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mixture in particular [9]. However, a main limitation with
these techniques is that they are computationally expensive.
A different approach that overcomes this problem considers
deterministic approximation based on variational learning
[13], [14]. In [15], a kd-tree structure was adopted in the
variational inference for learning Dirichlet process mixtures
with exponential family, in order to improve the computational efﬁciency. It is noteworthy that although Dirichlet
distribution belongs to the exponential family, the general
variational solution to the Dirichlet process mixtures with
exponential family proposed in [15] can not be performed
directly in our case. This is due to the fact that the formal
conjugate prior for the Dirichlet distribution is intractable,
mainly because of the difﬁculty to evaluate the corresponding normalization coefﬁcient, and cannot be applied for
variational inference directly. This problem is tackled by
introducing an approximate prior which generates an explicit
and tractable solution as described later in this paper.
The main contribution of our work is to propose an accelerated variational approach for inﬁnite Dirichlet mixtures
learning based on the framework developed in [15]. Moreover, compared with [15] in which Gaussian mixtures are
used for all their experiments, our work is based on Dirichlet
mixtures. In contrast to Gaussian distribution which only
contains symmetric modes, the Dirichlet distribution may
have multiple symmetric and asymmetric modes. Therefore,
Dirichlet mixtures may provide more ﬂexibility than Gaussian mixtures. The proposed approach is easy to implement
and provides effective and accurate learning as we demonstrate via extensive simulations that concern the challenging
application of human activity recognition.
The paper is organized as follows. Section 2 introduces
the inﬁnite Dirichlet mixture model using stick-breaking
representation and proposes the learning framework. Section
3 presents the results of applying the proposed model
on the challenging problem of human activity recognition.
Conclusions are reported in Section 4.

Abstract—Exploiting Dirichlet process mixture models (also
known as inﬁnite mixture models) to model visual and textual
data is now standard weapon in the arsenal of machine
learning. This paper proposes a new accelerated variational
inference approach to learn Dirichlet process mixture models
with Dirichlet distributions. The choice of using Dirichlet
distribution as the basic distribution is mainly due to its
ﬂexibility for modeling proportional data. Indeed, this kind
of data is naturally generated by several applications involving
the representation of texts, images and videos using the bagof-words (or “visual words” in the case of images and videos)
approach. The potential of the developed learning framework
is shown using a challenging real application namely human
action recognition in videos.
Keywords-Mixture models; clustering; Dirichlet process;
nonparametric Bayesian; variational inference; human action
recognition

I. I NTRODUCTION
The applications of ﬁnite mixture models have widened
dramatically in the past few years [1]. In particular, models
with symmetric distributions (e.g. Gaussian, generalized
Gaussian) have received a lot of attention [2]. However,
in many real-life applications data have asymmetric nonGaussian forms as we have shown in many of our recent research works (see, for instance, [3], [4], [5], [6]).
This is the case of proportional data for which the ﬁnite
Dirichlet mixture model has been shown to be clearly an
excellent choice in many image processing and computer
vision applications. Examples include content-based images
categorization and retrieval [4], [5] and shadows detection
in images [7]. As compared to the ﬁnite Dirichlet mixture,
the inﬁnite one which is based on Dirichlet process mixture
models [8] has been shown to provide better modeling
results and generalization capabilities [9], [10], [11]. Indeed,
inﬁnite mixture provides better generalization capability by
allowing model’s complexity to increase as new data arrive.
A crucial problem when deploying inﬁnite mixture models
is the learning of the parameters. Markov chain Monte Carlo
(MCMC) [12] sampling techniques have been widely used
to learn inﬁnite mixtures in general and the inﬁnite Dirichlet
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II. T HE I NFINITE D IRICHLET M IXTURE M ODEL W ITH
S TICK - BREAKING R EPRESENTATION
A ﬁnite mixture of Dirichlet distributions with 𝑀 components is given by [16], [17]
⃗ 𝜋, 𝛼
𝑝(𝑋∣⃗
⃗) =

𝑀
∑

⃗ 𝛼𝑗 ) ,
𝜋𝑗 Dir(𝑋∣⃗

According to the stick-breaking representation (3), the prior
distribution of ⃗𝜆 is a speciﬁc Beta distribution in the following form
∞
∞
∏
∏
Beta(1, 𝜑𝑗 ) =
𝜑𝑗 (1 − 𝜆𝑗 )𝜑𝑗 −1
(6)
𝑝(⃗𝜆∣⃗
𝜑) =
𝑗=1

(1)

⃗ and 𝛼
Then the likelihood function of 𝒳 given 𝑍
⃗ is
⃗ 𝑖 conditioned on the 𝑍𝑖 th
equivalent to the distribution of 𝑋
component in the mixture as

𝑗=1

where ⃗𝜋 = (𝜋1 , . . . , 𝜋𝑀 ) represents the mixing coefﬁcients
⃗ 𝛼𝑗 ) is the
which are positive and sum to one. Dir(𝑋∣⃗
Dirichlet distribution of component 𝑗 with its own positive
parameters 𝛼
⃗ 𝑗 = (𝛼𝑗1 , . . . , 𝛼𝑗𝐷 ) and is deﬁned by
∑𝐷
𝐷
Γ( 𝑙=1 𝛼𝑗𝑙 ) ∏ 𝛼𝑗𝑙 −1
⃗
𝑋𝑙
(2)
Dir(𝑋∣⃗
𝛼𝑗 ) = ∏ 𝐷
𝑙=1 Γ(𝛼𝑗𝑙 ) 𝑙=1
⃗ = (𝑋1 , . . . , 𝑋𝐷 ) and ∑𝐷 𝑋𝑙 = 1, 𝑋𝑙 > 0 for
where 𝑋
𝑙=1
𝑙 = 1, . . . , 𝐷.
A crucial issue when using mixture models is the model
complexity (i.e. model structure or number of mixture components) determination problem. Indeed, it is important to
estimate the number of clusters 𝑀 that best describes the
data without over-ﬁtting or under-ﬁtting it. This difﬁculty
can be tackled elegantly by using a nonparametric Bayesian
framework namely Dirichlet process (DP) [8] mixture model
by assuming that 𝑀 is inﬁnite [18]. In our work, we
adopt the stick-breaking representation [19] to build the DP.
Speciﬁcally, 𝐺 is a DP with base distribution 𝐻 and scaling
parameter 𝜑, denoted as 𝐺 ∼ DP(𝜑, 𝐻), if the following
conditions are satisﬁed
𝜆 ∼ Beta(1, 𝜑) , Ω𝑗 ∼ 𝐻
𝑗−1
∞
∏
∑
𝜋𝑗 = 𝜆𝑗
(1 − 𝜆𝑠 ) , 𝐺 =
𝜋𝑗 𝛿 Ω 𝑗
𝑠=1

⃗ 𝛼
𝑝(𝒳 ∣𝑍,
⃗) =

𝑁
∏

⃗ 𝑖 ∣⃗
𝑝(𝑋
𝛼 𝑍𝑖 )

𝑖=1

=

∑
}
] 𝐷 𝑁
∞ {[
∏
𝛼𝑗𝑙 ) 𝑛𝑗 ∏(∏ 1[𝑍𝑖 =𝑗] )𝛼𝑗𝑙 −1
Γ( 𝐷
𝑋𝑖𝑙
∏𝐷 𝑙=1
𝑙=1 Γ(𝛼𝑗𝑙 )
𝑗=1
𝑙=1 𝑖=1
(7)

where 𝑛𝑗 denotes the number of observations belonging to
∑𝑁
class 𝑗 and is deﬁned as 𝑛𝑗 = 𝑖=1 1[𝑍𝑖 = 𝑗].
In our Bayesian framework, a prior distribution over 𝛼
⃗
needs to be introduced. Since the formal conjugate prior for
the Dirichlet distribution is intractable, it cannot be applied
for the variational inference directly. In this case, a Gamma
distribution is adopted to approximate the conjugate prior
over 𝛼
⃗ by assuming that parameters {𝛼𝑗𝑙 } are statistically
independent
𝑝(⃗
𝛼) =

𝑢
∞ ∏
𝐷
∏
𝑣𝑗𝑙𝑗𝑙
𝑗=1 𝑙=1

Γ(𝑢𝑗𝑙 )

𝑢 −1 −𝑣𝑗𝑙 𝛼𝑗𝑙

𝛼𝑗𝑙𝑗𝑙

𝑒

(8)

where 𝑢𝑗𝑙 and 𝑣𝑗𝑙 are positive hyperparameters.
A. Model Learning
Recently, several methods have been proposed for learning
inﬁnite Dirichlet mixture models, such as the stochastic
approach [9] via Markov chain Monte Carlo (MCMC) and
the deterministic approach [14] through variational inference
[20], [13]. Although both the MCMC and the variational
inference methods are able to learn inﬁnite Dirichlet mixture
model effectively, they would suffer when encountering
huge volume of data (e.g., millions of data instances). This
problem can be tackled using an accelerated version of
variational inference method as proposed in [15]. In this section, we propose an accelerated variational inference method
based on kd-tree structure for learning inﬁnite Dirichlet
mixture models.
The main goal of variational inference is to ﬁnd an
approximation 𝑞(Θ) for the posterior distribution 𝑝(Θ∣𝒳 ),
⃗ 𝛼
where Θ = {𝑍,
⃗ , ⃗𝜆} is the set of random variables
associated with our inﬁnite Dirichlet mixture model. By
adopting the truncated stick-breaking representation and the
factorization assumption, we can obtain
][ ∞
]
[𝑁
𝐷
∏
∏
∏
⃗
⃗
𝑞(𝑍𝑖 )
𝑞(𝜆𝑗 )
𝑞(𝛼𝑗𝑙 )
𝑞(Θ) = 𝑞(𝑍)𝑞(⃗
𝛼)𝑞(𝜆) =

(3)

𝑗=1

where 𝛿Ω𝑗 denotes the Dirac delta measure centered at Ω𝑗 .
The DP mixture of Dirichlet distributions with stickbreaking construction is deﬁned as follows. Assuming that
⃗ 𝑁 ) which is
⃗ 1, . . . , 𝑋
we have obtained a data set 𝒳 = (𝑋
distributed according to a Dirichlet mixture model with an
inﬁnite number of components. We then introduce a vector
⃗ = (𝑍1 , . . . , 𝑍𝑁 ) as the mixture component assignment
𝑍
variable, so that each element 𝑍𝑖 takes an integer value
⃗ 𝑖 is drawn. The
𝑗 denoting the component from which 𝑋
probability of 𝑍 is deﬁned in terms of the mixing coefﬁcients
𝜋𝑗 as
𝑁 ∏
∞
∏
1[𝑍 =𝑗]
⃗
𝜋𝑗 𝑖
(4)
𝑝(𝑍∣𝜋)
=
𝑖=1 𝑗=1

where 1[⋅] is an indicator function which has the value 1
when 𝑍𝑖 = 𝑗 and 0 otherwise. Since 𝜋𝑗 is a function of ⃗𝜆
⃗ can also be written as
as shown in (3), the probability of 𝑍
[
]1[𝑍𝑖 =𝑗]
𝑗−1
𝑁 ∏
∞
∏
∏
⃗
⃗
𝜆𝑗
(1 − 𝜆𝑠 )
(5)
𝑝(𝑍∣𝜆) =
𝑖=1 𝑗=1

𝑗=1

𝑖=1

𝑠=1
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𝑗=1

𝑙=1

(9)

A common trick for learning inﬁnite mixture models is
the adoption of truncation techniques [21], [14] to truncate
the number of mixture components of variational posteriors
into a ﬁnite level. However, as indicated in [15], explicitly
truncating variational posteriors may generate undesirable
consequence that the approximating variational families are
not nested. In order to tackle this problem, we follow the
setting as stated in [15]: the number of mixture components
for variational posteriors remain inﬁnite, but the variational
parameters of all models are tied after a speciﬁc level 𝑀 .
More speciﬁcally, if a component is associated with index
𝛼𝑗 ) are equal to their correspond𝑗 > 𝑀 , then 𝑞(𝜆𝑗 ) and 𝑞(⃗
ing priors. In order to obtain the variational posteriors with
respect of the parameter tying assumption for 𝑗 > 𝑀 , the
following free energy is required to be minimized

𝑏 𝑗 = 𝜑𝑗 +

〈

𝑖=1 𝑗=1

𝑞(⃗
𝛼) =

𝑀 ∏
𝐷
∏

1[𝑍𝑖 =𝑗]

∗
𝒢(𝛼𝑗𝑙 ∣𝑢∗𝑗𝑙 , 𝑣𝑗𝑙
)

𝑀
∏

〉
𝑍𝑖 = 𝑗 = 𝑟𝑖𝑗 ,

(11)

(12)

𝜌𝑇 𝑗 = ℛ̃𝑗 +

Beta(𝜆𝑗 ∣𝑎𝑗 , 𝑏𝑗 )

𝐷
∑

𝑢∗𝑗𝑙 = 𝑢𝑗𝑙 +

where the associated hyperparameters are calculated by

𝜌𝑖𝑗 = ℛ̃𝑗 +
∞
∑
𝑗=𝑀 +1

exp(𝜌𝑖,𝑀 +1 )
1 − exp[𝜓(𝜑𝑗 ) − 𝜓(1 + 𝜑𝑗 )]

(23)
(24)

∑

[

〈
〉
∣𝑛𝑇 ∣ 𝑍𝑇 = 𝑗 𝛼
¯ 𝑗𝑙 Ψ(

𝐷
∑
𝑠∕=𝑙

Ψ′ (

𝐷
∑

〉
〈
¯ 𝑗𝑠 )
𝛼
¯ 𝑗𝑠 )¯
𝛼𝑗𝑠 ( ln 𝛼𝑗𝑠 − ln 𝛼

𝑠=1

∑
𝑇

𝑎𝑗 = 1 +

(26)

𝛼
¯ 𝑗𝑙 ) − Ψ(¯
𝛼𝑗𝑙 )

𝑙=1

∗
𝑣𝑗𝑙
= 𝑣𝑗𝑙 −

(16)

𝐷
∑

]

〈
〉
∣𝑛𝑇 ∣ 𝑍𝑇 = 𝑗 ln⟨𝑋𝑙 ⟩𝑇

∑

〈
〉
∣𝑛𝑇 ∣ 𝑍𝑇 = 𝑗

(27)
(28)
(29)

𝑇
𝑁
∑
𝑖=1

+Ψ(

+

𝑠=1

exp(𝜌𝑖𝑗 ) =

𝑢∗𝑗𝑙 = 𝑢𝑗𝑙 +

(14)

𝑗−1
〉 ∑
〈
〈
〉
ln(1−𝜆𝑠 ) (15)
(𝛼
¯ 𝑗𝑙 −1) ln 𝑋𝑖𝑙 + ln 𝜆𝑗 +

𝑙=1

(21)
(22)

𝑠=1

𝑇

exp(𝜌𝑖𝑗 )
𝑟𝑖𝑗 = ∑∞
𝑗=1 exp(𝜌𝑖𝑗 )

𝑢∗𝑗𝑙
∗
𝑣𝑗𝑙

𝑗−1
〉 ∑
〈
〈
〉
ln(1−𝜆𝑠 )
(¯
𝛼𝑗𝑙 −1) ln⟨𝑋𝑙 ⟩𝑇 + ln 𝜆𝑗 +

𝑙=1

(13)

𝑗=1

𝐷
∑

𝛼
¯ 𝑗𝑙 = ⟨𝛼𝑗𝑙 ⟩ =

Next, the above variational inference procedure is expanded into an accelerate version as proposed in [15] though
a kd-tree structure [22]. Assume that we have stored the data
set 𝒳 in a kd-tree with the constraint that all data points 𝑥𝑖 in
outer node 𝑇 share the same responsibility 𝑞(𝑍𝑖 ) ≡ 𝑞(𝑍𝑇 ).
Under this constraint, the variational solutions with kd-tree
structure can be obtained as follows
〉
〈
exp(𝜌𝑇 𝑗 )
(25)
𝑍𝑇 = 𝑗 = ∑∞
𝑗=1 exp(𝜌𝑇 𝑗 )

𝑗=1 𝑙=1

𝑞(⃗𝜆) =

(20)

〉
〈
∗
ln 𝛼𝑗𝑙 = Ψ(𝑢∗𝑗𝑙 ) − ln 𝑣𝑗𝑙
〉
〈
ln 𝜆𝑗 = Ψ(𝑎𝑗 ) − Ψ(𝑎𝑗 + 𝑏𝑗 )
〉
〈
ln(1 − 𝜆𝑗 ) = Ψ(𝑏𝑗 ) − Ψ(𝑎𝑗 + 𝑏𝑗 )

where ⟨⋅⟩ represents the corresponding expected value. Thus,
we can obtain the variational solutions as follows
𝑟𝑖𝑗

〉

where Ψ(⋅) and Ψ′ (⋅) are the digamma and trigamma
functions, respectively.
ℛ̃𝑗 in (15) is the lower bound of
〈 Γ(∑𝐷
𝛼𝑗𝑙 ) 〉
𝑙=1
ℛ𝑗 = ln ∏𝐷 Γ(𝛼 ) obtained using a second-order Taylor
𝑗𝑙
𝑙=1
expansion. It is noteworthy that since∑the parameter
tying
〈
〉
∞
𝑍
assumption for 𝑗 > 𝑀 is adopted,
=
𝑠
in
𝑖
𝑠=𝑗+1
(20) can be calculated from (14) and (16). The expected
values in the above formulas are given by

𝑀 [∑
𝐷
〉 ∑
〈 𝑞(𝛼𝑗𝑙 ) 〉
𝑞(𝑍𝑖 )
+
ln
ln
𝐹=
⃗
⃗
𝑝(𝛼𝑗𝑙 )
𝑝(𝑍𝑖 ∣𝜆)𝑝(𝑋𝑖 ∣⃗
𝛼 𝑍𝑖 )
𝑖=1
𝑗=1 𝑙=1
〈 𝑞(𝜆𝑗 ) 〉]
(10)
+
𝑝(𝜆𝑗 )

𝑁 ∏
𝑀
∏

𝑍𝑖 = 𝑠

𝑖=1 𝑠=𝑗+1

𝑁
∑
〈

⃗ =
𝑞(𝑍)

∞
𝑁
∑
∑
〈

𝐷
∑

𝑟𝑖𝑗 𝛼
¯ 𝑗𝑙

[∑
𝐷

Ψ′ (

𝑠∕=𝑙

]

𝐷
∑

〉
〈
¯ 𝑗𝑠 )
𝛼
¯ 𝑗𝑠 )𝛼
¯ 𝑗𝑠 ( ln 𝛼𝑗𝑠 − ln 𝛼

𝑏𝑗 = 𝜑𝑗 +

𝑇

𝑠=1

𝛼
¯ 𝑗𝑙 ) − Ψ(𝛼
¯ 𝑗𝑙 )

𝑙=1
𝑁
∑

𝑟𝑖𝑗 ln 𝑋𝑖𝑙

(18)

𝑖=1

𝑎𝑗 = 1 +

𝑁
∑
〈
〉
𝑍𝑖 = 𝑗

∣𝑛𝑇 ∣

∞
∑
〈

𝑍𝑇 = 𝑠

〉

(30)

𝑠=𝑗+1

⃗ 𝑖 contained
where ⟨𝑋𝑙 ⟩𝑇 represents average over all data 𝑋
in node 𝑇 , ∣𝑛𝑇 ∣ denotes the number of data in node 𝑇 .
In contrast with the variational learning algorithm without
using kd-tree where 𝑂(𝑀 𝑁 ) cost is required for each
update cycle, the computational efﬁciency is signiﬁcantly
improved (𝑂(𝑀 ∣𝑇 ∣)) when the kd-tree structure is adopted.
The complete learning process with kd-tree structure is
summarized in Algorithm 1. Similar as in [15], components

(17)

∗
= 𝑣𝑗𝑙 −
𝑣𝑗𝑙

∑

(19)

𝑖=1
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are reordered every one update cycle and the kd-tree is
expanded every three cycles. The expansion of the kd-tree
is controlled through the relative change of ⟨𝑍𝑇 ⟩ between a
node and its children.

for each clip, a set of 3D Harris corners is detected, and a
local descriptor is computed as a concatenation of the HOG
and HOF around the 3D Harris corner. Next, a visual vocabulary is constructed by quantizing these spatio-temporal
features into visual words using 𝐾-means algorithm and
each video is then represented as a frequency histogram over
the visual words. Then, the pLSA model [25] is adopted
as a dimension reduction method to represent each video
sequence as a 𝐷-dimensional proportional vector, where 𝐷
is the number of latent aspects. Finally, the proposed InDMM
is applied to recognizing human actions by assigning the
video sequence to the action category which has the highest
posterior probability according to Bayes’ decision rule.
Our experiments were conducted on the HMDB51
database [26]1 , which is a large human motion database
containing 51 action categories with about 7,000 clips in
total. HMDB51 database was collected from various sources,
such as movies, the Prelinger archive, YouTube and Google
videos.

Algorithm 1
1: Input: A date set 𝒳 which is already stored in a kd-tree
structure
2: Output:{⃗
𝑢∗𝑗 , ⃗𝑣𝑗∗ , 𝑎𝑗 , 𝑏𝑗 }𝑀
𝑗=1 , 𝑀
3: {Initialization}
4: Set 𝑀 = 1. Expand the kd-tree to some initial level
(e.g. ﬁve)
5: Sample a number of ‘candidate’ components 𝑐 according
∑
to size 𝑇 ∣𝑛𝑇 ∣⟨𝑍𝑇 = 𝑐⟩
6: for each candidate 𝑐 do
7:
Expand one-level deeper the outer nodes of the kdtree that assign to 𝑐 the highest responsibility ⟨𝑍𝑇 =
𝑐⟩ among all components
8:
Split 𝑐 in to two components, 𝑐1 and 𝑐2 , through
the bisector of its principal component. Initialize the
responsibilities ⟨𝑍𝑇 = 𝑐1 ⟩ and ⟨𝑍𝑇 = 𝑐2 ⟩
9:
Update 𝜌𝑇 𝑐1 , ⃗𝑢∗𝑐1 , ⃗𝑣𝑐∗1 , 𝑎𝑐1 , 𝑏𝑐1 and 𝜌𝑇 𝑐2 , ⃗𝑢∗𝑐2 , ⃗𝑣𝑐∗2 ,
𝑎𝑐2 , 𝑏𝑐2 for new components 𝑐1 and 𝑐2
10: end for
11: Update 𝜌𝑇 𝑗 , ⃗
𝑢∗𝑗 , ⃗𝑣𝑗∗ , 𝑎𝑗 , 𝑏𝑗 for all 𝑗 ≤ 𝑀 + 1, while
expanding the kd-tree and reordering components
12: if 𝐹𝑀 − 𝐹𝑀 +1 < 𝑡ℎ𝑟𝑒ℎ𝑜𝑙𝑑 then
13:
Stop
14: else
15:
set 𝑀 = 𝑀 + 1 and go to step 5
16: end if
17: return {⃗
𝑢∗𝑗 , ⃗𝑣𝑗∗ , 𝑎𝑗 , 𝑏𝑗 }𝑀
𝑗=1 and 𝑀

Figure 1. Examples of frames of different human actions from video
sequences in the HMDB51 human action data set.

B. Results
In our ﬁrst experiment, we used a subset of the HMDB51
database which includes 10 actions: catch, eat, hit, hug,
jump, kick, kiss, push, sit and walk. Each action category
contains 100 video sequences and results in 1,000 video
sequences in total. Some examples of frames are displayed
in Fig. 1. We randomly divided this test data set into two
halves: one for constructing the visual vocabulary and the
other for testing. In this experiment, the visual vocabulary
was built by setting the number of clusters in the K-Means
algorithm (i.e. number of visual words) to 1200, as explained
in the previous section. The pLSA model was applied by
considering 50 aspects and each video sequence in the tested
data set was then represented by a 50-dimensional vector of
proportions. We evaluated the recognition performance of
the proposed algorithm by running it 20 times. The average
recognition accuracy for each action category is shown in
Fig. 2 and the total accuracy is 69.3%.
We have applied two state-of-the-art approaches with
the same experimental settings for comparison: the inﬁnite

III. E XPERIMENTS ON H UMAN ACTION V IDEOS
R ECOGNITION
Due to the improvement of digital technologies, the availability of digital videos is rapidly increasing. With thousands
of videos on hand, grouping them according to their contents
is highly demanded and is also a critical task which can
be used to organize, summarize and retrieve this massive
amount of data. In this experiment, we focus on developing
a novel statistical approach for recognizing human action
videos based on local spatio-temporal features with bag
of visual words representation and the proposed inﬁnite
Dirichlet mixture model (InDMM).
A. Methodology and Data Set
The methodology that we have adopted for recognizing
human actions in videos can be summarized as follows.
First, local spatio-temporal features were extracted from
each video sequence from their detected space-time interest
points. In our case, we use the Harris3D detector [23] to
obtain the HOG/HOF feature descriptors [24]. Speciﬁcally,

1 http://serre-lab.clps.brown.edu/resource/hmdb-a-large-human-motiondatabase
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in Table I. Based on this table, the proposed InDMM
algorithm also provided the best recognition performance
with the highest recognition accuracy (27.7%). According
to the student’s 𝑡-test, the difference between the InDMM
and the other two approaches is statistically signiﬁcant (𝑝values between 0.027 and 0.046).
In order to demonstrate the advantages of using the
accelerated variational inference approach, we compare the
computational costs (in terms of computational run time)
obtained by the proposed InDMM and by the conventional variational learning approach without kd-tree structure
as proposed in [14] for recognizing human actions. The
corresponding results are shown in Table II. It is worth
mentioning that the results reported in this table only with
respect to the classiﬁcation step. The run time for extracting
features and constructing visual vocabulary was not included
in this table. According to this table, it is obvious that the
proposed InDMM gains much more computational efﬁciency
than the variational learning approach without using kd-tree
stricture.

Figure 2. Average recognition accuracy for each action category using the
proposed InDMM.

Gaussian mixture model with kd-tree structure as proposed
in [15], and the approach as described in [26] where SVM
with an RBF kernel is adopted for classiﬁcation. The average
recognition accuracy obtained by each approach is shown in
Table I. According to this table, it is obvious that InDMM
outperformed the other two approaches in terms of the
highest recognition accuracy (69.3%). A student’s 𝑡-test
shows that the improvement is statistically signiﬁcant (𝑝values between 0.032 and 0.041).

IV. C ONCLUSION
We adopted an accelerated variational approach to learn
inﬁnite Dirichlet mixture models. This approach is easy
to implement and offers more generalization capabilities.
Experiments that concern the challenging task of human
actions recognition show that this approach provides good
modeling and clustering results. Future works could be
devoted to the implementation of the proposed inference
framework in the case of the inﬁnite generalized Dirichlet
mixture or to extend the proposed inference technique to
deal with dynamic settings.

Table I
T HE AVERAGE RECOGNITION ACCURACY WITH THE STANDARD
DEVIATIONS VIA DIFFERENT ALGORITHMS IN 20 RUNS .

Method

10 Actions

51 Actions

InDMM

69.3 ±1.7

27.7 ±1.2

Kurihara et al. [15] 65.8 ± 1.5

24.5 ±1.1

62.7 ± 1.7

22.1 ±0.8

Kuehne et al. [26]
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Table II
T HE AVERAGE COMPUTATIONAL RUN TIME ( IN HOURS ) VIA DIFFERENT
ALGORITHMS IN 20 RUNS .

Method

10 Actions 51 Actions

InDMM

0.36

2.52

Fan et al. [14]

1.08

6.94
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