¢eenfldl have random labels across the images.
Performance improves when we share information for sommeats, and one segment is image speci c.
In particular theK =2, H =1 case gives the best results (red triangle). Finally, for adxumber of
total segments, sharing all the segments (green and cyaseg) i.e. settingd = 0 always results in
worse performance than keeping one segment image spe@.djli= 1. This can be seen by comparing
the positions of crosses and triangles.

The computational cost of performing inference on the maxfeFig. 6 is linear in the number of
images and in the total number of segmelits H in each image. Using our C++ implementation of the
sampler it takes about 185 sec. per image per segment on &@R5Mhtel Xeon machine.

The SP-LDA model can to handle images like the ones in Fig.or.nkore complex situations, with
many more recurring objects that might not appear in all tim@ges of the collection, the inference
algorithm for the SP-LDA fails to converge. For this more get problem we present a new model in
Section 1V, that can handle variable content in images archpable to model the appearence of more
general categories.

IV. MODELING CATEGORICAL SEGMENTS

In the SP-LDA model of Section Ill we used mean and covariafdbe semi-parametric distributions
as shared statistics for the position/RGB value across esmagor the collection of faces we considered
in our experiments this is a good modeling choice since tbarrang object (the face) has similar shape
and color in all the images. However, for recurring objectthviextured appearance and varying position
and shape a more complex representation is required.

Inspired by the “bag-of-words” approach [11], [46] we exdetihe model in Fig. 1 by adding new
observed variablew,,, that represent the visual words associated with an obsenvathese new discrete
random variables are sampled fraf different multinomial distributions ¢ (topic distributions) which
model the visual words' statistics for each of tdesegments. Fig. 9 shows the graphical representation

3To decide which segment label corresponds to the face segmerselect the segment with the largest overlap with theimplatruth.
However, when a single segment is shared we assume that setpmerrespond to the face segment.
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Fig. 9. The Afnity based LDA model (A-LDA) for learning catorical segments (see Section IV). The two gray nodgs and
Wmn represent the observed quantities in the model: the featotor (position and color) and the visual word associatét each pixel,
respectively. The nodesn , fkm , «, and m are hidden quantities that represent the segment assigtionet,, andwmn , the probability
density of the feature vectors in segméndf imagel , , the visual words distribution for segmekit and the sizes of the segments in image
m, respectively. The two squares with rounded cornerand"” represent the hyperparameters of the Dirichlet distringiover n,, and

k, respectively. FinallyK is the number of segmentbl,, is the number of pixels in imagm and M is the number of images in the
collection.

of the extended model. The model represents a collectiol oimages. An image is represented by
Nq regularly spaced observations (e.g., one sample per pi&elbhe n-th observation of imagen we
measure a feature vectap,,, €.9. the pixel's position and RGB values. We further exti@acxed size
image patch centered at timeth pixel and assign to it a “visual wordi/y,,. In our implementation the
dictionary of visual words is obtained by vector-quantigia subset of all the descriptors of the patches
extracted from all the images. The,,, variable of an observation is the label of the dictionaryrnent
closest to the descriptor associated to the observation.

Each image is formed bl regions (segments) whose visual words statistics are dlzm®ss images.
Segmenk in imagem has a probability distributiofy., of feature vector values,,, and a probability
distribution | of the visual wordswvy,,. Note, that the distributionfs,.,, of feature vectors are not shared
between images, while the distributions of visual wordsare shared across images. This is because
we assume that the appearance of an object, which is capbyrélde | distributions, is similar in all
images. On the other hand the position of an object in a pdatidmage can be assumed independent
of the position in other images. For example, a car can apipeaarious image locations. However, its
overall appearance, as described by the visual words, isdhee in all images. We model the segment
distributionsf ., using the nonparametric model proposed in Section I, wiile  we use an LDA
model, as proposed in [11] and [46]. Thus if we removexhg node from the graphical model we obtain
the LDA model. Removing th&v,,, node from the model yields a collection bf independent models,
like the ones described in Section Il. We call this new mo#aiiehity Based Latent Dirichlet Allocation
(A-LDA) since we are using the af nities between pixels (see Eq. )escribe the segment distributions
frem-

In the A-LDA model visual words are grouped by segments. Enisbles learning topics that are related
to object parts rather than to whole scenes, as is done watlilthg of words” representation of whole
images [11]. A key aspect of the proposed model is that theitesf ., allow grouping of all the visual
words generated from the corresponding topic distributigrinto a single image segment. Moreover, it
is possible to enforce different grouping properties by ading different forms for the densitiefk., .
Assuming a Gaussian distribution over the pixel positionthie image, as in Sudderth et al. [47], results
in a spatially elliptical cluster of visual words generatiedm the topic . Assuming a non-parametric
distribution (see II-Al), results in a more complex grouplased on color information as well as position
in the image.

An important remark is that the A-LDA model assumes that #sure vectorg,,, and the visual words
wmn Of a given pixel are independent given the topic assignmenthfe pixelcy,,. It also assumes that
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visual words are independent given their hidden labelss@&h®o assumptions are theoretically incorrect.
The two random variablew,,, andx,,, are correlated, since both depend on the image patch cdntere
on pixeln. The same is true for the visual words of close (overlapppaghes. However, ignoring these
dependencies results in a simpler probabilistic model.

The densities ., and the distributions x have complementary roles in the model. The deniity
models segmerk in a speci ¢c imagem, and it forces pixels with high af nity to be grouped togeth€he
multinomials ¢ couple together segments in different images of the cadleci.e., they force segments
in different images to have the same visual words statisfitgshe multinomial coef cients of the | are
sampled from the same prior distribution: a symmetric Dilét distribution [13] with (scalar) parametér

k Dir(")
Wmnj k  Multinomial( ) (7

The K topic/segment distributions are not image speci c like ttensitiesfy.,, but rather are shared
within the entire collection. This allows coupling segmexppearance statistics across multiple images
based on the distribution of visual words they contain. H@vein a particular image of a collection there
may be objects that do not appear in other images. To modst then-recurring elements one can extend
the model of Fig. 9 by forcing some of thg to be image specic, like thé.,, rather than common
to all the collection. This extension gives a model similarthhe one of Fig. 6. In our experiments this
extended model gives similar results to the one of Fig. 9.

V. EXPERIMENTS. UNSUPERVISED SEGMENTATION AND CATEGORY LEARNING

Following Fei-Fei et al. [11] we extract patches by densalygling each image with a grid of 4 pixels.
For each patch a local descriptor is computed. We experiedentth three possible descriptors: the RGB
value of the central pixel of the patch, Iter bank outputs8J4and the well known SIFT descriptor
[9]. The dimensionality of the descriptor vectors are 3, amd 128 respectively. In all three cases a
subset of the extracted descriptors is used to construcsw@aldictionary via K-means clustering (see
Sivic et al. [46]). We experimented with three differenttthoary sizes: 256, 512, and 1024. Finally, the
visual word assigned to the patch is the label of the mostlaindictionary element. The multinomial
distribution of visual words y are shared across images since they model the appearaneeuofing
elements in the collection.

In all our experiments the densitids.,, are non-parametric (see Section |I-Al) and are assumed
independent between images (see Section V). We use therenieg contour method [35] to com-
pute the af nities used for the non-parametric approximatof f.,,. We also experimented with the
semi-parametric model (see Section [I-A3) which achievethgarable performance but required more
computational resources for estimating the mean and thariemce of the parametric term.

The computational cost of the inference algorithm for thedelaf Fig. 9 is linear in the number of
images and in the number of topics/segmefitgsee Appendix B for the implementation details). The
algorithm is implemented in C++ and it has a running time afw&tl?0 sec. per image (witk = 20) on
a 2.50GHz Intel Xeon machine. This running time is much semdhat the one reported in Section III-B
for two reasons. First we are sampling the image oh a4 regular grid, hence reducing the number of
observation in the collection. Second we are using the ravametric representation of Section II-Al for
the segment densitids., rather than the semi-parametric representation used itioBeid!.

We tested our system on four databases: the Microsoft R#s€ambridge dataset version one (MSRCv1)
and version 2 (MSRCv2) [49], a subset of the LabelMe datédetahd the scene database of Oliva and
Torralba [50]. Note that our experiments are completelyupesvised: we do not use any labeling
information during inference. The “ground truth” segmeiuta is used only to evaluate the segmentation
results. The results of our unsupervised recognition/ssgation system are illustrated by showing the
segmentation masks and by reporting numerical evaluatidheo segmentation accuracy of the model.
Finally, we provide a comparison with three other relateabaibilistic models: the Gaussian mixture model
(GMM), the Latent Dirichlet Allocation (LDA), and the spatiLatent Dirichlet Allocation (S-LDA) [17].
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Fig. 10. Visual words dictionaries. Left: 256 visual wordkem the pixel color is used as descriptor. Right: averagbephatches associated
to 256 visual words when the Iter bank is used as descriptor.

A. Comparing different types of visual words

The rst descriptor we tested is the RGB value at the centea patch. The left panel of Fig. 10 shows
the RGB colors associated with the centroid of the dictipnaords (256 visual words). We used the
MSRCv1 dataset to obtain these centroids. We observe thatt @f the visual words in the dictionary
correspond to green texture. This is a consequence of tge wantity of grass and foliage present in
the MSRC datasét

Fig. 11 shows unsupervised segmentation results of seweades of the MSRCv1 dataset. Each
categorical segment is marked with the same color in all thages (arbitrarily chosen to highlight
individual segments). Notice that corresponding regi@rgltto have the same color across all images
indicating that the unsupervised algorithm has “discodeithe corresponding categories: e.g. the sky
segment is always assigned to the green label. To obtain atitpieve evaluation of our system we
consider the segmentation error with respect to the groumth.t\WWe consider only a subset of the 13
categories present in the dataset since some categories@greare, i.e they occupy less then 1% of the
total number of pixels in the collection. In particular we dot consider: sheep (0.45%), horse (0.18%),
and mountains (0.25%). Fig. 12 shows the precision/redal$ for each category when using a dictionary
of 1024 visual words and 20 segmenis € 20). We also experimented with other sizes of the dictionary
(256 and 512). The overall performance of the system did hanhge signi cantly with the dictionary
size, with a minor advantage being gained by using a largsiodiary.

The second descriptor we tested is the output of a Iter ba¥&{ pt each pixel location. Fig. 10 shows
the means of all1 11 patches assigned to each dictionary word when the lIter baekponses are used
as basic patch descriptors. We observe that with this g#scrive have two types of visual words: color
visual words and texture visual words. The rst type desesiluniform patches based on their color, while
the second type characterizes image patches by the speeidiemt pattern they describe (a centered dot
or a slanted edge) and usually have a gray color (from avegagatches of different color but similar
gradient pattern).

Fig. 13 shows unsupervised segmentation results of seweades of the MSRCv1 dataset. Each
categorical segment is marked by the same color across afjeés Fig. 14 shows the precision/recall plots
for all the considered categories. We can see that our madtims extremely well on the grass category
which is the single most popular category in the dataset (20%he pixels are labeled grass). Other

“These two classes account for almost 30% of the pixels in #aset.
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Fig. 11. Unsupervised segmentation and recognition resutien only RGB information is used to construct the visualdsoThree panel
are presented. In each of the three panels we present theabrimage, the segmentation using the A-LDA model and thmamtation
using the LDA model. The three panels show the different sypeimages: cows, trees, and faces. For a speci ¢ model thre golor in
different images identi es the same topic segment.
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Fig. 12. Precision/recall plots for the MSRC dataset wheingusisual word based on RGB color. The dictionary size is 024 visual
words. The number of topick is set to 20. The F-measure isolines are de ned as in Fig. 8.

categories like faces, sky, and foliage(tree), have medienformance. The most challenging categories
are airplanes, cars, and sea. In particular the airplanegagy is almost never recovered. The problem
with the airplanes and cars categories is that they have a widge of appearances and points of view
which makes it dif cult for the A-LDA model to spot their rectence across images without supervision.
The sea category is relatively rare compared to the othess, than 1% of the dataset.

For each category we compute the segmentation accuracy asasure of the system performance.
Following [51], we de ne the segmentation accuracy for aegaty as the number of correctly labeled
pixels in that category, divided by the number of pixels ladan that category in either the ground truth
or the segmentation results (intersection/union matrithis pixel based measure has several limitation:
it does not take into account multiple instances of the sabjecb category in a single image and it does
not consider the quality of the segment contours. Nonetiselee decide to use this particular de nition
because it is a de facto standard for the computer vision aamtgnand it has been used to evaluate other
(supervised) segmentation/recognition systems [52][BR). 15a) shows the scatter plot of the accuracies
for each category when using color visual words and whengusettor quantized Iter bank responses.
We see that in general the Iter banks perform better, alfjfotor the cows and sea categories the color
visual words perform better. We also tested a third type sti@l words based on the SIFT descriptor.
Since the SIFT descriptor is based on the intensity gradiedbes not capture color information. In order
to also consider color information, we modi ed the model of./ to have two different visual words per
observation: one derived from color (see previous disauidsand one derived from SIETFor a given
segment, visual words of different types are sampled from two indegent multinomial distributions

% (color) and }{ (SIFT). Fig. 15b shows the scatter plot of the accuraciesmiseng color/SIFT visual
words and when using Iter bank visual words. We observe that Iter banks visual words and the
joint color/SIFT ones have similar accuracy results (clesehe diagonal) with the Iter banks visual
words performing better for the categories grass, sky,dauel foliage, and the color/SIFT visual words
giving greater accuracy for building, bikes and cows. Asvimesly observed, Iter bank visual words
can be divided in two groups: color and texture. Since c8I&T visual words also capture these two
patch properties (in a different way), the similarity of segntation accuracy is not surprising. In all the
following experiments we will always use Iter bank visualowds. We also experimented with other
collections of images such as the Boston urban area subdeib&iMe [3] and the scene dataset used

true positive
true positive false positive false negative
®Using only visual words based on SIFT merges categories sitifilar texture, but different color like grass and sea.

SEquivalently, the accuracy is given by the equation: aaura
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Fig. 13. Unsupervised segmentation and recognition whear fesponses are used to construct the visual words. SiynitaFig. 11, three
panel we present. In each of the three panels we presentitiirabimage, the segmentation using the A-LDA model andsbgmentation
using the LDA model. The three panels show different typesnaiges: cows, trees, and faces. For a speci ¢ model the saoe in
different images identi es the same topic segment.
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Fig. 14. Precision/recall plots for the MSRC dataset whengusisual words based on Iter bank responses (red cros3ds) dictionary
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Fig. 15. Comparison of the segmentation accuracy of the ALlBodel for different types of visual words: color (RGB) vauwords
(horizontal axis) and the Iter bank visual words (verticatis).

by Oliva and Torralba [50]. Fig. 16 and Fig. 17 show severaegles of categorical segments learned
from these datasets.

All the experiments considered so far are completely unsiged, i.e., neither regions of an image
nor whole images have any label. If we allow for a certain amoof supervision we can improve
the performance over the unsupervised case. For exampleaweonsider the case when we know a
priori which objects are present in each image of the cabthectin this case we share statistics only
between images that contain the same object, as in the egmriof Section IlI-B. Fig. 18 compares
the precision/recall values for the unsupervised case ¢redses) and the semi-supervised case (blue
circles). In the rst case all the images in the collectior aegmented together and the model has to
determine which object is present in each image. In the skcase, we segment together only images
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Fig. 16. Four topics/segments learned from the LabelMebdestan Each panel contains 8 segments from the same topidolih&pics
represent four different elements of a possible streetesciree/foliage”, “buildings”, “street pavement”, andK{g'. These topic panels
show the consistency we obtain across the images of thectiole

that contain objects from the same catedotysing this limited information we can achieve much higher
precision/recall values on all the categories we have &bel

B. Comparison with other probabilistic models

We compare the A-LDA model with three alternative modelse Ttst model is a simple Gaussian
mixture model (GMM) with the same number of components ascsdpegments in the A-LDA model.
To obtain the model we collect all the descriptors of all theages and estimate the model parameters
and the observation assignment using EM. We observe thah whttmating the model we use neither
any af nity information (segmentation cues) nor image memship.

Another possible probabilistic model is the LDA model. Asselbved in Section IV, this model can be
seen as a simpli cation of the A-LDA model in which thg,, variable is removed. Therefore, the LDA
model does not consider the relationship between the visoalls of an image (af nities information),
but does consider image membership, i.e., the same visudl mvay have different meanings in different
images. The number of segments is 20 in all the experimerdsaadiictionary of 1024 visual words is
used for both the LDA model and A-LDA model. We use lter bardsponses as the descriptor for image
patches. Fig. 19 shows scatter plots comparing the A-LDA ehadth GMM (left) and LDA (right). We
see that the A-LDA outperforms GMM on all the categories ia ttataset. The A-LDA outperforms the
LDA in all the categories but two: cars and cows.

We compare our model (A-LDA) with the spatial Latent DiriehlAllocation (S-LDA) proposed by
Wang and Grimson [17]. This model extends LDA by considetimg proximity of visual words in an
image, but without using information based on the local kirty of the image patches. Table | reports
the detection/false alarm rates and the accéraythe two systems. In three out of the four categories
reported in [17] we obtain higher accuracy and lower falsegral For two categories: bikes and faces we
also have higher detection rate. Furthermore, we repoditeesn six categories ignored by [17].

Finally, we tested the A-LDA system on the more challengin@RCv2 dataset. This dataset contains a
total of 591 images and 23 categofieSince this dataset is a superset of the MSRCv1 we can alsovabs
if and of how much the segmentation accuracy of the A-LDA dases when more categories need to

"We only consider one category for each image. For exampla ifrmge has both cows and grass we only consider cows.

8The accuracy values for S-LDA were not reported in [17]. Wenested them from the Detection and False alarm rates regont [17]
and ground truth by calculating for each category the nundbdrue positive, false positive, false negative and trugatiee.

®Two categories: horse and mountains were not consider imxtheriments because of the limited number of pixels witts¢hmbeled.
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Fig. 17. Six topics/segments learned from the Scene dagalzech panel contains 8 segments from the same topic. Oualwigords
representation incorporates color information, therefskies were assigned to two topics, light blue and dark blue.

Class S-LDA (Wang et al.) A-LDA
Detection| False Al. | Accuracy* | Detection| False Al. | Accuracy

Ccows 0.5662 0.0334 0.3513 0.3796 0.1191 0.1193
grass N/A N/A N/A 0.6910 0.0434 0.5904
cars 0.6838 0.2437 0.1381 0.2888 0.0331 0.1878
sea N/A N/A N/A 0.3735 0.0087 0.1688
buildings N/A N/A N/A 0.2884 0.1004 0.1552
foliage N/A N/A N/A 0.5403 0.0852 0.2892
sky N/A N/A N/A 0.5729 0.0271 0.4524
airplanes N/A N/A N/A 0.2108 0.0539 0.0688
bikes 0.5661 0.3714 0.0672 0.6789 0.1072 0.2161
faces 0.6973 0.4217 0.0481 0.7038 0.0349 0.3323

TABLE |
COMPARISON OF OUR MODEL(A-LDA) WITH THE PROBABILISTIC MODEL OFWANG AND GRIMSON (S-LDA) [17].

be identi ed. Besides the usual comparison with the LDA mnode also consider the three supervised
segmentation systems described in [52], [53], and [54F tamparison provides an upper bound on the
performance of the system. The accuracy results are raeporteTable Il. For both the A-LDA model
and the basic LDA we use a dictionary of 1024 visual words iokth from Iter bank descriptors and
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Fig. 18. Precision/recall plots showing the segmentatgmognition performance of the A-LDA on seven categorieplanes, bikes,
buildings, cars, cows, faces, and trees (foliage). The redses refer to the unsupervised case (see Fig. 14). Thecistiles refer to the
weakly-supervised case, where the category label of thecthjin an image is known. Even this limited amount of supéni, a single
label for the whole image, greatly improves performancehef segmentation.
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Fig. 19. Left: scatter plot comparing the A-LDA model with a@sian mixture model (GMM)). We can see that the A-LDA madehys
outperforms the GMM. Right: scatter plot comparing the AA.Bhodel with an LDA model. In this case A-LDA model has bettecuaracy
for almost all categories. All the three models use 20 segsnand are unsupervised.

K = 60 topics in the modé?. we ran the two inference algoritms (Gibbs sampling) for ragjmately
the same amount of time. We observe that A-LDA outperfornteddtandard LDA for most categories,
with the major exceptions of the categories Flower and Baae (second and third row of Table II. Both
unsupervised methods had considerable dif culty in reénigg and segmenting object categories like
Cat, Boat and Body. These categories have a wide range @iétyi and represent only a small fraction
of the pixels in the collection so it is challenging to spa gtatistical regularity of their appearance. The
same categories are better handled when a certain amounipefvsion is provided as shown by the
bottom three rows of Table II. For all three methods both tisual words and the category model are
built in a discriminative way. It is also interesting to coamp results for the A-LDA model when applied

We used a larger number of topid€ (= 60) than we did for the MSRCvIK = 20) bacause of the larger number of categories in the
dataset.
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Fig. 20. Accuracies of different classes as the size of teesfaategory in the collection increases. The accuracyhforfdces category
(solid orange) keeps improving as the size of this classeaggs. The accuracies of other categories like grassgéolizuildings are fairly
constant. The accuracy for the cow category decreases asuthber of pixels in the faces category increases suggettigit is more

dif cult to discriminate between these two categories givair visual words. We con rmed this effect by exploring segtation results for
individual images: the reddish cows are sometimes confugthd pink-brown faces.

Model Buil. | Grass| Tree | Cow | Sheep| Sky | Airpl. | Water | Face| Car | Bic.
A-LDA (v1) 16 60 29 12 X 45 7 17 33 19 | 22
A-LDA 11 61 32 10 4 39 3 20 22 6 32
LDA 4 47 8 6 5 22 7 16 24 6 0
[52] 52 87 68 73 84 94 88 73 70 68 | 74
[53] 62 98 86 58 50 83 60 53 74 | 63 | 75
[54] 49 88 79 97 97 78 82 54 87 74 | 72
Model Flower | Sign | Bird | Book | Chair | Road | Cat | Dog | Body | Boat
A-LDA (v1) X X X X X X X X X X
A-LDA 16 8 1 9 4 16 5 3 3 4
LDA 29 2 0 24 3 14 0 1 5 0
[52] 89 33 19 78 34 89 46 | 49 54 31
[53] 63 35 19 92 15 86 54 | 19 62 7
[54] 74 36 24 93 51 78 75 | 35 66 18
TABLE I

SEGMENTATION ACCURACY (IN PERCENT) FOR THEMSRCV2 DATASET. THE FIRST ROW REPORTS THE ACCURACY

to the MSRCv1 subset of images. We see that accuracy is lawéné more challenging MSRCv2. This
is a consequence of the larger number of categories thensystérying to identify. For categories with
a large number of observations like Grass, Trees, Bicydlg, &d Water the segmentation accuracy is
comparable if not larger. For these categories, the dafaseides enough evidence for building a good
statistical model. This observation is further analyze®bection V-C.

Of course, even for the grass category, (which is the largegioth the MSRCv1l and MSRCv2),
the performance of the A-LDA is lower than the correspondimg for the supervised methods. These
methods use a large amount of supervision, as seen [54]eTresslts were obtained using 276 training
images with pixel level labeling. More complex dataset ltke Pascal VOC were not considered for
experimental evaluation. These datasets were designe@ tchallenging for supervised systems, and
will be almost impossible for the unsupervised cas&ven a relatively “easy” dataset for supervised

HIf the recognition accuracy is very low for all the unsupeed methods tested, it would be dif cult to draw any conausi
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recognition MSRCV2 is quite challenging for the unsupesdisnethods like A-LDA.

C. Accuracy vs. category sample size

Since our model (Fig. 9) is completely unsupervised, it lasely on the co-occurrences of visual
words wy,, to identify different categories. Therefore, we expectt tthee larger the number of pixels
in a category the higher the accuracy will be for that catggsince there is more evidence to identify
co-occurring visual words in that category. To verify thiguition we consider the MSRC dataset, remove
all the images of faces, and progressively add new images fte faces category in the Caltech101
datasef. In each iterations, we add a new batch of 10 images to theatimh, then run our inference
algorithm to obtain the categorical segments and compw@edtcuracies for the faces as well as all the
other categories in the datasets.

Fig. 20 shows the mean accuracies of each category in thealdta different number of pixels in
the faces categoty. As expected the accuracy for the faces category, depictedthick solid orange,
increases as its size increases. In particular, the accuraceases faster at the beginning, when the
number of pixels is relatively small and slows down when tlhuenber of pixels is greater thai0000
The accuracies of the other categories are fairly stablé) tie exception of a few categories which
decrease as the face category becomes large. Among thesgtiers the category which decreases the
most is the cows one, with a drop 6f16 in accuracy. This is due to the similarity between the visual
words distribution of the faces and cows categories. As tbe af the faces category increases the prior
probability for a pixel to be a face also increases, leadinginoference algorithm to label ambiguous
pixels as faces instead of cows.

VI. CONCLUSIONS

We proposed a probabilistic model for simultaneously seging and recognizing consistent object or
objects parts without the use of human supervision. Ouresystiffers from previous work, which either
cascaded or interleaved segmentation and recognitioradsof integrating them into a single process.
We rst introduced a simple semi-parametric mixture modePMM) that can be used for single image
segmentation. With respect to other probabilistic modalsh as GMM, this image segmentation model
has the advantage of allowing a more exible representatibthe segments composing an image. Our
experiments on single image segmentation show that in tmsegt our model is superior to GMM. The
same experiments show performance that, in this experahsoenario, is comparable with normalized
cuts. The advantage of our model is providing a consisteobadsilistic framework that can be easily
extended to address more complex vision problems.

We extended the single image model to approach the moreedgatiy problems of simultaneous
segmentation and recognition of an entire image collectwith limited or no supervision. We found
that sharing information about the shape and appearancesefjment across a collection of images of
objects belonging to the same category can improve perfocmalo address the more general case of the
simultaneous unsupervised segmentation and recognifiomutiiple categories in a collection of image,
we further extended our model by also using visual words tcdee recurring categorical segments in
different images. The statistics of the visual words in eaegment are shared across images, helping
the segmentation process and automatically discoveriogriag elements in the image collection. Our
experiments show that our model (A-LDA model) outperforntisen probabilistic models such as GMM,
LDA and S-LDA. We also show how a limited amount of supervisioamely the label of the object
present in an image, can greatly improve the segmentatguitge Finally, we studied the relation between
the performance and the number of observations in a givaagoat and found that the accuracy increases
with the number of observations.

12The 30 images in the MSRC dataset with face labels are a sobsle¢ faces category of the Caltech101.
B\We repeat this experiment 20 times. Each time we randombcséhe batch of 10 images to add from the list of unused images
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In our experiments we considered observations sampled &oagular grid in the image. An alternative
approach that can be pursued is the use of superpixels [T vations. This would result in a reduction
of the number of observations and a corresponding speed-tiEe system.

While A-LDA outperforms the other unsupervised modelsaitsuracy in a challenging dataset like the
MSRCV2 is low in absolute terms and quite distant from thelltesachieved by the supervised methods.
The lack of supervision makes the recognition/segmematioblem considerably more dif cult. However,
the gap between the supervised methods and the A-LDA modad$asa result of the assumptions of the
model. In particular: the independence assumption of Visuads and observations, and the common
topic model for all the segments from the same category G&kfpr a in depth discussion on the issue).
We believe that our model can offer a starting point for iriggging more complex descriptions of how
images can be segmented and objects recognized.
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APPENDIX

For all the models presented, computing the posterioridigion of a segmentation given the observed data (singégaror
image collection) is intractable. Therefore, we developddmily of approximate inference algorithms, one for eamtspnted
model. Our algorithms are all based on Gibbs sampling [42].

A. Single Image Segmentation

We rst present the inference algorithm for segmenting agirimage (model in Fig. 1). Lgt(cajc n;X) be the posterior
distribution of the segment labe}, for the n'th pixel given the segment labels , of all the other pixels in the image and
all the feature vectors of all the pixels in the image. Using Bayes' rule we obtain:

p(ch = Kjc n;x) 1 p(Xnjcn = K;X n;C n)p(Chjc n): 8

The rst term of of Eq. 8 is the likelihood of the feature vecto, to be in thek-th segment. The expression for this term
depends on the model used to represent the segment. For lexasimy the non-parametric approximation of Eq. 3 we have:

1 X
P(Xnjcn = KiX nicn) = fi(xn) = Ne o Kxnix) 9)
j2Sk
where the kernel values (xn;Xj) = Ay represent the af nity betweery,, andx; 14, Sy is the set of observations in segment
k, excluding the observationm, andNy is the cardinality of segmer8. Similarly if we are using the semi-parametric model
of Section 11-A3 the likelihood terms becomes:
).

P(Xnjcn = ki X n;cn) =(1 )N—lk KXn;Xj)+ GX; «; «); (10)
j=1

whereG((Xn; k; k) is a multivariate Gaussian distribution ang and  are the mean and covariance matrix of segment
k. These two quantities could be modeled as additional randanables with suitable prior distribution, for example a
Normal Inverse-Wishart distribution). These random Maléa could also be sampled from their posterior distributigven
the observationg and the segment labeling However, in our experiments we found that treating them asupeters and
computing their value as sample mean and covariance of teergditions in each segment (which corresponds to a Maximum
Likelihood estimator for them). This algorithm can be sesraaversion of Monte Carlo EM [57] with the E-step implemented
using the a single Gibbs sampling round for the segmentdabahd the M-step implemented by the maximization of likeliioo
of the observation and labels over the parameteand  of each semi-parametric distribution.

The second term of Eq. 8 is the a priori probability for obsg¢ian n to be in segmenk, given the segment labels of all
the other observations. Since we are assuming a Dirichstildlition for the mixing coef cients we can marginalize this
hidden random and obtain the closed form expression:

Nk+d<
(N 1)+'k k

whereN is the cardinality of segmer8 and  are the hyperparameters of the Dirichlet distribution of

Using Eq. 9, or Eq. 10 for the semi-parametric model, and Hqw#& can compute the posterior distribution in Eq. 8. We
can therefore run a Gibbs sampling algorithm to obtain sampif ¢ from p(cjx). All the quantities used to compute the
posterior can either be precomputed, like the af nitke¢x;; x;) = Aj; , or updated ef ciently like the counthly

Given the samples from(cjx) obtained by Gibbs sampling, it is possible to estimate ah gé@xel the segment assignment
probabilities. To obtain a segmentation of the image the M&sBmator at each pixel can be used.

p(cn = Kjc n) = : (11)

B. Image Collection Segmentation

To estimate the posterior distributigo(cjx;w) we can extend the Gibbs sampling algorithm previously presk Let
p(cmn jC mn ;X;W) be the posterior distribution of the hidden segment lakgl of the n'th pixel in imagem given the class
labelsc m, of all the other pixels in all the other images, all the featuectorsx and all the visual wordsv. This yields:

P(Cmn = KjC mn s X; W)/ P(Xmn ; Wmn jCmn = KiX mnsW mn ;€ mn )P(Cmn jC mn ): (12)

In our model the feature vectot,,, and visual wordwy,, are assumed to be independent given the segment dahelWe
can, therefore, decompose the likelihood term as the ptoduc

P(Xmn s Wmn jCmn = KiX mn W mn ;€ mn) = PXmn jCmn = KiX mn;C mn )P(Wmn jCan = KiW mn i€ mn ): (13)

“The Ay are the entries of the af nity matrix used by the Normalizedt Gegmentation algorithm. They can be precomputed befare t
inference step.
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The rst term of Eq. 13 is the likelihood of the feature vectof, to be in thek-th segment of imagen. Using the
non-parametric approximation of Eq. 3 this term can be esgwd as:

1

m

P(Xmn jCmn = K;X mn ;Cmn) = fI?(;m (x) = N K (Xmn » Xmj ) (14)

i 2 Skm

where the kernel valuels (Xmn ; Xmj ) = Anmj represent the af nity betweeRm, , andxmj , Sk;m is the set of feature vectors
in segmenk in imagem, excluding the vecton, andNy., is the cardinality of segmer8.n, .

The second term of Eq. 13 is the likelihood of the visual wawg, to belong to the topic distributiony. Given the conjugate
prior over y (see Eg. 7) we obtain:

NWmn K + .
N+ "V

whereNy,,, :k iS the number of pixels with visual word,, assigned to segmehtin all the images of the collectiom

is the total number of observations assigned to segrkeand" is the hyperparameter of the Dirichlet prior over the topic

distributions 's.
As in Appendix A, the prior term of Eq. 12 can be written as:

Nigm + ok
’ ! ; 16
No D+« (16)
whereN.,, is the cardinality of segmei8i in imagem, N, is the number of pixels in image and  are the hyperparameters
of the Dirichlet prior over p,.
Combining Eg. 14, Eqg. 15, and Eqg. 16 we obtain the followingregsion for the conditional probabilities used in the Gibb
sampling:

P(Wmn ;jCmn = KiW mniC mn) = (15)

P(Cmn = KjC mn) =

0 1
1

k;m

Nwrnn kT ) Nk;m + pK
Ny + "V (Nm D+

K (Xmn » Xmj )A

P(Crn = KiX;W;C mn )/ @N
jzsk;m

(17)

All the quantities in Eq. 17 can either be precomputed, Iike af nities K (x;;X;) = Aj , or updated very ef ciently. Given
the samples fronp(cjx;w) by Gibbs sampling, it is possible to assign each pixel to anseq using the MAP estimator. The
segment distributionéy.,, and the topic distributions, can be estimated given the assignment.



