Neural Process Lett
DOI 10.1007/s11063-013-9293-x

Non-Gaussian Data Clustering via Expectation
Propagation Learning of Finite Dirichlet Mixture
Models and Applications

Wentao Fan - Nizar Bouguila

© Springer Science+Business Media New York 2013

Abstract Learning appropriate statistical models is a fundamental data analysis task which
has been the topic of continuing interest. Recently, finite Dirichlet mixture models have proved
to be an effective and flexible model learning technique in several machine learning and data
mining applications. In this article, the problem of learning and selecting finite Dirichlet
mixture models is addressed using an expectation propagation (EP) inference framework.
Within the proposed EP learning method, for finite mixture models, all the involved para-
meters and the model complexity (i.e. the number of mixture components), can be evaluated
simultaneously in a single optimization framework. Extensive simulations using synthetic
data along with two challenging real-world applications involving automatic image annota-
tion and human action videos categorization demonstrate that our approach is able to achieve
better results than comparable techniques.

Keywords Mixture models - Dirichlet distribution - Expectation propagation -
Image annotation - Human action videos categorization

1 Introduction

As the availability of digital multimedia data (e.g. images, videos or text) continue to increase,
powerful approaches for analyzing, managing and clustering these data become extremely
important in various fields including machine learning, data mining, computer vision, etc.
In particular, clustering is a common unsupervised learning technique used to discover groups
of similar examples within a data set which is crucial for knowledge acquisition and has
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been the subject of extensive research. A powerful approach to clustering is the use of
finite mixture models which has important advantages such as its flexibility and addressing
unsupervised learning in a formal way [11,23]. A finite mixture model is formed by taking
linear combinations of a finite number of basic distributions. These basic distributions are
called components of the mixture model. Traditionally, several clustering methods have been
based implicitly or explicitly on the Gaussian assumption [11,17]. Although assuming that
the per-components densities are Gaussians has been widely considered in the past, due to
their approximation properties and simplicity, recent works have shown that other models
may provide better fitting capabilities in the case of non-Gaussian data. For instance, it has
been shown that the Dirichlet mixture can be a better alternative in several applications
especially those involving proportional data in [2-5]. Therefore, motivated by its flexibility
and good performance obtained in these previous works, we shall focus in this paper on the
finite Dirichlet mixture model.

A maximum likelihood (ML) approach based on the expectation-maximization (EM)
algorithm has been proposed in [5] to learn finite Dirichlet mixtures. Although the EM algo-
rithm is commonly used to estimate the parameters of finite mixture models, it has several
limitations such as the fact that it only guarantees convergence to a local maximum of the
likelihood and the necessity to know the appropriate number of components in advance. The
later limitation is especially serious since choosing too many components leads generally
to over-fitting and the specification of a comparatively small number of components causes
under-fitting. A common solution for selecting appropriate number of mixture components is
to consider model selection criteria such as those discussed in [4] where a minimum message
length criterion (MML) has been developed. Recently, some research works have shown that
the drawbacks of the EM algorithm can be addressed by adopting an expectation propagation
(EP) framework [26,27]. As a better alternative to the EM, the EP framework has received
considerable attention and has provided good generalization performance in many applica-
tions including finite Gaussian mixtures learning [7,26]. EP is a recursive approximation
scheme based on the minimization of a Kullback-Leibler (KL) divergence between the true
model’s posterior and an approximation [26,27]. It can provide full posterior distribution
of model parameters that represent the underlying structure of the data. Notice that, the EP
algorithm is an extension of the assumed-density filtering (ADF) [22] which is a one pass,
sequential approximation method. In contrast to the ADF, the order of the input data points
is not crucial in the EP inference and its inference accuracy could be improved by re-using
the data points many times. In the case of finite mixture modeling, unlike the ML method in
which the number of component is detected by applying some typical criteria, the EP infer-
ence framework can estimate model parameters and determine the number of component
(i.e. model selection) simultaneously.

The major contribution of this paper is that we construct a statistical Bayesian framework
based on finite Dirichlet mixture models using EP inference framework, such that the model
complexity selection and the model-parameters estimation can be performed simultaneously
in a single optimization framework. Furthermore, we apply the proposed approach to solve
two challenging problems involving automatic image annotation and human action videos
categorization. We are motivated mainly by the good results obtained in the past using EP
techniques in machine learning applications in general [12,21] and for the finite mixture
modeling in particular [7].

The rest of this paper is organized as follows. Section 2 introduces in sufficient details
the finite Dirichlet mixture model. In Sect 3, we describe our EP inference procedure for the
proposed model learning. Section 4 presents results on synthetic data and two challenging
real applications. Section 5 closes with conclusions.
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2 Finite Dirichlet Mixture Model

In this section, we briefly review the finite Dirichlet mixture model that we shall propose a
new learning approach and algorithm for it. Assume that we have a D-dimensional vector

X = (X1, ..., Xp) which follows a Dirichlet distribution with positive parameters o ; =
(@1, ..., ajp), then the probability density function of X is given by
INO A N\ .D o
Dir(X|a;) = INOISTID) T1x 1 0

D
[T T =1

where ZZD=1 X;=1and 0 < X; < 1forl = 1,...,D. The mean and variance of the
Dirichlet distribution are given by

E[X)] = —p"— 2
21 i
D
o D v — o
Var[X;] = 011(21_1 ]Il) jb) 3)
Czia)* il e+ 1)
Assume now we have observed a set of N vectors X = {Xy, ..., Xy}, where each vector
X; = (Xi1, ..., Xip) is represented in a D-dimensional space and assumed to be generated
from a finite Dirichlet mixture model with M components as [5]

M
p(Xim. @) = > 7;Dir(Xe) @)

j=1
where @ = (a1, ..., ap), and Dir(X]e ;) is the Dirichlet distribution of component j with
its own parameters &; = (o1, ...,a;p). ® = {m;} are called the mixing coefficients that

are subject to the constraints 0 < 7; < 1 and Ziwzl w; = 1. Accordingly, the likelihood
function of X’ can be written as

N M

p(Xr, @) = H[Zn,»Dir(X,wa,-)] )

i=1tj=1

3 EP-Based Learning of the Finite Dirichlet Mixture Model
3.1 Expectation Propagation

In this subsection, a brief introduction to the EP approximation scheme is presented. Consider
an observed data set of N i.i.d vectors X = (X, ..., Xy) which follows a model with
unknown parameter ®, then the joint distribution of X’ and ® can be represented in the form
of a product of factors as [12,21]

px,0) =[] f©) ©)

One possible factorization of Eq. (6) is that there is one factor f;(®) = p(X;|®) for each
data point X;, along with a factor f(®) = p(®) which corresponds to the prior. The main
idea of the EP algorithm is to approximate the posterior distribution p(®|X) by a product of
factors:
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I1; /:(©)
[T1; fi(©)d®

where each factor ﬁ (®) is an approximation to f;(®). In the EP learning framework, the
first step is to initialize all the factors f:(®). Then, each factor is optimized sequentially in
the context of the remaining factors. For a specific factor f;(®), we first remove it from the
current approximation to the posterior by

q*(®) = (N

*
®
\J ®) = 7°(©) (8)
f j(©)

Then, a new distribution can be obtained by combining Eq. (8) with the true factor f;(©) as

- 1(©)g\ ()
p@) = L1 ©)

[ 11(©)q\i(©)de

Next, the approximated posterior ¢*(®) can be evaluated by minimizing the KL divergence:
KL(;?(@) I q*(@)). This is achieved by matching the sufficient statistics of ¢*(®) to the
corresponding moments of p(®). Then, the approximating factor f;(®) can be updated as

q"(®)
7q\i(©)

fi(©) = (10)
where Z; = f fi (®)g\ (©)d® is a normalization constant. In EP learning, each factor can
be updated iteratively in the context of remaining factors as described in the above steps
until convergence. For more details about the EP learning framework, the reader is referred
to [26,27].

3.2 Expectation Propagation for the Dirichlet Mixture

In the following section, we adopt the EP framework for learning the Dirichlet mixture model.
In Bayesian modeling, we need to assign to each unknown parameter a prior distribution. In
our case, a Dirichlet distribution with positive parameters a = (ay, ..., ay) is adopted as
the conjugate prior of m:

. (Z 15’/)
p(n) = Dir(xla) = ———= (11)
[1}Zi 7)) ;- H K

For the parameter «; of the Dirichlet mixture model, since the formal conjugate prior of
Dirichlet is analytically intractable, we adopt a Gaussian distribution to approximate the
prior which has shown good results in the case of the Beta (i.e. one-dimensional case
of the Dirichlet) [21]. This is motivated by the fact that the Gaussian allows analytically
tractable calculations and can fairly capture the correlation among the elements in . Thus, a
D-dimensional Gaussian, with mean vector u ; and covariance matrix A ;, is considered for
a;, such that:

|A]|1/2 1 r
plaj) = N(ajlpj, Aj) = WCXP(— Sl =) Ajlej = ﬂj)) (12)

The first step in the EP inference is to initialize all the approximating factors f:(®). This
is done by initializing all the involved hyperparameters {a;, i, A;}. Next, we initialize
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the posterior approximation ¢*(®) by setting ¢*(®) o []; ﬁ(@). Therefore, we can easily
compute the hyperparameters of ¢*(®) as

= Zai,j - N (13)
= (2240 (2 Aijmig) (14)
Al = ZAi,j (15)

In order to update the factor ﬁ (®), we have to remove it from the posterior ¢*(®) as shown
in Eq. (8). Then, the corresponding hyperparameters can be computed analytically as

aj\_i:a}’f—al-’j-i-l s (16)
pi = (AN (AT — A ) (17)
AY =AY — Ay (18)

Next, the updated posterior p(®) can be calculated as

1 .
p(O) = 5fi<®>q\‘ (®) (19)

where
Z; = / £:(©)¢\ (©)de = ZZ L / Dir(X; |a])N(ot]|,u\' A\’)daj (20)
ij

Notice that, the integration in Eq. (20) is intractable and that the moments cannot be calcu-
lated analytically. One way to tackle this problem is to adopt the Laplace approximation to
approximate the integrand with a Gaussian distribution as suggested in [21]. First, we can
define a normalized distribution for the integrand in Eq. (20) which is indeed a product of a
Dirichlet distribution and a Gaussian distribution as

7 [ h(aj)de;
where
h(etj) = Dir(Xloe )N (el AY) 22)
Then, we can obtain the logarithm of 4(6;;) as
D
Inh(a;) = In &= 72 Y ARKCI + D (aji— DnXy
H/:l Claj) 15
1 . . .
_E(aj — [L}l)TAy (aj — [,L}l) + const. (23)
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Subsequently, we can calculate the first and second derivatives with respect to o as

olnh(aj)/oa;
dlnh(e;) _’/ /!

aocj N :
31nh((¥j)/30{jD

\IJ(ZIDzlotﬂ)—\IJ(O{jl)-i-lnXil
= ; — A (@ —n))
V(P @) —Yajp) +InXip
and
2Inh(a;)/da?, -+ 8%Inh(a;)/da;10a;p
2Inhie;) A P

30(% 2 : ) 2 : 2
: 0 lnh(aj)/aajgaa_,l 0 lnh(aj)/a(ij

LAONATINER UCTIREE O i)
. . . J
O i) W ) — (@)

(24)

(25)

where W (-) is the digamma function. In the Laplace method the goal is to find a Gaussian
approximation which is centered on the mode of the distribution H (et ;). We could obtain the
mode ajf numerically by setting the first derivative of Eq. (24) to 0. Then, we can approximate

h(aj) using its mode as
h(oej) >~ h(s)e *1( j )AA'( j )

where

9 Inh(a))
80(%

|otj=a_“;

>
|

Therefore, the integration of /(e¢ ;) can be approximated by using Eq. (26) as

1 —~
/h(ocj)daj o~ h(a?)/exp (_E(aj —a;f) Aj(a; —otj))daj

(27'()D/2
= h(a ) |X 172

Hence, we can rewrite Eq. (20) as following:

Zi= ZZ h(e )|X,-|1/2

j i

(26)

27

(28)

(29)

Then, we can revise the posterior distribution ¢*(®) by matching its sufficient statistics to
the corresponding moments of p(®). This is done by calculating the partial derivative of
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In Z; with respect to the model hyperparameters. For a> , we can get
i ®
Vaj InZ; = /ﬁ )L ) -q" (x})d©
! \l( \l
— /p(()) anT "+ v - \p(a]\")]d@

= Epllnm;]+ W Za\’ ~W(a)) (30)
By applying moment matching, we obtain
Eplinmj] = Egellnm;] = V(@) — W [ D ar 31)

Similarly, we can compute the partial derivatives of In Z; with respect to the other model
hyperparameters:

V\’ In Z;

1 V(@) 9
5/ﬁ-(®) a1 \,-) 74" (@))de
l q\’(ﬂlj)aﬂj

/ pO)[A)a) —Afp)]d0
=AY Epla;]— A} p (32)

; 1 V@) 9
v);_lnz,»=—/fi<®>". - —q
/ Zi V(e[ 9A

o})d®
j

/ ﬁ(@)[ (@A) - [Z(a ) =20+ () ]]

[|(A\> ‘|—[ZE,,[a,,] 2Eplajlnly + () )“ (33)

The right hand sides in the above equations can be computed analytically by using Eq. (29).
Furthermore, the expectations in the above equations can be acquired by applying the moment
matching technique as

Eﬁ[aj] = Eq*[aj] = [Lj-l (34)
Eplai] = Eg[a?] = () (35)

By substituting the above expectations into the corresponding partial derivative equations,
we can update the hyperparameters of ¢*(®). After obtaining ¢*(®) and ¢\!(®), we can
update the revised hyperparameters for the approximating factor f; as

aj=aj—a) +1 (36)
wij = A7 (AT A\’ ) (37)
Aij= A5 — A (38)
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The above procedure is repeated until the hyperparameters of the approximating factor con-
verge. The same procedure is applied sequentially for the remaining factors. Moreover, we
can estimate the expected values of the mixing coefficients as
a*
Elnjl = <= (39)
2.9

The complete learning process is summarized in Algorithm 1.!

Algorithm 1 EP learning of finite Dirichlet mixtures

1: Choose the initial number of components.

2: Initialize the approximating factors f; (®) by initializing all the involved hyperparameters {a;, pj, A;}.

3: Initialize the posterior approximation by setting ¢*(®) o []; f,-(@). The hyperparameters of of ¢*(0®)
are calculated by Eqgs. (13)—(15).

: repeat _

Choose a factor f;(®) to refine. ) _

Remove f; (©) from the posterior ¢*(©) by division ¢\ (©) = ¢*(©)/ f; (©).

Evaluate the new posterior by setting the sufficient statistics (moments) of ¢*(®) to the corresponding

moments of p(©). _

8:  Update the factor f;(®) by updating the corresponding hyperparameters as in Egs. (36)—(38).

9: until Convergence criterion is reached.

10: Compute the estimated values of the mixing coefficients 7 as in Eq. (39).

11: Detect the optimal number of components M by eliminating the components with small mixing coefficients

close to 0.

A A

4 Experimental Results

In this section, the effectiveness of the proposed EP-based framework for learning the
Dirichlet mixture model (denoted as EPDMM) is tested on both synthetic data and two
real-world applications namely automatic image annotation and human action videos cat-
egorization. In our experiments, we initialize the number of components M to 15. The
specific choice for the hyperparameters of each factor f;(®) in all the experiments is
(aj,j, i j, Aij) = (0.1,0.5,0.01). Notice that these specific choices were found conve-
nient according to our experiments.

4.1 Synthetic Data

The aim of the synthetic data is to evaluate the performance of the proposed EP-based algo-
rithm (EPDMM) and compare it with the ML-based technique proposed in [5]. First, we
investigate the accuracy of EPDMM in terms of estimation (estimating the model’s para-
meters) and selection (selecting the number of components of the mixture model) on four
three-dimensional synthetic data sets. Note that, here we choose D = 3 purely for ease of
representation. We ran the proposed algorithm 10 times. Table 1 shows the actual and aver-
age estimated parameters obtained from EPDMM for each data set. Based on this table, we
can see that our algorithm is able to correctly estimate both the parameters and the mixing
coefficients of the synthetic mixture models for all data sets. The resultant mixtures for these
data sets are illustrated in Fig. 1. Figure 2 demonstrates the estimated mixing coefficients of

! The complete source code of this work is available upon request.
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Table 1 Parameters of the different generated data sets

Njod e e a3 T aji @j2 &j3 7
Dataset] 100 1 10 15 20 050 931 1429 2104 0506
(N=2000 100 2 5 20 12 050  4.86 1955 1171 049
Data set 2 100 1 10 15 20 0.25 10.12 15.75 19.28 0.253
(N=400) 100 2 5 20 12 025 537 2066 1187 0244
200 3 30 13 26 050 3164 1251  27.19 0503
Dataset3 150 1 10 15 20 025 1041 1437 2034 0246
(N =600) 150 2 5 20 12 0.25 4.63 21.12 12.72 0.241
15 3 30 13 26 025 2896 1358 2485 0257
150 4 40 8 2 025 4182 872 2128 0.256
Dataset4 160 1 10 15 20 020 949 1445 1927  0.191
(N=800) 160 2 5 20 12 020 558 2034 1262 0208
160 3 30 13 26 020 2917 1261 2744  0.193
160 4 40 8 2 020 3878  7.69 2256 0.207
160 5 4 33 8 020 431 3483 745 0.201

N denotes the total number of elements, N ; denotes the number of elements in cluster j. o 1, o j2, a3 and 7
are the real parameters. &1, &;2, &;3 and7; are the estimated parameters by EP

(a) (b)

00
(d)

Fig. 1 Estimated mixture densities for the synthetic data sets. a Data set 1, b Data set 2, ¢ Data set 3, d Data
set 4

x1
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Fig. 2 Estimated mixing coefficients for the synthetic data sets. a Data set 1, b Data set 2, ¢ Data set 3, d
Data set 4

each mixture component for each data set. According to this figure, we can see that redundant
components have estimated mixing coefficients close to 0 after convergence. By removing
the components with very small mixing coefficients (close to 0), we obtain the correct number
of components for each generated data set.

For comparison, we have also performed the ML-based approach to learn finite Dirichlet
mixture models (DMM) as proposed in [5] on these four synthetic data sets. According to our
results, the DMM can provide comparable results in estimating the model parameters of finite
Dirichlet mixture models as EPDMM. Nevertheless, the dominant factor of the EPDMM is
the computational time which is shown in Table 2.

Table 2 Average computational Method EPDMM DMM

time (in seconds) required before

convergence for EPDMM and

DMM Data set 1 3.97 9.58
Data set 2 5.78 16.34
Data set 3 10.21 29.16
Data set 4 15.08 43.65

@ Springer



Non-Gaussian Data Clustering via Expectation Propagation Learning

4.2 Automatic Image Annotation

Automatic image annotation (also known as automatic image tagging or linguistic indexing)
is the process of automatically assigning captions or keywords to a digital image. Itis a crucial
step in image retrieval systems to organize and locate images of interest in large volumes of
images. During the last decade, automatic image annotation has drawn significant attention
and has been the topic of extensive research [6,10,20,28,32]. One of the most successful
approaches for automatic image annotation is to divide this problem into two independent
steps where the first step categorizes images and the second one affects labels to them using the
top ranked categories (see, for instance, [6,8]). Thus, the goal of this experiment is to develop
an effective automatic image annotation approach, based on the methodology proposed in
[8], via categorization results obtained with the proposed EPDMM using a bag of visual key
words representation.

4.2.1 Experimental Design

In the categorization stage, the proposed EPDMM is integrated with the probabilistic latent
semantic analysis (pLSA) model [13] to categorize images through a bag of key visual words
representation. First, the Difference-of-Gaussian (DoG) detector [24] is applied to detect
interest points (or keypoints) in input images followed with PCA-SIFT descriptors® [14]
extracted from each image and resulting in a 36-dimensional vector for each key point. Then,
we build a visual vocabulary by quantizing these PCA-SIFT vectors into visual words using
the K-Means algorithm. Notice that, the vocabulary size is set to 1,000 in our experiment.
Each image is then represented by a frequency histogram over the visual words. Subse-
quently, we apply the pLSA model on the obtained histograms to represent each image by
a 50-dimensional proportional vector where 50 is the number of latent aspects. Finally, our
EPDMM is applied to cluster the images.

The obtained categorization results are then exploited to perform image annotation. In our
experiment, the performance of image annotation is affected by three aspects as proposed in
[8]: (1) the frequency of occurrence of potential tags based on the categorization results; (2)
saliency of the given tags; (3) the congruity of a word among all the candidate tags. Assume
that we have a training image data set that contains several categories. Each category is
annotated by 4-5 tags where common tags may appear in different categories. First, all the
tags from each category are collected together. The total number of categories in the data
set is denoted as C and the number of categories that have each unique tag ¢ is represented
as F'(t). Then, tag saliency can be evaluated similarly as for inverse document frequency in
the field of document retrieval. For a testing image, a ranked list of predicted categories is
generated according to the Bayes’ decision rule via classification. Next, the top 5 predicted
categories are chosen and the union of all involved unique tags denoted as U (/) forms the set
of candidate tags. Thus, we define f(¢|]) as the frequency of the occurrence of each unique
tag t among the top 5 predicted categories. We follow the idea proposed in [8] to determine
the word congruity using WordNet? [25] with the Leacock and Chowdrow measure [18].
Thus, the congruity for a candidate tag ¢ can be calculated by [8]:

dior (1)

G| = 40
i diot (D) + U] 2 vy dLen (x. 1) 0

2 Source code of PCA-SIFT: http://www.cs.cmu.edu/~yke/pcasift.

3 WordNetisa large lexical database for English, which groups English words into sets of cognitive synonyms
called synsets.
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Table 3 The classification

accuracies computed by different Method Accuracy (%)
algorithms EPDMM 77.45
SC-GM 75.17
EPGMM 73.93
K-Means 70.29

Table 4 Performance evaluation on the automatic annotation system based on different categorization
methods

Method EPDMM SC-GM EPGMM K-Means
Mean precision (%) 28.61 26.78 24.33 22.06
Mean recall (%) 41.75 38.59 36.17 33.34

We adopt the same settings for dpcy and rrcpy as in [8], such that the distance between
two tags t; and 1 is: drcH(t1, t2) = exp(—rrcH(t1, t2) + 3.584) — 1. In addition, d;y (1)
evaluates the pairwise semantic distance among all candidate tags and is defined as: d;,; (I) =
erU(I) ZyeU(I) drcu(x,y). By having all the three annotation factors on hand, we can
compute the overall score for a candidate tag as

a» C
o —
InC 14+ F(1)

where a; + ay + a3 = 1 represents the degree of importance of the three factors. Then,
a tag t is chosen for annotation only if its score is within the top & percentile among the
candidate tags. According to our experimental results, we set a; = 0.5, a» = 0.2, a3 = 0.3,
ande =0.7.

Al = ar flI) + )+a3G(t|I) (41)

4.2.2 Results

We evaluate the performance of the proposed image annotation approach using a subset of
LabelMe data set [30] which contains both class labels and annotations. First, we use the
LabelMe Matlab toolbox* to obtain images online from 8 scene classes (4 indoor and 4
outdoor): “bedroom”, “kitchen”, “living room”, “bathroom”, “forest”, “highway”, “coast”,
and “mountain” and then randomly choose 200 images from each category. Overall, we have
1600 images in total. Each category is associated with 4-5 tags. This data set was randomly
divided into two partitions: one for training and the other for testing. First, we performed
the categorization step as described in the previous section. We compare our approach with
three other well-defined approaches: the EP-based Gaussian mixture model (EPGMM), the
combination of a structure-composition model and a Gaussian mixture model (we denote
it as SC-GM) proposed in [8], and the traditional K-Means algorithm. The categorization
result of 8 classes of scene images is illustrated in Table 3. Findings observed from the
comparison are that (1) the EPDMM provides the best categorization performance among all
approaches and (2) it verifies that images represented by vectors of proportions are modeled
more appropriately by the Dirichlet rather than the Gaussian.

4 http://labelme.csail.mit.edu/.
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Table 5 Sample annotation results

Our la- wall,  bathtub, window, floor, cabinet, stove, sofa, cushion,

bels: door, cabinet bed chair wall

LabelMe faucet, mirror, bed, cushion, stove, worktop, painting,  sofa,

labels: bathtub,  cabi- pillow, desk ceiling lamp, chair, window,
net, washbasin lamp, window window, cabinet cushion

Our la- mountain,  sea tree, mountain, sky, car, road, cloud, tree,
bels: water, rock cloud tree mountain

LabelMe sand, cloud, sea tree, tree trunk, car, road, sign, mountain,  sky,
labels: water, sky, rock bush, sky truck tree, field, grass

Then, annotation was performed based on results obtained from the categorization stage.
The performance of our automatic annotation system was evaluated by precision and recall
which are defined in the standard way as follows: the annotation precision for a keyword is
defined as the number of tags correctly predicted, divided by the total number of predicted
tags. The annotation recall is defined as the number of tags correctly predicted, divided by
the number of tags in the ground-truth annotation. In our experiments, the average number
of tags generated for each test image is 4.12. Table 4 illustrates the average annotation
precision and recall results over all the testing images according to the categorization results
using different methods. According to this table, we can observe that the best annotation
performance is achieved by using the categorization result through EPDMM. It confirms
that the choice of categorization techniques has an significant impact on our annotation
performance. Some examples of the annotation results obtained from EPDMM categorization
method are displayed in Table 5.

4.3 Human Action videos Categorization
4.3.1 Experimental design

Categorizing multimedia data such as videos is a critical and challenging research topic
[9,15,16]. With thousands of videos readily available, grouping them according to their con-
tents is highly important for a variety of visual tasks such as event analysis, video indexing,
browsing and retrieval, and digital libraries organization [33]. Videos categorization remains,
however, an extremely challenging task due to several typical scenarios such as unconstrained
motions, cluttered scenes, moving backgrounds, variations of illumination conditions and
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running skating ) §winging walking

Fig. 3 Examples of frames of different human actions from video sequences in the UCF sports dataset action
dataset

viewpoints. In this section, we focus on applying the proposed EPDMM approach for cate-
gorizing human action videos. A similar methodology was adopted in this application as for
the image categorization step in our previous application of automatic image annotation. The
major difference is that in this application, instead of using PCA-SIFT features, we employ
the space-time interest point detector proposed in [16] to extract local spatio-temporal fea-
tures from each video sequence. After that, K-Means algorithm was applied on the obtained
spatio-temporal features to construct a visual vocabulary with a size of 1,200. Then, the
pLSA model was adopted to represent each video sequence by a 55-dimensional propor-
tional vector. Lastly, we employ the EPDMM as a classifier to categorize videos by assigning
the video sequence to the group which has the highest posterior probability according to
Bayes’ decision rule.

4.3.2 Evaluation on UCF Datasets

First, the experiments were conducted on two very challenging and popular datasets, namely
the UCF sports [29] action and the UCF11 datasets [19].> The UCF sports dataset is col-
lected by the UCF group from various sports featured on broadcast television channels such
as the BBC and ESPN. It consists of over 200 video sequences at a resolution of 720 x
480 with nine actions, such as: “diving”, “golf swinging” (g_swinging), “kicking”, “lift-
ing”, “horseback riding” (riding), “running”, “skating”, “swinging”, and “walking”. Some
examples of frames from each action class are displayed in Fig. 3. The UCFI11 dataset
contains 1168 video sequences in total with 11 action categories: “cycling”, “diving”, “golf
swinging” (g_swinging), “soccer juggling” (s_juggling), “trampoline jumping” (t_jumping),
“horse-back riding” (h_riding), “basketball shooting” (b_shooting), “volleyball spiking”
(v_spiking), “swinging”, “tennis swinging” (t_swinging), and “walking with a dog” (walk-
ing). Sample frames from each action class are shown in Fig. 4. For the UCF sports dataset,
we used 70% of the video sequences to construct the visual vocabulary. In the case of the

UCF11 dataset, we used half of the data set to construct the visual vocabulary.

5 Datasets are available at: http://vision.eecs.ucf.edu/datasetsActions.html.
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g_swinging s_juggling t_jumping h_riding

b_shooting v_spiking swinging t_swinging walking

Fig. 4 Examples of frames of different human actions from video sequences in the UCF11 dataset

Table 6 The average classification accuracy and the number of components (M) obtained using different
algorithms over 20 runs

Dataset EPDMM EPGMM
M Acc. (%) M Acc. (%)

UCEF sports 8.13 (0.41) 78.52 (1.61) 7.45 (0.72) 73.08 (1.93)

UCFI11 10.04 (0.58) 72.02 (1.37) 9.29 (0.83) 65.17 (1.82)

The numbers in parenthesis are the standard deviations

9071  |mEPDMM B EPGMM |
804
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60 1
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40 1
30
20 1
10 1
oL T W W Y S W S e
S‘&\&er \@ a@\(& ‘é‘&o% s.& ‘;& $¢$ . é}o%

Fig. 5 Performance comparison in terms of the classification accuracy between EPDMM and EPGMM for
the UCF sports dataset

The results that we will discuss in the following are obtained over 20 runs. Table 6 shows the
average number of clusters and the average categorization accuracies using both Dirichlet
and Gaussian mixture (EPGMM) models learned by running their respective EP learning
algorithms 20 times. Figures 5 and 6 show the performance comparison of categorization
accuracy among all action categories for the UCF sports and UCF11 datasets, respectively.
According to the obtained results we can clearly see that the EPDMM outperforms the
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Fig. 6 Performance comparison in terms of the classification accuracy between EPDMM and EPGMM for
the UCF11 dataset

Table 7 The average classification accuracy rate (%) with the corresponding standard deviations when con-
sidering different datasets using different methods

Method Dataset
UCEF sports UCF11
EPDMM 78.52% (1.61) 72.02% (1.37)
EPGMM 73.08 % (1.93) 65.17 % (1.82)
SVM 76.75 % (1.56) 70.92% (1.41)
Naive Bayes 7391% (1.77) 66.05 % (1.69)
K-NN 72.49 % (1.82) 63.54 % (1.58)
90
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Fig. 7 Classification accuracy as a function of the number of videos used to construct the visual vocabulary
in the case of the UCF sports dataset

EPGMM in terms of both categorization accuracy and selection of the optimal number of
video categories. Given the difficulty of the datasets, these results are rather encouraging. The
fact that the proposed EPDMM performs better than the EPGMM is actually expected, since
in our case videos are represented by vectors of proportions and Dirichlet mixture models
provide better modeling capabilities than Gaussian mixtures in this case. Furthermore, we
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Fig. 8 Classification accuracy as a function of the number of videos used to construct the visual vocabulary
in the case of the UCF11 dataset

jogging running boxing hand

waving clapping

Fig.9 Examples of frames, representing different human actions in different scenarios, from video sequences
in the KTH dataset

have also tested the performance of categorizing human action videos for the UCF sports and
UCF11 datasets using three other well-known classifiers: support vector machine (SVM),
k-nearest neighbor (K-NN) and Naive Bayes. The corresponding test results are shown in
Table 7. Obviously, the proposed EPDMM provides the best performance among all the
tested methods for both datasets. Figures 7 and 8 illustrate the accuracy of the classification,
when using EPDMM and EPGMM approaches, as a function of the number of videos used
to construct the visual vocabulary. It is clear that the accuracy increases as the number of
videos used to construct the visual vocabulary increases.
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Fig. 10 Examples of frames of different human actions from video sequences in the Weizmann human action
dataset

Table 8 The average

. . Method Dataset

classification accuracy rate for -

the KTH and Weizmann datasets KTH Weizmann

using different methods
EPDMM 77.83 % (0.93) 85.91% (1.13)
EPGMM 74.17 % (0.89) 81.72% (1.08)
SVM 76.92% (1.02) 84.85% (0.94)
Naive Bayes 74.23% (1.15) 83.08% (1.21)
K-NN 73.64 % (0.97) 80.26 % (1.29)

4.3.3 Evaluation Using Other Datasets

In this subsection, we have evaluated the performance of our approach for categorizing human
action videos on two older but classic datasets: the KTH dataset [31] and the Weizmann dataset
[1]. The KTH human action dataset is one of the largest available video sequences datasets of
human actions. It contains 2391 video sequences from six types of human actions: “walking”,
“jogging”, “running”, “boxing”, “hand waving” and “hand clapping”. Each action class is
performed several times by 25 subjects in four different scenarios: outdoors (S1), outdoors
with scale variation (S2), outdoors with different clothes (S3) and indoors (S4). All video
samples were downsampled to the spatial resolution of 160x 120 pixels and have a length of
four seconds in average. Examples of frames from video sequences of each category are shown
in Fig. 9. For this dataset, we construct the visual vocabulary from video sequences related
to 16 subjects and evaluate the performance on the sequences of the remaining 9 subjects.
The Weizmann dataset consists of 90 video sequences with ten different types of human
actions that were performed by 9 subjects. These action categories include: “run”, “walk”,
“skip”, “jumping-jack” (or shortly “jack”), “jump-forward-on-two-legs” (or “jump”), “jump-
in-place-on-two-legs” (or “pjump”), “gallop-sideways” (or “side”), “wave-two-hands” (or
“wave2”), “wave-one-hand” (or “wavel”), and “bend”. Some example frames of each action
class can be viewed in Fig. 10. Since this dataset is small and has only has 90 sequences,
we adopt a common scheme which extends the dataset by adding a horizontally flipped
version of each video sequence to the original dataset. A leave-one-out setup is adopted for
this dataset to test the performance of our categorization approach. That is, we construct our
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Fig. 12 The confusion matrix obtained by EPDMM for the Weizmann dataset

visual vocabulary from the video sequences of eight subjects (original + the flipped versions),
and test the efficiency on the sequences of the remaining subject (only original ones). The
categorization results were obtained over 20 runs.

We have applied EPGMM, SVM, Naive Bayes and K-NN on these two datasets for com-
parison and shown the corresponding results in Table 8. As we can see in this table, it is clear
that our algorithm outperforms the other algorithms for categorizing human action videos for
these two datasets. Furthermore, the confusion matrices calculated using EPDMM for the
KTH and Weizmann datasets are shown in Figs. 11 and 12, respectively. We may notice that,
for the KTH dataset, most of the confusion occurs between similar actions such as “walking”
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and “jogging”, “jogging” and “running”, “hand clapping” and “boxing”. For the Weizmann
dataset, most errors are also generated from similar action categorizes, such as “run” with
“walk”, “jump” with “skip”, and “skip” with “jump” and “run”.

5 Conclusion

In this paper, we have proposed an EP framework for learning finite Dirichlet mixture models.
Within this framework, all model’s parameters and the number of clusters can be determined
simultaneously, which allows to avoid under- or over-fitting. Extensive experiments have
been conducted and have involved synthetic data and real-world challenging applications
namely automatic image annotation and human action videos categorization using the pLSA
model and the bag of visual words representation. Possible future works can be devoted to
integrate feature selection within the proposed framework, to extend the learning approach
proposed in this paper to online settings or to the extension of the proposed model to the
infinite case using Dirichlet processes.
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