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Abstract —We propose two new models for human action recognition from video sequences using topic models. Video sequences are
represented by a novel “bag-of-words” representation, where each frame corresponds to a “word”. Our models differ from previous latent
topic models for visual recognition in two major aspects: �r st of all, the latent topics in our models directly correspond to class labels;
secondly, some of the latent variables in previous topic models become observed in our case. Our models have several advantages
over other latent topic models used in visual recognition. First of all, the training is much easier due to the decoupling of the model
parameters. Secondly, it alleviates the issue of how to choose the appropriate number of latent topics. Thirdly, it achieves much better
performance by utilizing the information provided by the class labels in the training set. We present action classi�cat ion results on �ve
different datasets. Our results are either comparable to, or signi�cantly better than previous published results on th ese datasets.

Index Terms —Human action recognition, video analysis, bag-of-words, probabilistic graphical models, event and activity understanding
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1 INTRODUCTION

RECOGNIZING human actions from image sequences
is a challenging problem in computer vision. It has

applications in many areas, e.g., motion capture, medi-
cal bio-mechanical analysis, ergonomic analysis, human-
computer interaction, surveillance and security, environ -
mental control and monitoring, sport and entertainment
analysis, etc. Various visual cues (e.g., motion [1]–[4] and
shape [5]) can be used for recognizing actions. In this
paper, we focus on recognizing the action of a person in
an image sequence based on motion cues. We develop
two novel models for human action recognition based
on the “bag-of-words” paradigm.

Our models are motivated by the recent success of
“bag-of-words” representations for object recognition
problems in computer vision. The common paradigm
of these approaches consists of extracting local features
from a collection of images, constructing a codebook
of visual words by vector quantization, and building a
probabilistic model to represent the collection of visual
words. While these models of an object as a collection
of local patches are certainly not “correct” ones, for ex-
ample, they only model a few parts of objects and often
ignore many structures, they have been demonstrated to
be quite effective in object recognition tasks [6]–[8].

In this paper we explore the use of two similar models
for recognizing human actions. Fig. 1 shows an overview
of our “bag-of-words” representation. In our models,
each frame of an image sequence is assigned to a visual
word by analyzing the motion of the person it contains.
The unordered set of these words over the image se-
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quence becomes our bag of words. As with the object
recognition approaches, some structures have been lost
by moving to this representation. However, this repre-
sentation is much simpler than one that explicitly mod-
els temporal structures. Instead we capture “temporal
smoothing” via co-occurrence statistics amongst these vi-
sual words, i.e., which actions tend to appear together in
a single track. For example, in a single track of a person,
the combination of “walk left” and “walk right” actions
is much more common than the combination of “run
left”“run right”“run up”“run down”. We note that there
has been previous work (e.g., Yamato et al. [9], Bobick &
Wilson [10], Xiang & Gong [11]) that tries to model the
full dynamics of videos using sophisticated probabilistic
models (e.g., hidden Markov models, dynamic Bayesian
networks). The problem with this approach is that those
sophisticated models impose too many assumptions and
constraints (e.g., the independence assumption of hidden
Markov models) in order to be tractable. It is also hard
to learn those models since there are usually a large
number of parameters that need to be set. Instead, our
methods can be considered as a way of imposing a
“rough” constraint on the overall temporal structures of
videos, without worrying about the detailed temporal
information between adjacent frames. In this paper, we
provide evidence that this simple representation can be
quite effective in recognizing actions.

Our models are based on the Latent Dirichlet al-
location (LDA) model [12] and the Correlated Topic
Model (CTM) [13]. Topic models, such as, LDA, CTM,
probabilistic Latent Semantic Analysis (pLSA) [14], and
their variants, have been applied to various computer
vision applications, such as scene recognition [15], [16],
object recognition [17]–[19], action recognition [20], hu -
man detection [21], etc.

Despite the great success achieved, there are some
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Fig. 1. The processing pipeline of the “bag-of-words” representation: (a) given a video sequence, (b) track and stabilize
each human �gure, (c) represent each frame by a “motion word” , (d) ignore the ordering of words and represent the
image sequences of a tracked person as a histogram over “motion words”.

unsolved, important issues remaining in this line of
research. First of all, most of the previous approaches use
their models for some speci�c recognition problem, say
object class recognition. However, there is no guarantee
that the latent topics found by their algorithms will
necessarily correspond to object classes. Secondly, the
features used in these approaches are usually SIFT-like
local features computed at locations found by interest-
point detectors. The only exceptions are histogram of
oriented gradients in Bissacco et al. [21] and multiple
segmentations in Russell et al. [18]. Features based on
local patches may be appropriate for certain recognition
problems, such as scene recognition or object recogni-
tion. But for human action recognition, it is not clear
that they can be suf�ciently informative about the action
being performed. Instead, we use descriptors that can
capture the large-scale properties of human �gures, and
compare these results to approaches using local patches.

In this paper, we attempt to address the above men-
tioned issues in two aspects. First of all, we introduce a
new “bag-of-words” representation for image sequences.
Our representation is dramatically different from previ-
ous ones (e.g., Niebles et al. [20]) in that we represent a
frame in an image sequence as a “single word”, rather
than a “collection of words” computed at some spatial-
temporal interest points. Our main motivation for this
new representation is that human actions may be better
characterized by large-scale features, rather than local
patches. For example, consider the image in Fig. 2, it
is very easy to see that the large scale motion descrip-
tors (described in Section 3.1) capture some important
characteristics of this motion, e.g., the movements of the
legs. It is not obvious that one can recognize this action
by just looking at several small patches in the image.
Secondly, we propose two new topic models called
Semi-Latent Dirichlet Allocation (S-LDA)and Semi-latent
Correlated Topic Model (S-CTM), respectively. The major
difference between our models and the traditional latent
topic model (e.g, LDA and CTM) is that some of the
latent variables in LDA and CTM are observed during
the training stage in S-LDA and S-CTM. We show that
by naturally pushing the information provided by class

labels of training data directly into our model, we can
guide the previously latent topics to be our class labels,
and consequently achieve much better performance. We
notice that the idea of adding supervision to the LDA
model has been applied in various ways in other work,
e.g., supervised topic models [22], labeled LDA [23].

There are other alternative methods to train an action
recognition system. E.g., one can train a discriminative
classifer (e.g., SVM) to recognize the action of each frame
individually. But this approach ignores the contextual
information provided by different frames in a video.
We will demonstrate experimentally that our approach
performs better than this alternative.

The contributions of this paper are three-fold. First, we
propose a novel bag-of-words representation for video
sequences. Second, we introduce two semi-latent topic
models in which class labels of the frames in a video
are naturally exploited in the learning process. Third,
we present extensive experimental results to show that
the proposed models achieve state-of-the-art recognition
accuracies on a large variety of datasets.

The rest of this paper is organized as follows. In
Section 2 we review previous work. Section 3 gives the
details of our approach. We present experimental results
in Section 4 and conclude in Section 5.

A preliminary version [24] of this work appeared at
the ICCV'07 workshop on Human Motion Understand-
ing, Modeling, Capture and Animation.

2 PREVIOUS WORK

A lot of work has been done in recognizing actions from
both still images and video sequences. In this paper, we
focus on recognition based on motion cues, although we
are aware that other cues (e.g., shape cues [5], [25], [26])
have also been used for action recognition.

2.1 Motion-based Action Recognition

In our work, we use the motion descriptor developed by
Efros et al. [2]. There are many other approaches that per-
form action recognition by analyzing patterns of motion.
For example, Cutler & Davis [1], and Polana & Nelson [4]
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detect and classify periodic motions. Little & Boyd [3]
analyze the periodic structure of optical �ow patterns
for gait recognition. There is also work using both mo-
tion and shape cues. For example, Bobick & Davis [27]
use a representation known as “temporal templates” to
capture both motion and shape, represented as evolving
silhouettes. Shechtman& Irani [28] propose a space-time
correlation method that can detect similarity between
video segments. Jhuang et al. [29] apply neurobiological
model of motion processing for action recognition using
space-time gradient and optical �ow features. Schindler
& Van Gool [30] perform action recognition by training
SVM classi�ers based on local shapes and dense optical
�ows. Rodriguez et al. [31] propose a template-based
method based on a maximum average correlation height
�lter that is capable of capturing intra-class variabiliti es.

2.2 Temporal Dynamic Models

There is a line of work on building sophisticated tempo-
ral dynamic models for modelling and understanding
activities. The early work of Yamato et al. [9] uses the
hidden Markov model (HMM) for recognizing human
actions from image sequences. Feng and Perona [32]
build HMM models from vector-quantized image shapes
called “movelets”. Olivera et al. [33] use a layered HMM
to represent of�ce activities. Recently, Xiang & Gong [11]
model complex activities of multiple objects in cluttered
scenes using dynamic Bayesian networks. Ikizler and
Forsyth [34] use �nite state models to search for complex
activities from videos. Laxton et al. [35] build a dynamic
Bayesian network to leverage temporal, contextual and
ordering constraints for recognizing complex activities
in video.

Although generative models (e.g., HMM) were pop-
ular in sequence modelling, recently people have also
been applying discriminative models for modeling tem-
poral information, e.g., conditional random �elds (CRF)
in Sminchisescu et al. [36] and hidden conditional ran-
dom �elds (HCRF) in Wang et al. [37].

A drawback of these models is that they have to make
some assumptions (e.g., the independence assumption
made by 1-st order HMM) in order to be computationally
tractable. It is also hard to learn these models since there
are usually many model parameters to be set.

2.3 Interest Point Methods

A popular approach in action recognition is based on
spatial-temporal interest points and local feature de-
scriptors. For convenience, those local descriptors are
usually vector-quantized to obtain a �nite set of “vi-
sual words” before they are fed into any classi�cation
algorithms. Laptev and Lindeberg [38] propose a space-
time interest point operator that detect local structures
in space-time that image observations have large local
variations in both space and time. Schuldt et al. [39]
train an SVM classi�er based on this space-time fea-
tures for recognizing human actions. Dollár et al. [40]

propose space-time interest point detector based on a
set of linear �lters, and use these local features with
k-nearest neighbor classi�er for action recognition. Ke
et al. [41] build a cascade of classi�ers based on space-
time volumetric features for event detection. Nowozin et
al. [42] �rst detect local interest points, then learn a set
of discriminative subsequences for action classi�cation
by exploiting the sequence mining techniques from data
mining. Liu & Shah [43] exploit mutual information
maximization techniques to learn a compact set of visual
words. Niebles & Fei-Fei [44] combine shape information
with local appearance features by building a hierarchical
model that can be characterized as a constellation of bag-
of-features. Local descriptors extracted from space-time
interest points have also been shown to work well on
videos with complex scenes (e.g., movies), e.g., Laptev&
Pérez [45] and Laptev et al. [46] learn a boosted classi�er
based on those local descriptors to do action recognition
on movie data.

In contrast, we use large-scale motion descriptors
obtained from the whole frame to create the “visual
words”. We will demonstrate that these large-scale de-
scriptors are better suited for the task of recognizing
human actions.

2.4 Topic Models for Visual Recognition

Our approach is directly inspired by a body of work
on using generative topic models for visual recognition
based on the “bag-of-words” paradigm. The “bag-of-
words” model was originally proposed for analyzing
text documents, where a document is represented as a
histogram over word counts. Generative topic models
are then applied on this “bag-of-words” representation,
and the topics of the document are denoted as latent
variables in these models. Popular topic models in-
clude probabilistic Latent Semantic Analysis (pLSA) [14],
Latent Dirichlet Allocation (LDA) [12] and Correlated
Topic Models (CTM) [13]. Recently, successes have been
made in adopting generative topic models with “bag-of-
words” framework in solving various recognition prob-
lems in computer vision. Fei-Fei & Perona [16] use a
variant of LDA for natural scene categorization. The
“words” in their model correspond to small local patches
in the images, and the “topics” correspond to the inter-
mediate themes (e.g., “rocks”) that make up a particular
scene (e.g., mountain scene). Their model can learn the
intermediate themes that are discriminative for different
scene categories. Sivic et al. [19] perform unsupervised
learning of object categories using variants of the pLSA
model. In their models, the “words” correspond to local
patches extracted by interested point operators, and the
“topics” correspond to the different object categories.
Fergus et al. [17] extend pLSA to incorporate spatial
information in a translation and scale-invariant manner
and apply them to learn object categories from Google's
image search. One major issue with these approaches is
that the “visual words” are usually obtained from local
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patches (e.g., using af�ne-invariant point descriptors)
and are not as discriminative as their counterparts in
text analysis. To address this issue, Russell et al. [18]
use image segmentation to produce groups of related
visual words. For each image, they obtain multiple seg-
mentations by varying the parameters of the segmen-
tation algorithms, and represent the segments from the
segmentation algorithms as the “visual words” in their
pLSA model. The hope is that some segments in some of
the segmentations will correspond to objects of interest.
And “topics” corresponding to these segments will be
discovered by their pLSA model.

Topic models have also been applied in understanding
images and videos containing human �gures. Bissacco
et al. [21] use LDA for human detection and pose
classi�cation. The “visual words” in their model are
vector-quantizations of histogram of oriented gradients
in the training images. LDA is used to model the inter-
mediate themes that are distinctive for certain human
poses. In human action recognition, Niebles et al. [47]
recently demonstrate some impressive results on un-
supervised learning of human action categories using
pLSA and LDA models. The “visual words” in their
models are based on features extracted from spatial-
temporal interest points. Different human actions are
captured by the different “topics” discovered by either
pLSA or LDA. Wong et al. [48] adopt and extend pLSA
models to capture both semantic (content of parts) and
structural (connection between parts) information for
recognizing actions and inferring the locations of certain
actions.

3 OUR APPROACH

Our approach follows the bag-of-words framework. But
our models are different from previous bag-of-words
models (e.g., Niebles et al. [20]) in two major aspects.
First of all, our method represents a frame as a sin-
gle word, rather than a collection of words from vec-
tor quantization of space-time interest points. In other
words, a “word” corresponds to a “frame”, and a “doc-
ument” corresponds to a “video sequence” in our repre-
sentation. Secondly, our model is trained in a supervised
fashion. We will show that by utilizing the class labels,
we can greatly simplify the training algorithm, and
achieve much better recognition accuracy.

3.1 Motion Features and Codebook

We use the motion descriptor in Efros et al. [2] to repre-
sent the video frames. This motion descriptor has been
shown to perform reliably with noisy image sequences,
and has been applied in various tasks, such as action
classi�cation, motion synthesis, etc.

To calculate the motion descriptor, we �rst need to
track and stabilize the persons in a video sequence. We
use an automatic human detection method in some of
our experiments. But any tracking or human detection

original image optical �ow F

Fx ; Fy F +
x ; F �

x ; F +
y ; F �

y F b+
x ; F b�

x ; F b+
y ; F b�

y

Fig. 2. Construction of the motion descriptor. See Sec-
tion 3.1 for details.

methods can be used, since the motion descriptor we use
is very robust to jitters introduced by the tracking.

Given a stabilized video sequence in which the person
of interest appears in the center of the �eld of view, we
compute the optical �ow at each frame using the Lucas-
Kanade [49] algorithm. The optical �ow vector �eld F is
then split into two scalar �elds Fx and Fy , corresponding
to the x and y components of F . Fx and Fy are further
half-wave recti�ed into four non-negative channels F +

x ,
F �

x , F +
y , F �

y , so that Fx = F +
x � F �

x and Fy = F +
y � F �

y .
These four non-negative channels are then blurred with
a Gaussian kernel and normalized to obtain the �nal four
channels F b+

x ,F b�
x ,F b+

y ,F b�
y (see Fig. 2).

The motion descriptors of two different frames are
compared using a version of the normalized correlation.
Suppose the four channels for frame i of sequenceA are
a1, a2, a3 and a4, similarly, the four channels for frame
j of sequenceB are b1, b2, b3 and b4, then the similarity
between frame A i and frame B j is:

S(A i ; B j ) =
X

t 2 T

4X

c=1

X

x;y 2 I

ai + t
c (x; y)bj + t

c (x; y) (1)

where T and I is the temporal and spatial extent of
the motion descriptors. We choose T = 10 in all of
our experiments. The �nal dimensionality of the feature
vector is 4 � T � I .

To construct the codebook, we randomly select a sub-
set from all the frames, compute the af�nity matrix on
this subset of frames, where each entry in the af�nity
matrix is the similarity between frame i and frame j
calculated using the normalized correlation described
above. Then we run k-medoid clustering on this af�nity
matrix to obtain V clusters. Codewords are then de�ned
as the centers of the obtained clusters. In the end, each
video sequence is converted to the “bag-of-words” rep-
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Fig. 3. Graphical representation of: (a) LDA model,
adopted from Blei et al. [12]; (b) S-LDA for training. Note
the difference from LDA is that z is observed in this case.

resentation by replacing each frame by its corresponding
codeword and removing the temporal information.

3.2 Latent Topic Models

Our models for video sequences are based on latent
topics models, in particular, the Latent Dirichlet Al-
location (LDA) [12] model and the Correlated Topic
Model (CTM) [13]. In the following, we brie�y introduce
both of them using the terminology in our context.

3.2.1 Latent Dirichlet Allocation

Suppose we are given a collection D of video sequences
f w1; w2; :::; wM g. Each video sequencew is a collection
of frames w = ( w1; w2; :::; wN ), where wi is the motion
word representing the i -th frame. A motion word is the
basic item from a codebook (see Section 3.1) indexed by
f 1; 2; :::; Vg.

The LDA model assumes there are K underlying
action labels (i.e., topics) according to which video se-
quences are generated. For example, a typical video se-
quence can be composed of frames with labels “walking
left”, “running left”, 'standing still', etc. Each action i s
represented by a multinomial distribution over the V
motion words. The “motion words” can be thought of
as a set of “prototypes” obtained by clustering all the
frames in the training set. See Fig. 4 for an illustration.
A video sequence is generated by sampling a mixture of
these actions, then sampling motion words conditioning
on a particular action. The generative process of LDA for
a video sequencew in the collection can be formalized
as follows (see Fig. 3(a)):

1) Choose � � Dir( � )
2) For each of the N motion words wn :

a) Choose an action label (i.e., topic) zn �
Mult( � );

b) Choose a motion word wn from wn �
p(wn jzn ; � ), a multinomial probability condi-
tioned on zn .

The parameter � indicates the mixing proportion of
different action labels in a particular video sequence. �
is the parameter of a Dirichlet distribution that controls

Examples of Motion Words

Running Right

Running Left 

Fig. 4. Illustrations of topic models. Left: examples of
clustering frames into “motion words”, where each clus-
ter (denoted by a color ellipse) corresponds to a “word”.
The red and blue clusters roughly correspond to two
types of “running left”, while the green and pink clusters
roughly correspond to “running right”. Right: examples of
multinomial distributions (i.e., the parameter � ) on words
for two difference action labels. For the “running left”
action, the multinomial distribution has large components
on the red and blue components, while the distribution for
“running right” has large components on the green and
pink components.

how the mixing proportion � varies among different
video sequences. � is the parameter of a set of multi-
nomial distributions, each of them indicates the distri-
bution of motion words within a particular action label.
The probability of a video w = f w1; w2; :::; wn g is:

p(w j�; � ) =
Z

p(� j� )

 
NY

n =1

X

zn

p(zn j� )p(wn jzn ; � )

!

d�

Given a collection of video sequences D =
f w1; w2; :::; wM g, learning a LDA model involves �nding
the model parameters � and � that maximize the log
likelihood of the data `(�; � ) =

P M
d=1 logP(wd j�; � ).

This parameter estimation problem can be solved by the
variational EM algorithm developed in Blei et al. [12].

3.2.2 Correlated Topic Model
Blei & Lafferty [13] point out that the Dirichlet prior on
topic proportions � � Dir( � ) in LDA does not properly
model the correlation of different topics in the docu-
ments. To address this limitation, they propose a new
topic model called the Correlated Topic Model (CTM).
CTM uses the logistic normal distribution, rather than
the Dirichlet distribution, as the prior distribution of th e
topic proportions. The generative process of CTM is as
follows:

1) Choose � � N (�; �)
2) For each of the N motion words wn :

a) Choose an action label (i.e., topic) zn �
Mult( � ), where � i = exp � i =

P
j exp� j ;

b) Choose a motion word wn from wn �
Mult( � zn )



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL., NO. 6

M

�

N

w

�
z

� �

M

�

N

w

�
z

� �

(a) (b)

Fig. 5. Graphical representation of: (a) CTM model,
adopted from Blei et al. [13]; (b) S-CTM for training. Note
the difference from CTM is that z is observed in this case.

This generative process is identical to that of LDA
except that the topic proportions are now drawn from a
logistic normal rather than a Dirichlet distribution. The
parameter estimation problem in CTM can be solved by
the variational EM algorithm [13].

3.3 Semi-Latent Topic Models for Training

In the original LDA or CTM, we are only given the
words (w1; w2; :::; wN ) in each video sequence, but we
do not know the topic zi for the word wi , nor the mixing
proportion � of topics in the sequence. In order to use
LDA for classi�cation problems, people have applied
various tricks. For example, Blei et al. [12] use LDA to
project a document onto the topic simplex, then train
an SVM model based on this new representation, rather
than the original vector representation of a document
based on words. Although this simplex is a more com-
pact representation for the document, the �nal SVM clas-
si�er based on this new representation actually performs
worse than the SVM classi�er trained on the original
vector representation based on words. Sivic et al. [19] use
a simpler method by classifying an image to a topic in
which the latent topics of this image is most likely to be
drawn from. There are two problems with this approach.
First of all, there is no guarantee that a “topic” found by
LDA or CTM corresponds to a particular “object class”.
Secondly, it is not clear how many “topics” to choose.

3.3.1 Semi-Latent Dirichlet Allocation (S-LDA)

In this paper, we are interested in the action classi�cation
problem, where all the frames in the training video
sequences have action class labels associated with them.
In this case, there is no reason to ignore this important
information. In this section, we introduce a modi�ed
version the LDA model called Semi-Latent Dirichlet Allo-
cation (S-LDA). S-LDA utilizes class labels by enforcing
a one-to-one correspondence between topics and class
labels. Since we use a wordwi to represent a frame in a
video sequence w = ( w1; w2; :::; wN ), the topic zi for the
word wi is simply the class label of wi . The graphical
representation of S-LDA model is shown in Fig. 3(b).
We should emphasize that the model in Fig. 3(b) is only

for training (i.e., estimating � and � ). In testing, we will
use the same model shown in Fig. 3(a), together with
estimated model parameters � and � .

Our model has several major advantages over previ-
ous approaches of using a topic model for classi�cation
problems. First of all, the training process of the S-LDA
model is much easier than the original LDA. Secondly,
we can achieve much better recognition accuracy by
taking advantage of the class labels (see Section 4). In
addition, we do not have to choose the number of latent
topics in S-LDA, since it is simply the number of class
labels.

In LDA (see Fig. 3(a)), the parameters � and � are
coupled, conditioning on the observed words w. In that
case, the model parameters (� and � ) have to be esti-
mated jointly, which is dif�cult. Various approximation
approaches (e.g., sampling, variational EM, etc) have to
be used. However, in S-LDA (Fig. 3(b)), the parameters
� and � become independent, conditioning on observed
words w and their corresponding topics (i.e., class labels)
z. So we can estimate� and � separately, which makes
the training procedure much easier. In the following, we
describe the details of how to estimate these parameters.

The parameter � can be represented by a matrix of size
K � V , where K is the number of possible topics (i.e.,
class labels) andV is the number of possible words. The
i -th row of this matrix ( � i ) is a V -dimensional vector
that sums to 1. � i is the parameter of a multinomial
distribution, which de�nes the probability of drawing
each word in the i -th topic. The maximum-likelihood
estimate of � i can be calculated by simply counting the
frequency of each word appearing together with topic zi ,
i.e., � ij = nij =ni � , where ni � is the count of the i -th topic
in the corpus, and nij is the count of i -th topic with j -th
word in the corpus.

The Dirichlet parameter � can be estimated from
a “Dirichlet-multinomial” distribution (or Polya distribu-
tion), which is a compound distribution where � is
drawn from a Dirichlet and then a sample of discrete
outcomes z is drawn from a multinomial with prob-
ability vector � . The resulting distribution over z is
p(zj� ) =

R
� p(zj� )p(� j� )d� . Given a set of f z1 ; z2 ; :::; zM g,

the maximum-likelihood estimate of � can be calculated
using Newton-Raphson iterations [50].

3.3.2 Semi-latent Correlated Topic Model (S-CTM)

We can modify the CTM model in a similar way to
obtain the Semi-latent Correlated Topic Model (S-CTM)
for training. The graphical representation of S-CTM is
shown in Fig. 5(b).

Similarly, the training algorithm of S-CTM is much
simpler than CTM, due to the fact that the parameters
� and � are decoupled from the parameters � . The
maximum likelihood estimation of � is identical to that
in S-LDA. Given a set f z1 ; z2 ; :::; zM g, the parameters �
and � can be estimated using the EM algorithm [51].
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Fig. 6. Graphical representation of the variational distri-
bution for LDA

3.4 Classi�cation of New Video Sequences

Given a new video sequence for testing, we would like to
classify each frame in the sequence. Suppose the testing
video sequence is represented asw = ( w1; w2; :::; wN ),
i.e., there are N frames in the sequence, and the n-th
frame is represented by the motion word wn . Then, we
need to calculate p(zn jw ) (n = 1 ; 2; :::; N ). The frame wn

is classi�ed to be action class k if k = arg max j p(zn =
j jw ; �; � ). Notice that we use p(zn jw ) instead of p(zn jwn )
for classi�cation. This re�ects our assumption that the
class label zn not only depends on its corresponding
word wn , but also depends on the video sequence w =
(w1; w2; :::; wN ) as a whole.

3.4.1 Inference of S-LDA
To calculate p(zn jw ; �; � ) in S-LDA, we use the varia-
tional inference algorithm proposed in Blei et al. [12]. The
basic idea of the variational inference is to approximate
the distribution p(�; zjw ; �; � ) by a simpli�ed family of
variational probability distributions q(�; z) with the form
q(�; z) = q(� j
 )

Q N
n =1 q(zn j� n ). The graphical representa-

tion of q(�; zj
; � ) is shown in Fig. 6.
In order to make the approximation as close to

the original distribution as possible, we need to �nd
(
 � ; � � ) that minimize the Kullback-Leibler (KL) diver-
gence between the variational distribution q(�; zj
; � )
and the true distribution p(�; zjw ; �; � ), i.e., (
 � ; � � ) =
arg min( 
;� ) D(q(�; zj
; � )kp(�; zjw ; �; � )) , where D(�j� ) is
the KL divergence. Finding (
 � ; � � ) can be achieved by
iteratively updating (
; � ) using the following update
rules (see Blei et al. [12] for detailed derivations):

�̂ ni / � iv exp(	( 
 i ) � 	(
KX

j =1


 j )) (2)


̂ i = � i +
NX

n =1

� ni (3)

Several insights can be drawn from examining
the variational parameters (
 � (w); � � (w)) . First of
all, (
 � (w); � � (w)) are video-speci�c. Also notice that
Dir( 
 � (w)) is the distribution from which the mixing
proportion � for the video sequence w is drawn. We can
imagine that if we draw a sample � � Dir( 
 � (w)) , � will
tend to peak towards the true mixing proportion � � of

N
M

�

z

� �

�

Fig. 7. Graphical representation of the variational distri-
bution for CTM

actions for the video w. So the true mixing proportion
� � can be approximated by the empirical mean of a
set of samples � ( i ) drawn from Dir( 
 � (w)) . The second
insight comes from examining the � n parameters. These
distributions approximate p(zn jwn ). The third insight is
that, since the topic zn is drawn from Mult( � � ), � � is
an approximation of p(zn ). Then we can get p(zn jw ) /
p(zn j� � )p(zn jwn ) � � �

zn
� zn wn .This equation has a very

appealing intuition. It basically says the class label zn

is determined by two factors, the �rst factor � �
zn

tells
us the probability of generating topic zn in a document
with mixing proportion � � , the second factor � zn wn tells
us the probability of generating topic zn conditioning on
a particular word wn . We can classify frame n according
to p(zn jw ). If we know the video w only contains one
action, the classi�cation label for the entire video can be
obtained by majority voting.

3.4.2 Inference of S-CTM

For S-CTM, the probability p(zn jw ; �; �) can be similarly
calculated using a variational inference algorithm [13].
For �xed model parameters f �; �; � g, the log probability
of a new document w = f w1; :::; wn g can be bound using
Jensen's inequality:

` = log p(w1:N j�; � ; � )

� Eq[logp(� j�; �)]

+
NX

n =1

Eq[� > zn ] +
NX

n =1

Eq[logp(wn jzn ; � )] + H (q)

+
NX

n =1

�
� � � 1� KX

i =1

Eq[expf � i g]
�

+ 1 � log(� )
�

(4)

where H (�) is the entropy of a distribution, Eq(�)
is the expectation with respect to a variational dis-
tribution q(�; z). The variational probability distribu-
tion q(�; z) is chosen to have the form q(�; z) =Q K

i =1 q(� i j� i ; � 2
i )

Q N
n =1 q(zn j� n ), where q(zn j� n ) is a

multinomial distribution, and q(� i j� i ; � 2
i ) is a univariate

Gaussian distribution with mean � i and variance � 2
i . The

graphical representation of the variational distribution is
shown in Fig. 7.

For �xed model parameters f �; �; � g, the optimal
values for the variational parameters f � � ; � � ; � � g can be
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found using coordinate ascent, repeatedly optimizing
(4) with respect to each parameter while holding others
�xed.

Maximizing (4) with respect to � and � n gives the
following update rules:

�̂ =
KX

i =1

expf � i + � 2
i =2g (5)

�̂ n;i / expf � i g� i;w n ; i 2 f 1; :::; K g (6)

Maximizing (4) with respect to � i and � 2
i does not

yield analytic solutions, but conjugate gradient algo-
rithms can be used with derivatives (see [13] for detailed
derivations):

d`
�

= � � � 1(� � � ) +
NX

n =1

� n; 1:K � (N=� ) expf � + � 2=2g

d`
d� 2

i
= � � � 1

ii =2 � N=2� expf � + � 2
i =2g + 1 =(2� 2

i )

After obtaining (
 � (w); � � (w)) for the video w, we can
compute p(zn jw ) using the same technique used in S-
LDA, i.e. p(zn jw ) / p(zn j� � )p(zn jwn ) � � �

zn
� zn wn , where

� � is the empirical mean of a set of samples � ( i ) drawn
from Dir( 
 � (w)) . The frame n is classi�ed according to
p(zn jw ). For single-action videos, the classi�cation label
of the entire video can obtained by majority voting. Of
course, this is not the optimal way to obtain the per-
video classi�cation from the per-frame classi�cation –
one can build a much more sophisticated model for this
purpose. But this work focuses on per-frame classi�ca-
tion, so we prefer a simple and straightforward method
to obtain the class label of the whole video. We will show
experimentally that this simple method already gives
very good results.

4 EXPERIMENTS

We test our algorithm on �ve datasets: KTH human mo-
tion dataset [39], Weizmann human action dataset [52],
hockey dataset [25], soccer dataset [2], and a new ballet
dataset [53]. See Fig. 8 for sample frames from each
dataset. Since the �rst three datasets (KTH, Weizmann,
hockey) only contain single-action video sequences, and
most of the previously published results are on per-
video classi�cation, we will focus on per-video classi-
�cation (using majority voting described in the previous
section) on these three datasets. The video sequences
in the last two datasets (soccer, ballet) contain mul-
tiple actions in a video sequence, so we cannot do
per-video classi�cation. We will only report per-frame
classi�cation results on them. For each dataset, we per-
form “leave-one-out” cross-validation. For the �rst two
datasets (KTH, Weizmann), we leave the videos of one
person as test data each time. And for the last three
datasets (hockey, soccer, ballet) we leave one video as
test data each time.

On the KTH and Weizmann datasets, we also show
experimental results on using SVM with large-scale
features and compare with previous work that uses
SVM with local patch features. Since the classi�cation
algorithm is identical in this case, this will allow us
to compare large-scale features and local patch features
directly.

Our approaches are ef�cient. Most of the computation
is spent on the features and codewords. After the bag-
of-words representation is obtained, learning the model
usually takes less than one minute, and inference on a
new video only takes a few seconds in our unoptimized
MATLAB implementation combined with existing codes
in MATLAB/C [12], [13], [50], [51].

KTH dataset: The KTH human motion dataset con-
tains six types of human actions (walking, jogging,
running, boxing, hand waving and hand clapping) per-
formed several times by 25 subjects in four different
scenarios: outdoors, outdoors with scale variation, out-
doors with different clothes and indoors. Representative
frames of this dataset are shown in Fig. 8. We �rst run
an automatic preprocessing step to track and stabilize
the video sequences, so that all the �gures appear in the
center of the �eld of view. The confusion matrix for per-
video classi�cation of S-LDA on the KTH dataset using
1050 codewords is shown in Fig. 9(a). We can see that the
algorithm correctly classi�es most actions. Most of the
mistakes the algorithm makes are confusions between
“running” and “jogging” actions. This is intuitively rea-
sonable, since “running” and “jogging” are similar ac-
tions. On all of our datasets, the confusion matrices (per-
frame or per-video) of S-LDA and S-CTM have similar
patterns, so we will only show one confusion matrix on
each dataset.

We also test the effect of the codebook size on the
overall accuracy for both per-frame and per-video clas-
si�cation. The result is shown in Fig. 9(b). The best
accuracy is achieved with 1050 codewords for both S-
LDA and S-CTM, but the results are relatively stable.
We compare our results with previous approaches on
the same dataset, as shown in Table 1. Performances on
KTH and Weizmann (see below) datasets are saturating
– state-of-the-art approaches achieve near-perfect results.
Also we should note that different methods listed in
Table 1 have all sorts of variations in their experiment
setups, e.g., different splits of training/testing data,
whether some preprocessing (e.g., tracking, background
subtraction) is needed, with or without supervision,
whether per-frame classi�cation can be done, whether
a method handles multiple action classes in a video, etc.
The results of our methods are comparable to other state-
of-the-art approaches,although we emphasize that this
is not a precise comparison due to the variations in the
experiment setups mentioned before.

The KTH dataset only contains single-action videos.
If one only needs per-video classi�cation, the simplest
approach is to train a discriminative classi�er based
on the large-scale features. In order to see how the



IEEE TRANSACTIONS ON PATTERN ANALYSIS AND MACHINE INTELLIGENCE, VOL., NO. 9

KTH dataset Weizmann dataset

hockey dataset soccer dataset ballet dataset

Fig. 8. Sample frames from our datasets. The action labels in each dataset are as follows. (1) KTH dataset:
walking, jogging, running, boxing, hand waving, hand clapping; (2) Weizmann dataset: running, walking, jumping-
jack, jumping-forward-on-two-legs, jumping-in-place-on-two-legs, galloping-sideways, waving-two-hands, waving-one-
hand, bending; (3) hockey dataset: skating down, skating left, skating leftdown, skating leftup, skating right, skating
rightdown, skating rightup, skating up; (4) soccer dataset: run left 45 � , run left, walk left, walk in/out, run in/out, walk
right, run right, run right 45 � ; (5) ballet dataset: left-to-right hand opening, right-to-left hand opening, standing hand
opening, leg swinging, jumping, turning, hopping, standing still.

TABLE 1
Comparison of different reported results (per-video) on

KTH dataset. There are many variations in terms of
experiment setups among different methods, so a
precise comparison between these methods is not

possible.

methods accuracy(%)

S-LDA 91.20

S-CTM 90.33

Liu & Shah [43] 94.16

Schindler & Van Gool [30] 92.70

Wong et al. [48] 91.60

Jhuang et al. [29] 91.70

Nowozin et al. [42] 87.04

Niebles et al. [20] 81.50

Dollár et al. [40] 81.17

Schuldt et al. [39] 71.72

Ke et al. [41] 62.96

large-scale features would perform in this case, we
build a histogram representation based on the visual
words computed from the large-scale features for each
video, then train an SVM classifer based on the his-

togram. This is similar to what has been done in object
recognition [54]. Using a linear SVM with the trade-off
parameter C = 1000, the best per-video classi�cation
performance is 83:31%, which is much better than a
similar approach in Schuldt et al. [39] that uses SVM
based on histograms of visual words obtained from local
patches. We have tried other different values for the
parameter C. The results are relatively stable (within
� 3%). This demonstrates that the large-scale features
outperforms local patch features. However, using the
same large scale features, our approach (S-LDA/S-CTM)
still outperforms SVMs.

Weizmann dataset: The Weizmann human action
dataset contains 83 video sequences showing nine dif-
ferent people, each performing nine different actions.
We track and stabilize the �gures using the background
subtraction masks that come with this dataset. Some
sample tracked frames are shown in Fig. 8. Fig. 10(b)
shows how our per-frame and per-video classi�cation
accuracies change as we vary the codebook size. S-LDA
achieves a result of 100% per-video classi�cation and
98:91% per-frame classi�cation with 650 codewords. S-
CTM achieves 100% accuracies for both per-frame and
per-video classi�cations. In Fig. 10(a), we show the con-
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Fig. 9. Results on KTH dataset: (a) confusion matrix for per-video classi�cation of S-LDA using 1050 codewords (over-
all accuracy=91.2%). Horizontal rows are ground truths, and vertical columns are predictions; (b) classi�cation
accuracy (per-frame and per-video) vs. codebook size.

TABLE 2
Comparison of classi�cation accuracies (per-frame,
per-video, and per-cube) with previous methods on

Weizmann dataset.

per-frame(%) per-video(%) per-cube(%)

S-LDA 98.91 100 N/A

S-CTM 100 100 N/A

Fathi & Mori [53] 99.9 100 N/A

Jhuang et al. [29] N/A 98.8 N/A

Niebles & Fei-Fei [44] 55 72.8 N/A

Blank et al. [52] N/A N/A 99.64

fusion matrix for per-frame classi�cation of S-LDA with
650 codewords. We do not show the confusion matrix
for per-video classi�cation, since it is simply a perfect
diagonal matrix. We compare our results with previous
methods in Table 2. Again, we accept the fact that the
comparison to Niebles & Fei-Fei [44] is not completely
fair, since their method does not require any tracking or
background subtraction. Also notice that [52] classi�es
space-time cubes. It is not clear how it can be compared
with other methods that classify frames or videos.

Again, we conduct another experiment using an SVM
classi�er with the large-scale features for video classi-
�cation. The per-video accuracy is 98:8% (linear SVM
with C = 1000), which is inferior to our approaches (S-
LDA/S-CTM).

Hockey dataset: The hockey dataset contains 70 tracks
of hockey players performing eight actions (skate down,
skate left, skate leftdown, skate leftup, skate right, skat e
rightdown, skate rightup, skate up). The action labels we
obtained from the authors of [25] are slightly different
from what they used in [25]. Some sample frames are
shown in Fig. 8. The confusion matrix of per-video clas-
si�cation of S-LDA is shown in Fig. 11(a). Again, most
of the mistakes are intuitively reasonable, e.g., “skate
leftdown” is confused with “skate down”, “skate right-

TABLE 3
Classi�cation accuracies (per-frame and per-video) of

S-LDA and S-CTM on the hockey dataset.

per-frame(%) per-video (%)

S-LDA 85.43 87.50

S-CTM 77.43 76.04

down” is confused with “skate down”, “skate rightup”
is confused with “skate up”, etc. In Fig. 11(b), we show
how per-frame and per-video classi�cation accuracies
vary with different codebook sizes.

We compare the result of S-LDA and S-CTM in Table 3.
The KNN method based on HOG features in Lu et
al. [25] achieves a per-frame classi�cation accuracy of
76:37%. However, since Lu et al. [25] use different class
labels (they only have four class labels instead of eight)
and experiment setup ( � 4000 frames for training, � 1000
frames for testing, frames from a single video could be
in both training and testing sets), a direct comparison
with their approach is impossible.

Soccer dataset: The soccer dataset contains several
minutes of digitized World Cup football game from an
NTSC video tape. A preprocessing step is taken to track
and stabilize each human �gure. In the end, we obtain
35 video sequences, each corresponding to a person
moving in the center of the �eld of view. We �ip the
sequences and get 70 video sequences in total. All the
frames in these video sequences are hand-labeled with
one of 8 action labels: “run left 45 � ”, “run left”, “walk
left”, “walk in/out”, “run in/out”, “walk right”, “run
right”, “run right 45 � ”. Representative frames of a single
tracked person are shown in Fig. 8. The confusion matrix
of S-LDA using 950 codewords is shown in Fig. 12(a).
The overall accuracy is 77.81%. The overall accuracy of
S-CTM is 78.64%. A previously reported result is in [2],
which uses a k-nearest neighbor classi�er based on the
temporally smoothed motion feature vectors. However,
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Fig. 10. Results on Weizmann dataset: (a) confusion matrix for per-frame classi�cation of S-LDA using 700
codewords (overall accuracy=98.83%); (b) classi�cation accuracy (per-frame and per-video) vs . codebook size.
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Fig. 11. Results on hockey dataset: (a) confusion matrix for per-video classi�cation of S-LDA using 200 code-
words (overall accuracy=87.5%); (b) classi�cation accuracy (per-frame and per-video) vs . codebook size.

the comparison with [2] is a bit tricky, since [2] only �ips
some sequences, and there is no way to �gure out which
sequences are �ipped in their experiment. In order to do
a fair comparison, we re-run the KNN algorithm in [2]
using their own implementation on our dataset. Table 4
shows the overall accuracy and the main diagonals of
the confusion matrices of our methods, compared with
KNN [2]. We can see that our methods perform better
by a large margin. A lot of the mistakes made by our
algorithm make intuitive sense. For example, “run left
45 � ” is confused with “run left” and “run in/out”, “walk
right” is confused with “walk in/out” and “run right”,
etc. Fig. 12(b) shows the effect of codebook size on
the accuracy. The best accuracy peaks at around 950
codewords for both S-LDA and S-CTM.

We can visualize the learned parameter � . Since there
is a � parameter for each video, we cannot show all
of them. In Fig. 13, we show the � parameter of two
different videos in the dataset learned by S-LDA. It is
obtained as the empirical mean of samples drawn from
Dir (
 ) (see Sec. 3.4 for more details). It is obvious that the
learned � correctly captures the topic proportions (i.e.,
the proportion of actions) in each video.

TABLE 4
Comparison of the overall accuracy (per-frame) and the
main diagonal of the confusion matrix in our method and
the k-nearest neighbor (KNN) method in Efros et al. [2]
on the soccer dataset. The result of KNN is obtained by

running their own implementation on our dataset, see the
text for details.

S-LDA S-CTM KNN

run left 45 � 0.4909 0.6208 0.3277

run left 0.8273 0.9557 0.6195

walk left 0.9149 0.8821 0.7585

walk in/out 0.8552 0.8552 0.4202

run in/out 0.7712 0.7390 0.2910

walk right 0.8821 0.8821 0.7585

run right 0.8076 0.8076 0.6195

run right 45 � 0.6208 0.6208 0.3277

Overall 0.7781 0.7864 0.4923

Ballet dataset: Finally, we test our algorithm on a
ballet dataset we collected from an instructional ballet
DVD. This dataset has been used in Fathi & Mori [53].
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Fig. 12. Results on soccer dataset: (a) confusion matrix for per-frame classi�cation of S-LDA using 950 code-
words (overall accuracy=77.81%); (b) per-frame classi�cation accuracy vs. codebook size.
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Fig. 13. Visualization of � parameters for two different
videos in the soccer dataset: (a) a video with all the
frames labeled as action 2(“run left”); (b) a video with all
the frames labeled as action 1 (“run left 45 � ”) or 2 (“run
left”).

We obtain 44 tracks using a simple tracking algorithm
based on color histograms. We manually label each
frame with one of the eight action labels:“left-to-right
hand opening”, “right-to-left hand opening”, “standing
hand opening”, “leg swinging”, “jumping”, “turning”,
“hopping”, and “standing still”. Some sample frames
are shown in Fig. 8. Fig. 14(a) shows the confusion
matrix of per-frame classi�cation of S-LDA. Our algo-
rithm classi�es most actions correctly. The only exception
is “standing still”. The reason is because it is dif�cult
to reliably obtain optical �ow features for this action.
Fig. 14(b) shows how the classi�cation accuracy varies
with different codebook sizes.

We compare our results with Fathi & Mori [53] in
Table 5. Since Fathi & Mori [53] use exactly the same
experiment setup, the comparison is fair. We can see that
our method performs signi�cantly better.

Remarks: From the above experiments, we can see that
both S-LDA and S-CTM perform quite well. On the KTH
and Weizmann datasets, the results of both models are
quite similar. On the soccer and ballet datasets, S-CTM
seems to perform better than S-LDA. This is reasonable,
since these two datasets have multiple actions in a video
sequence, S-LDA does not capture their correlations as
well as S-CTM. On the hockey dataset, S-LDA seems to
perform much better than S-CTM. We believe it is due

TABLE 5
Comparison of the overall accuracy (per-frame) with

Fathi & Mori [53] on the ballet dataset.

per-frame(%)

S-LDA 88.66

S-CTM 91.36

Fathi & Mori [53] 51

to the fact that the size of the dataset is quite small, and
there are no strong correlations among different class
labels (the video only contains single actions). In this
case, S-CTM is prone to over�tting since there are more
model parameters to estimate.

We would like to point out that for single-action
videos, one can train a discrimative classi�er (e.g., SVM)
to classify the videos. But our experimental results on
KTH and Weizmann datasets show that S-LDA and S-
CTM outperform SVM classi�ers using the same large-
scale features. The real advantage of our models is
that we can deal with multiple actions in a video. Of
course, one can also train a discriminative classi�er to
classify each individual frame, e.g., [2], [53], but our
experimental results on the soccer and ballet datasets
demonstrate empirically that those approaches perform
inferior to ours.

Our experimental results also demonstrate that our
approach is not very sensitive to the codebook size. The
accuracy is quite stable in a large range of codebook
sizes.

5 CONCLUSION

We have presented two supervised hierarchical topic
models for action recognition based on motion words.
Compared with previous topic models used in visual
recognition, our models are different in several as-
pects. First, a “visual word” in our models is obtained
from large-scale motion descriptors from a whole frame,
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Fig. 14. Results on ballet dataset: (a) confusion matrix for per-frame classi�cation of S-LDA using 350 code-
words (overall accuracy=88.66%), see the text for descriptions of these actions; (b) per-frame classi�cation accuracy
vs. codebook size.

rather than small space-time patches. The main motiva-
tion for using large-scale descriptors is that they better
capture the characteristics of human actions. Second, the
“latent topics” in our models directly correspond to dif-
ferent action categories. And class labels in the training
data are naturally exploited in the learning process. On
�ve different datasets, our methods consistently achieve
superior results – either comparable to, or signi�cantly
better than other state-of-the-art results.

Of course, our method has its own limitations. For ex-
ample, it requires a preprocessing stage of tracking and
stabilizing human �gures. However, we believe this is a
reasonable assumption in many scenarios. In fact, all the
video sequences in our experiments are pre-processed by
off-the-shelf tracking/detection algorithms. The curren t
datasets we use do not have signi�cant background
clutter. It will be interesting to explore the use of our
method on more complicated datasets. As future work,
we would like to collect and try our approach on more
dif�cult datasets.
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