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A Hierarchical Spatio-Temporal Model
for Human Activity Recognition
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Abstract—There are two key issues in human activity
recognition: spatial dependencies and temporal dependencies.
Most recent methods focus on only one of them, and thus do not
have sufficient descriptive power to recognize complex activity.
In this paper, we propose a hierarchical spatio-temporal model
(HSTM) to solve the problem by modeling spatial and temporal
constraints simultaneously. The new HSTM is a two-layer hidden
conditional random field (HCRF), where the bottom-layer HCRF
aims at describing spatial relations in each frame and learning
more discriminative representations, and the top-layer HCRF
utilizes these high-level features to characterize temporal relations
in the whole video sequence. The new HSTM takes advantage of
the bottom layer as the building blocks for the top layer and it
aggregates evidence from local to global level. A novel learning
algorithm is derived to train all model parameters efficiently
and its effectiveness is validated theoretically. Experimental
results show that the HSTM can successfully classify human
activities with higher accuracies on single-person actions (UCF)
than other existing methods. More importantly, the HSTM also
achieves superior performance on more practical interactions,
including human–human interactional activities (UT-Interaction,
BIT-Interaction, and CASIA) and human–object interactional
activities (Gupta video dataset).

Index Terms—Activity recognition, hidden conditional
random field (HCRF), hierarchical structure, spatio-temporal
dependencies.

I. INTRODUCTION

W ITH the explosive growth of multimedia data, espe-
cially for videos, there is a heavy demand for automatic

multimedia analysis. Among them, it is more meaningful to
understand “what is he doing” or “what dose he want to do”
for human beings. Under this background, vision-based human
activity recognition has played an important role in multimedia
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content analysis and it also has contributed to other multimedia
applications. Human activity recognition is the most active re-
search area in computer vision with many applications [1], [2]
such as human-computer interaction, video retrieval and video
surveillance. There is a fine difference between the meanings
of action and activity according to the definition in [3]. Action
is characterized by simple motion-patterns typically executed
by a single human, while activity is more complex and involves
coordinated actions or interactional objects among a small num-
ber of humans. Recently, there has been a considerable number
of works focusing on action analysis of single person, but it is
desirable to recognize complex interactions in real world. In this
paper, we propose a unified framework to model human actions
and activities, especially for various interactional activities.

Based on traditional pattern recognition, some simple mod-
els [4] can be utilized to classify actions by analyzing certain
statistical features from the whole action without considering
their temporal and spatial distributions. Actions always occur
in the three-dimensional space during a period of time. In the
temporal domain, there exist strong time sequence relations be-
tween neighboring frames, and body parts also affect each other
in the spatial domain. From this perspective, recent human ac-
tivity recognition methods can be classified into two categories,
each with its own strengths and weaknesses. The first category
can be called feature based method, which focuses on extracting
or learning spatio-temporal features to incorporate spatial and
temporal information and then summarizes all frames of a video
sequence into a single representation for the feature matching
[4]–[8]. The second one can be called model based method,
which directly models the spatio-temporal dynamic of human
activity and then matches between the learned model and the
observation, and it can be subdivided into two categories de-
pending on which internal relation (spatial or temporal) is con-
sidered. The temporal relation modeling method pays special
attention to temporal dependencies [9]–[11], while the spatial
relation modeling method aims at modeling dependencies in the
spatial domain [12]–[15]. In general, model based methods can
provide good performance, but they lead to high computational
cost. Feature based methods can be calculate simply and rapidly,
while most of them are sensitive to noise and lack generation
ability, which is to say it is difficult to extend them to other
datasets.

Feature based method: Some conceptually weaker models
such as those applying space-time interest points (STIPs) [16]
to bag-of-features (BOF) [4] have achieved promising per-
formance on the object detection and even the human action
recognition. In [4], an action is represented as a collection
of STIPs and only their labels are reserved to compute his-
togram characteristic. These approaches completely disregard
spatio-temporal relations among these local features. Although
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Fig. 1. Role of spatial dependencies and temporal dependencies in human activity recognition. Two sample frames from two video clips are shown in (a) and
(b) separately. It is often hard to distinguish activities from each frame alone. However, if we look at the consecutive frames, we can easily recognize the person
in (c) is drinking and the person in (d) is pouring. We segment two individual persons from two interactional activities as shown in (e) and (f). It is often hard
to distinguish activities from each individual person alone. However, if we look at the whole scene, we can easily recognize the person in (g) is hugging and the
person in (h) is pushing. It shows that spatial dependencies and temporal dependencies are two key elements in modeling human activity.

the BOF is easy to implement, such orderless and naive mod-
els lose too much information, since an interest point is not
isolated but surrounded by its spatio-temporal context. There-
fore, improved approaches [5], [6], [8], [17] are proposed for
integrating some hand-designed contextual information into
BOF. Recently, several mid-level features [18]–[21] are ex-
tracted to improve discriminative power and enhance spatio-
temporal descriptive capability.

Model based method: Probabilistic graphical models can pro-
vide a consistent representation for both spatial and temporal
structures in image and video processing [22]–[28]. To learn the
temporal dependencies between consecutive frames, numerous
approaches have been proposed based on hidden Markov mod-
els (HMM) [9], [29]. Conditional random fields (CRFs) and
their variation hidden conditional random fields (HCRFs) [14],
[15] are widely used to build the structure of local patches, due
to the relaxing assumption of the conditional independence of
observed data. In recent years, there are two common ways to
classify activities with CRFs/ HCRFs, which focus on mod-
eling spatial and temporal structures respectively. On the one
hand, for modeling temporal structures, relations between con-
secutive frames are captured by a discriminative graph [10],
[11] whose input is human pose. Though such methods have
semantic features and intuitive construction, pose estimation is
still a challenge. On the other hand, the HCRF [12], [13] is
utilized to automatically discover spatial dependencies among
local patches. These approaches model every frame of video
sequence independently and obtain the class label for the whole
video by majority voting. In contrast with the pose, local features
can be easily extracted and deal with occlusion well. However,
the correlation of neighboring frames is neglected and the global
descriptive capacity is inadequate in these approaches.

Looking at the two persons in Fig. 1(a) and 1(b) and Fig. 1(e)
and 1(f), it is difficult to tell that they are doing two different
activities. After observing the consecutive frames Fig. 1(c) and
1(d) or the whole scene Fig. 1(g) and 1(h), we can easily rec-
ognize them. It shows that spatial dependencies and temporal

dependencies are two key elements in modeling human activity,
which play a decisive role in recognition. Due to its time-space
attribute, the human activity cannot be completely represented
by only spatial constrains or only temporal constrains.

To address these limitations, we propose a hierarchical spatio-
temporal model (HSTM), where the bottom layer aims at de-
scribing spatial relations in each frame and the top layer is
utilized to characterize temporal relations in the whole video
sequence. In fact, it is a hierarchical model that utilizes the bot-
tom layer as the building blocks for the top layer and aggregates
evidence from local to global level. To our knowledge, this pro-
posed new method is the first model based method to jointly
model spatio-temporal dependencies of human activity using
the hierarchical probabilistic graphical model.

There are three main contributions in this paper. First, we
integrate hierarchical and structural information into the inter-
pretation process by constructing the HSTM on the spatial scale
and the temporal scale, such that all levels of spatio-temporal
relations are combined to enhance descriptive capability. Sec-
ond, raw observations are converted to high-level semantic
representations by the bottom layer to combine the flexibility of
local features with the discrimination power of global features
in a consistent multi-layer framework. Last, we derive a novel
learning algorithm to train all parameters efficiently and effec-
tively, and it improves classification ability by jointly measuring
spatio-temporal similarity of activities. It is a unified framework
to model both one-person actions and multi-person activities. Its
evaluations are conducted on three types of datasets. The first is
the one-person action dataset (UCF), the second is the complex
human-human interactional activity datasets (UT-Interaction,
BIT-Interaction and CASIA), and the last is the human-object
interaction dataset (Gupta video dataset). Experimental results
show that the HSTM can successfully recognize all of them with
high accuracies.

The rest of this paper is organized as follows: The second sec-
tion focuses on related works. The third section details the struc-
ture of this novel HSTM. The training and inference algorithms
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of the HSTM are given in Section IV with some verifications of
theory. Section V reports experiments using five human activity
datasets with various tasks. Section VI concludes this paper.

II. RELATED WORKS

Hierarchical models can construct long-range and multi-
resolution dependencies. Multiple layers can not only improve
discriminative power, but also enhance descriptive capabil-
ity. Therefore, various hierarchical feature learning algorithms
[30]–[36] and hierarchical classification models [37]–[42] have
been proposed. In this paper, the HSTM is also inspired by the
concept of hierarchy and we integrate feature learning into our
hierarchical classification model simultaneously.

Hierarchical feature learning: Recent works have shown that
learning hierarchical features leads to a significant improvement
in various computer vision fields by deep architectures with
multiple hidden layers [30]–[35] or spatial pyramids of image
patches [36]. An extension of the independent subspace analy-
sis algorithm combining deep learning technique is presented in
[30] to learn invariant and hierarchical spatio-temporal features
from unlabeled data. A hierarchical sequence summarization
method [33] is introduced for action recognition, which learns
multiple layers of discriminative features at different temporal
resolutions. A high-level descriptions called interactive phrases
[43], [44] are introduced to describe human interactions, which
are learned by a novel hierarchical model based on the latent
SVM framework. A new representation - hierarchical movemes
[45] is proposed to represent human movements at multiple
temporal levels of granularities, which ranging from atomic
movements to coarser movements. In addition, the popular con-
volutional neural network (CNN) [32], [34] is also utilized to
automatically learn convolutional feature representations for hu-
man action recognition. Since hierarchical feature learning can
replace hand-designed features with more robust and portable
learned features, we adopt such main concept into the HSTM
and learn hierarchical features to capture more global or higher-
level representations.

Hierarchical classification model: Many existing works fo-
cus on recognition of atomic actions with simple single-layer
models. However, human activity often involves various in-
teractions among persons, objects and groups in a real world
scenario. Hierarchical classification models [37]–[42] can be
used to classify complex interactional activities due to their
strong constructive modeling capability. The hierarchical hidden
Markov model (HHMM) [41] is introduced to exploit the nat-
ural hierarchical decomposition, which extends the traditional
HMM in a hierarchical manner to contain multiple layers of hid-
den states. The coupled hidden Markov models (CHMMs) [46]
provides a way to model multiple interactional process, which
couples HMMs with temporal, asymmetric conditional proba-
bilities. The coupled observation decomposed hidden Markov
model (CODHMM) [47] is presented to model multi-person ac-
tivities, and the two levels in human interactions, including the
individual level and the interaction level, are modeled by two
hidden Markov chains. A novel Bayes network with multiple
hidden nodes [48] is proposed to simultaneously estimate the
scene object, scene type, human action, and manipulable ob-
ject probabilities for human-object interaction. A graph [49] is
used to present the hierarchy of tasks that compose a workflow
and each task is modeled by a separate HMM. Such generative
models have strict independence hypotheses and lack ability to
model complex observed data.

From this perspective, the discriminative models should have
more potentials. A novel discriminative multi-scale model [50]
based on structured SVM, is introduced for predicting the ac-
tivity from a partially observed video. For jointly modeling the
individual person actions, the group activity, and their interac-
tions, a novel discriminative latent framework [51] is employed
to explore group-person interaction and person-person inter-
action contextual information. In addition, several hierarchical
CRFs/HCRFs [37], [38] have been proposed for image label-
ing, segmentation and classification. A novel deep discrimina-
tive structured model, called convolutional neural random field
(CNRF)[52], is proposed to combine the advantages of both
CRF and CNN, where the CNN is developed for feature learning
and the CRF is applied for capturing the temporal dependencies.
Although such multi-layer structure strengthens the CRF/HCRF
by addressing complex dependencies, there still exists two lim-
itations. First, some local classifiers are required to be trained
in advance and their probability outputs are treated as the unary
and even the pairwise potentials. Second, the relationships be-
tween different layers are separated, such that only the top layer
has contribution to the final result and the intermediate layers
just play a role of feature learning.

Compared with hierarchical generative models [41], [46]–
[48], the proposed HSTM is a discriminative model with better
classification ability and more relax independence hypotheses.
While previous works either use multiple layers on various spa-
tial quantizations [37], [38], [48], [51] or construct hierarchical
layers at different temporal resolutions [33], [50], [53], the pro-
posed HSTM is “doubly hierarchical” which jointly models
different spatio-temporal scales. Rather than relying on priors
alone [45], [48], all parameters in the HSTM are trained jointly
by a bottom-to-up learning strategy and no other classifier is re-
quired. This training strategy not only limits the computational
complexity, but also enables all layers to contribute to the final
classification decision. That is to say, different from the method
in [52], where only the temporal similarity is measured, both
spatial and temporal similarity of activities are jointly measured
in the HSTM. Due to such hierarchical connection, the mutual
influence of different levels can be completely represented and
the two layers can complement each other as well. For example,
when the pose of “stand” appears in one frame, we can cor-
rectly recognize it via combining the adjacent frames with the
top HCRF. To the contrary, when a specific pose is found by the
bottom HCRF, it also provides a strong evidence for the top layer.

III. A NOVEL FRAMEWORK OF HIERARCHICAL

SPATIO-TEMPORAL MODEL

Though great performance has been achieved by the single-
layer HCRF for the action recognition, disadvantages associated
with its simple structure are also noticeable. As a result, it is dif-
ficult to capture discriminative and representative information
by the model with only one layer. Therefore, we propose a hi-
erarchical spatio-temporal model to recognize complex spatio-
temporal dynamics in activities.

The overview of our approach is illustrated in Fig. 2. Our two-
layer HSTM model consists of a spatial layer and a temporal
layer. Intuitively, the bottom layer is used as a spatial summary
of each frame, while the top layer is a temporal description for
the whole video. First, raw features are extracted as inputs of the
bottom layer to train a Tree-HCRF for each frame in the spatial
domain. Second, two kinds of transmitted information between
layers are calculated, including the learned high-level features
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Fig. 2. Overview of our approach. (a) Input video. (b) STIP. (c) Tree-HCRF. (d) Transferred message. (e) Chain-HCRF.

and the frame-level marginal posterior probabilities. Finally, a
Chain-HCRF is constructed in the temporal domain combining
with all level evidences (learned high-level semantic features,
frame-level features and video-level features) to achieve the
class label of the whole action sequence.

A. Problem Formulation

The task is to predict an activity label y from the observations
X. For the visual activity recognition, activities can be modeled
in two levels:

1) The spatial level: The local patch-level features in each
frame are extracted as inputs of the spatial layer to model
the spatial dependencies among these local patches.

2) The temporal level: Some global features and learned
high-level features are treated as inputs of the temporal
layer to model the temporal dependencies in the whole
video sequence.

In the spatial level, since numerous local patches are extracted
in each frame, the spatial observations XS

t at time t can be
treated as a combination of

XS
t = [XS

1,t , X
S
2,t , ...X

S
Nt ,t ] (1)

where Nt is the number of space-time interest points extracted
in the t-th frame and XS

n,t represents the local observation of
the n-th STIP at time t. There are many intra-variations in hu-
man activities, namely an activity may contain many different
intermediate states. Therefore, a set of hidden variables is in-
troduced to capture theses intra-variations and model complex
dependencies among observations. For the t-th frame, there ex-
ists one-to-one correspondence between an observation and its
hidden variable

hS
t = {[hS

1,t , h
S
2,t , ...h

S
Nt ,t ]|hS

n,t ∈ HS}. (2)

Each patch-level observation XS
n,t is associated with a hidden

variable hS
n,t , whose value is a member of the spatial hidden

state set HS . Intuitively, hS
n,t assigns a “body part label” to the

patch XS
n,t , where “body part label” associates with certain local

motion and appearance patterns distinctive of certain activities.
In the temporal level, the temporal features XT include the

high-level semantic feature XL
t learned from the spatial layer,

the trajectory-based [54] frame-level feature XF
t and video-

level feature XV . They are considered as global observations
to summarize each frame and the whole video respectively.
Similarly, each temporal observation XT

t is associated with a
hidden variable hT

t , which would be assigned a state from the
temporal hidden state set HT . Intuitively, hT

t assigns a “pose
label” to the frame XT

t , where “pose label” corresponds to

certain global motion and appearance patterns distinctive of
certain activities.

For a video sequence with K frames, based on the two levels,
the observations X can be decomposed as

X = {[XS
t ,XT

t ]Kt=1 ,X
V } = {[XS

t ,XL
t ,XF

t ]Kt=1 ,X
V } (3)

and the hidden variables h can be decomposed into two parts

h = [hS
t , hT

t ]Kt=1 . (4)

In fact, it is a fine-to-coarse procedure, where the spatial level
details relations in intra-frame to infer each “pose label”, while
the temporal level modifies the inference and summarises re-
lations in inter-frames to infer each “activity label”. As such,
it avoids making a classification decision when seeing only a
small piece of the whole or when just looking at the whole and
omitting details.

The HSTM is a discriminative model which directly estimates
the probability of output conditioned on the whole observations.
Our aim is to learn a mapping from X to y, which can match
the training data well. After giving these definitions of class
label y, observations X and hidden variables h, the conditional
probabilistic model can be formulated as

P (y|X;θ) =
1
Z

∑

h∈H
exp (E(y,h,X;θ)). (5)

The E(y,h,X;θ) represents the potential function parame-
terized by θ, which can model various relations among vari-
ables depending on the definition form and the model structure.
The parameters θ = {θS

v , θT
v , θS

l , θT
l , θS

e , θT
e , θT

o } represent the
compatibilities between two variables sets, including the pa-
rameter of root potential (θT

o ), feature-related potential (θS
v , θT

v ),
structure-related potential (θS

e , θT
e ) and activity-related potential

(θS
l , θT

l ), and the details would be introduced in the following
subsection. The partition function can be defined as

Z =
∑

h∈H,ŷ∈Y
exp (E(ŷ,h,X;θ)) (6)

which plays a role of normalization to enable (5) to become a
valid probability measure.

In the following, a two-layer model is developed to repre-
sent the observation sequence and we call it hierarchical spatio-
temporal model (HSTM). Our activity recognition framework
focuses on three aspects: to construct the model structure and de-
fine the corresponding potential function, to learn the high-level
features from the bottom layer, to estimate the model parameters
in a supervised way.

Important notations in this model are summarized as follows.
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Fig. 3. (a) The graphical representation of the HSTM. The HSTM incorporates two layers of hidden nodes denoted as the spatial layer and the temporal layer,
which are connected by black lines and blue lines, respectively. In addition, there exists a feature learning process between two layers, depicted by the red dashed
lines. Gray nodes represent observed variables, white nodes denote as unobservable variables, and shadow nodes are the variables to be learned. The various
potential functions with corresponding parameters are labeled and the details can refer to Section III. The HSTM describes activities by all level features and
models activities in the spatial and the temporal domains jointly. (b) An illustration of the HSTM. In this example, the human activity “pouring” is represented by
the HSTM from spatial to temporal and from local to global.

Y: the activity label set whose size is Ny and y, ŷ ∈ Y .
K: the number of frames in an activity video.
Nt : the number of local STIPs extracted from the t-th frame.
NT : the size of the temporal hidden state set.
NS : the size of the spatial hidden state set.
�

T
n : the n-th temporal hidden state in HT .

�
S
n : the n-th spatial hidden state in HS .

HT : the temporal hidden state set, HT = {�T
1 , ...�T

N T }.
HS : the spatial hidden state set, HS = {�S

1 , ...�S
N S }.

H: the whole hidden state set H = {HS ,HT }.
XV : the video-level observation of the whole activity.
XL

t : the learned high-level semantic observation at time t.
XF

t : the frame-level observation at time t.
XT

t : the temporal observation at time t, XT
t = {XL

t ,XF
t }.

XS
i,t : the i-th observation in the spatial layer at time t.

XS
t : the observations in the spatial layer at time t, see (1).

XT : the observations in the temporal layer of an activity.
X : the observations of an activity video sequence, see (3).
hT

t : the hidden variable in the temporal layer at time t.
hS

n,t : the n-th hidden variable in the spatial layer at time t.
hS

t : the spatial hidden variables at time t, see (2).
hT : the temporal hidden variables of an activity video.
h : the hidden variables of an activity sequence, see (4).

B. Hierarchical Spatio-Temporal Model (HSTM)

The graphical representation of the HSTM proposed in this
paper is depicted in Fig. 3. The spatial relations of local patches
within a frame are captured by a tree structured graph with
nodes from the spatial layer. To capture the temporal relations
between neighboring frames, hidden nodes in the temporal layer
are connected as a chain. We show two HCRFs with different
topologies in Fig. 2(c) and 2(e), utilized to encode spatial and
temporal dependencies respectively. Due to such connection
between two layers, the bottom layer is treated as the building
blocks for the top layer. Moreover, a feature learning process is
adopted to convert raw observations to some high-level semantic
representations, equivalent to aggregating evidences from local
to global level.

To avoid making a decision of which layer is more appro-
priate for activity recognition, both of them have contribution
to the final classification result. It can be noted that besides the
temporal layer, there also exists a connection between the spa-
tial layer and the class label y. Therefore, the potential function
of the HSTM can be defined in the form of a sum

E(y,h,X;θ)=ET (y, hT ,XT ; θT )+
K∑

t=1

ES (y, hS
t ,XS

t ; θS )

(7)
where we denote the parameters of the spatial and the tempo-
ral layers as θS and θT respectively. The definitions of spatial
potentials and temporal potentials are given as follows:

ES
(
y, hS

t ,XS
t ; θS

)
=

Nt∑

i=1

ES
v

(
hS

i,t , X
S
i,t ; θ

S
v

)

+
∑

i,j∈Et

ES
e

(
y, hS

i,t , h
S
j,t ; θ

S
e

)
+

Nt∑

i=1

ES
l

(
y, hS

i,t ; θ
S
l

)
(8)

ET
(
y, hT ,XT ; θT

)
=ET

o

(
XV , y; θT

o

)
+

K∑

t=1

ET
v

(
hT

t ,XT
t ; θT

v

)

+
K∑

t=2

ET
e

(
y, hT

t−1 , h
T
t ; θT

e

)
+

K∑

t=1

ET
l

(
y, hT

t ; θT
l

)
(9)

where i, j, t are the vertexes in the HSTM and Et denotes the
edge set in the spatial layer at time t. The details of these po-
tentials including root potential (Eo ), feature-related potential
(Ev ), structure-related potential (Ee ) and activity-related poten-
tial (El) would be introduced in the following subsection.

In general, the advantage of the HSTM is that the two layers
are relatively independent for training and integrated uniformly
for modeling. First, the bottom layer not only plays a role of
feature learning, but also provides evidences for classification.
In other words, the information transmitted from bottom to top
consists of two parts: the learned high-level features and the
frame-level marginal posterior probabilities. Second, there is no
connection between hidden nodes from different layers, so that
the complexity can be limited to linear to the number of layers
by a bottom-to-up learning strategy.
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1) Potential Functions of the HSTM: In the HSTM, there
are four kinds of potential functions: feature-related potential,
activity-related potential, root potential and structure-related po-
tential, where the first three belong to the unary potential and
the last one is the pairwise potential. The unary potentials and
pairwise potentials enable the HSTM to capture arbitrary de-
pendencies and have different effects on modeling. In some
case, the discriminative power of unary potentials is important
for recognition. The goal of pairwise potentials is to take some
structural information into account, so that the complex spatio-
temporal dynamics in activities can be integrated. In this paper,
we assume when given features, the potential function is linear
in its corresponding parameter.

Feature-related potential: models the semantic relationships
between features and hidden vertexes. We model the agreement
between features and hidden states by incorporating the spatial
feature-related potential and the temporal feature-related poten-
tial into the HSTM.

– The spatial feature-related potential

ES
v (hS

i,t , X
S
i,t ; θ

S
v ) =

N S∑

n=1

XS
i,t .1{hS

i,t = �
S
n }.θS

vn (10)

where 1{hS
i,t = �

S
n } denotes an indicator function, which

is 1 if hS
i,t = �

S
n ; otherwise it is 0. We apply a template

θS
v of size DS × NS to weigh the different importance of

elements in the feature for hidden states, where DS is the
spatial feature dimension, and XS

i,t .θ
S
vn can be interpreted

as, how likely the local patch XS
i,t is assigned as the hidden

state �
S
n .

– The temporal feature-related potential

ET
v (hT

t ,XT
t ; θT

v ) =
N T∑

n=1

XT
t .1{hT

t = �
T
n }.θT

vn . (11)

The size of template θT
v is DT × NT , where DT is the

temporal feature dimension, and XT
t .θT

vn describes how
likely the frame XT

t is assigned as the hidden state �
T
n .

Activity-related potential: is used to evaluate compatibilities
between activities and hidden vertexes. The potential encodes
class-specific discriminative hidden variable information which
is of great importance in recognition. Intuitively, this potential
expresses the idea that given an activity and without observing
any low-level features, which state is more likely to occur for a
patch or a frame.

– The spatial activity-related potential

ES
l (y, hS

i,t ; θ
S
l ) =

N S∑

n=1

∑

ŷ∈Y
1{y = ŷ}.1{hS

i,t = �
S
n }.θS

lŷn .

(12)
Clearly, the state of a patch is related to the activity class.
Therefore, the size of template θS

l is Ny × NS , and its
entry θS

lŷn computes how possible the activity ŷ contains a
local patch with hidden state �

S
n .

– The temporal activity-related potential

ET
l (y, hT

t ; θT
l ) =

N T∑

n=1

∑

ŷ∈Y
1{y = ŷ}.1{hT

t = �
T
n }.θT

lŷn .

(13)

Similarly, the state of a frame is also related to the activity
class. Consequently, the size of template θT

l is Ny × NT ,
and its entry θT

lŷn represents how possible the activity ŷ

contains a frame with hidden state �
T
n .

Root potential: models semantic relationships between the
activity and the global video-level feature of the whole sequence

ET
o (XV , y; θT

o ) =
∑

ŷ∈Y
XV .1{y = ŷ}.θT

oŷ (14)

where θT
o can be treated as a global template, and its entry θT

oŷ

represents how possible this video contains the activity ŷ.
Structure-related potential: can describe the compatibility of

variables belonging to a three-wise connected clique and model
motion constraint of a pair of hidden states in a specific activity
class. The higher order potential improves the HSTM with the
capability of expressing high-level dependencies.

– The spatial structure-related potential

ES
e (y, hS

i,t , h
S
j,t ; θ

S
e ) =

∑

ŷ∈Y

N S∑

n=1

N S∑

m=1

1{hS
i,t = �

S
n }.

1{hS
j,t = �

S
m}.1{y = ŷ}.θS

eŷnm (15)

where θS
e is a Ny × NS × NS template, and its entry

θS
eŷnm estimates how likely a frame contains a pair of lo-

cal patches with hidden states �
S
n and �

S
m , when given the

activity ŷ. The potential encodes the structural information
of patches in a specific activity class, since the structures
of body parts differ depending on activity classes. The
HSTM is able to automatically discover all possible patch
configurations in the spatial layer and a minimum spanning
tree algorithm is ran for each frame to create the graphical
structure of local patches.

– The temporal structure-related potential

ET
e (y, hT

t−1 , h
T
t ; θT

e ) =
N T∑

n=1

N T∑

m=1

∑

ŷ∈Y
1{hT

t = �
T
n }.

1{hT
t−1 = �

T
m}.1{y = ŷ}.θT

eŷnm (16)

whereθT
e is a Ny × NT × NT template, and its entry

θT
eŷnm measures how possible a video contains two con-

secutive frames with hidden states �
T
n and �

T
m conditioned

on the activity ŷ. The potential encodes the structural infor-
mation of frames in a specific activity class, since different
activity classes have different pose structures. Obviously,
the configuration in the temporal layer just depends on the
temporal relation.

2) Two High-Level Features: We could take any raw fea-
tures into the model. In this paper, space-time interest points are
extracted as observations of the spatial layer to represent activi-
ties. We denote XS

i,t as the feature vector describing appearance
of the i-th local patch in time t. Similar to [4], we utilize the
Harris 3D detector to detect the local interest points and em-
ploy histograms of oriented gradient (HOG) and histograms of
optical flow (HOF) to encode their local appearances.

If we consider raw feature as feature knowledge, the high-
level feature can be treated as model knowledge. The high-level
feature XL

t is the overall characterization of the t-th frame
learned from the spatial layer. The learned spatial hidden vari-
able is used as the basic element to generate the high-level
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Fig. 4. Visualization of the two learned high-level features. Intuitively, the individual features are achieved by clustering similar features into a group and each
circle in (b) contains patches with the same hidden state. The interaction features capture certain spatial constraints between pairs of individual features and each
polygon in (c) contains pairs of patches with the same spatial structure.

representation due to its compact and semantic attribution. The
high-level feature which respectively characterizes high-level
components and their spatial dependencies can be decomposed
as

XL
t = Γ(hS

t ) = {Γv (hS
t ),Γe(hS

t )} (17)

where Γ() is a mapping from spatial hidden variables hS
t to

learned high-level observation XL
t , equivalent to converting lo-

cal features to global features by cumulating semantic patterns
and their relations in a structured way. The novel individual fea-
ture Γv

n,y (hS
t ) for hidden state �

S
n and label y, and the interaction

feature Γe
n,m,y (hS

t ) for hidden state pair �
S
n , �S

m and label y can
be computed as follows:

Γv
n,y (hS

t ) =
Nt∑

i=1

p(hS
i,t = �

S
n |y,XS

t , θS )

=

Nt∑
i=1

∑
hS

i , t =�S
n

exp (ES (y, hS
t ,XS

t ; θS ))

∑
hS

t ∈HS ,ŷ∈Y
exp (ES (ŷ, hS

t ,XS
t ; θS ))

, (18)

Γe
n,m,y (hS

t ) =
Nt∑

i=1

Nt∑

j=1

p(hS
i,t = �

S
n , hS

j,t = �
S
m |y,XS

t , θS )

=

Nt∑
i=1

Nt∑
j=1

∑
hS

i , t =�S
n

∑
hS

j , t =�S
m

exp(ES(y, hS
t ,XS

t ; θS ))

∑
hS

t ∈HS ,ŷ∈Y
exp (ES (ŷ, hS

t ,XS
t ; θS ))

(19)

where the two marginal probabilities p(hS
i,t = �

S
n |y,XS

t , θS )
and p(hS

i,t = �
S
n , hS

j,t = �
S
m |y,XS

t , θS ) can be calculated by
belief propagation. The high-level features are defined as the
individual distribution and the structural distribution of hid-
den states, which cumulate the occurrence probability of each
individual state and their interactional edge within a frame
separately. Finally, XL

t is achieved by concatenating individ-
ual features Γv (hS

t ) = {Γv
n,y (hS

t )|�S
n ∈ HS , y ∈ Y} and inter-

action features Γe(hS
t ) = {Γe

n,m,y (hS
t )|�S

n , �S
m ∈ HS , y ∈ Y}

spanning all the hidden state space and the activity label space.
From another perspective, it has some similarities to the deep
learning paradigm. The spatial layer can be seen as applying
a soft-max function over the potentials across all the labels at
each local patch and the high-level features can be obtained
by a process which is something like structured pooling. Vi-
sualization of the two learned high-level features is shown in
Fig. 4(a), where each circle corresponds to an individual feature
depending on its hidden state and each line corresponds to an
interaction feature between two individual features. Intuitively,
the individual features Fig. 4(b) are achieved by clustering sim-
ilar features into a group. The interaction features Fig. 4(c)
capture certain spatial constraints between pairs of individual
features.

IV. TRAINING AND INFERENCE FOR THE HSTM

A. Parameters Estimation

In contrast with other hierarchical CRFs/HCRFs, we jointly
optimize all the parameters for the HSTM. Given training videos
{Xi , yi}M

i=1 , the objective function is defined as a L2 regularized
likelihood function

θ∗ = arg max
θ

M∑

i=1

L1(i,θ)

= arg max
θ

M∑

i=1

log

∑
h∈H

exp (E(yi,h,Xi ;θ))
∑

h∈H,y∈Y
exp (E(y,h,Xi ;θ))

− 1
2σ2 ||θ||2 . (20)

The first term denotes the log-likelihood on the training data. The
last term can be treated as a Gaussian regularization term, and it
is a common regularization term in standard CRF/HCRF model
[14], [15], used to avoid overfitting and simplify the model. Also
it can be seen as a Gaussian prior P (σ) ∼ exp( 1

2σ 2 ||θ||2) with
variance σ2 , which is set to 1 in (20) and (23). The training
process for single-layer HCRF itself is time consuming, which
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would result in exponential computational complexity. What’s
more, the HSTM is a two-layer model so that the traditional
training algorithm is not tractable.

Considering the graphical structure of the HSTM, there is
a way to find an efficient and effective algorithm to estimate
all parameters. First, each tree-HCRF in the bottom layer can
be trained independently, since it only captures the spatial con-
straints within one frame. Second, the transmitted information
(the high-level features and the frame-level marginal poste-
rior probabilities) can be calculated in advance, since there
is no potential function between hidden nodes from different
layers. Therefore, a bottom-to-up strategy is adopted to learn
parameters layer-by-layer, which can limit the computational
complexity to linear to the number of layers.

In this paper, the parameter estimation method applies a
space-to-time and layer-by-layer search scheme over the val-
idation set. In the following pages, only the i-th training sam-
ple {Xi , yi} is considered for description convenience and it
is easy to extend to the whole training set. Therefore, we can
reformulate the objective function in (21). For simplification,
we denote potential E(yi,h,Xi ;θ) as Eyi ,h,X i ;θ and the reg-
ularization term is also omitted here. Equation (21) is shown
at the bottom of this page, where L1(i,θ|θS ∗

) is an approx-
imation of L1(i,θ), when given θS ∗

. It no longer guarantees
to find the global maximum, when a subset of the original
parameters is fixed. Therefore, we can easily understand that
max

θ
L1(i,θ) ≥ max

θT
L1(i,θ|θS ∗

), since θT ⊆ θ. The well op-

timized marginal posterior probability of the t-th frame in the

i-th training sample conditioned on the label y is defined as

pS
i,y ,t =

∑

hS
t ∈HS

exp(ES (y, hS
t ,XS

t ; θS ∗
)) (22)

and the parameters of the spatial layer can be estimated by

θS ∗
= arg max

θS

K∑

t=1

L3(i, t, θS )

= arg max
θS

K∑

t=1

log

∑
hS

t ∈HS

exp (ES
yi ,hS

t ,X S
t ;θS )

∑
hS

t ∈HS ,y∈Y
exp (ES

y,hS
t ,X S

t ;θS )

− 1
2σ2 ||θS ||2 (23)

where L3(i, t, θS ) is the log-likelihood of the spatial layer.
After achieving the parameters of the spatial layer, the tempo-

ral layer can be trained depending on the high-level features and
the frame-level posterior probabilities. This learning scheme no
longer guarantees to find the global optimal parameter setting
for the HSTM. In fact, the parameters are optimized to maximize
a lower bound of the likelihood function of the complete HSTM
by splitting model into local layers and integrating statistics over
all of them.

Different from the CRF, the objective function is not concave,
due to hidden variables, but we can still use a standard quasi-

max
θ

L1(i,θ) = max
θ

log

∑
h∈H

exp (Eyi ,h,X i ;θ)
∑

h∈H,y∈Y
exp (Ey,h,X i ;θ)

= max
θ

log

∑
hS ∈HS ,hT ∈HT

exp
(

ET
yi ,hT ,X T ;θT +

K∑
t=1

ES
yi ,hS

t ,X S
t ;θS

)

∑
hS ∈HS ,hT ∈HT ,y∈Y

exp
(

ET
y,hT ,X T ;θT +

K∑
t=1

ES
y,hS

t ,X S
t ;θS

)

= max
θ

log

∏
t

(
∑

hS
t ∈HS

exp
(
ES

yi ,hS
t ,X S

t ;θS

))
.

(
∑

hT ∈HT

exp
(
ET

yi ,hT ,X T ;θT

))

∑
y∈Y

∏
t

(
∑

hS
t ∈HS

exp
(
ES

y,hS
t ,X S

t ;θS

))
.

(
∑

hT ∈HT

exp
(
ET

y,hT ,X T ;θT

))

≥ max
θT

log

∏
t

(
∑

hS
t ∈HS

exp
(
ES

yi ,hS
t ,X S

t ;θS ∗

))
.

(
∑

hT ∈HT

exp
(
ET

yi ,hT ,X T ;θT

))

∑
y∈Y

∏
t

(
∑

hS
t ∈HS

exp
(
ES

y,hS
t ,X S

t ;θS ∗

))
.

(
∑

hT ∈HT

exp
(
ET

y,hT ,X T ;θT

))

= max
θT

log

∏
t pS

i,yi ,t
.

(
∑

hT ∈HT

exp
(
ET

yi ,hT ,X T ;θT

))

∑
y∈Y

∏
t pS

i,y ,t .

(
∑

hT ∈HT

exp
(
ET

y,hT ,X T ;θT

))

= max
θT

L1(i,θ|θS ∗
) (21)



1502 IEEE TRANSACTIONS ON MULTIMEDIA, VOL. 19, NO. 7, JULY 2017

newton method (LBFGS) to solve this optimization problem and
find θ that is locally optimal. The LBFGS is chosen because of
its empirical success in the literature and higher convergence
rate compared with the gradient descent method. The gradient
of the objective function with respect to the i-th training sample
can be calculated as

L1(i,θ|θS ∗
)

∂θT
l

=
∑

hT
t

p(hT
t |yi,Xi ;θ)

∂ET
l (.)

∂θT
l

−
∑

y ,hT
t

p(y, hT
t |Xi ;θ)

∂ET
l (.)

∂θT
l

(24)

L1(i,θ|θS ∗
)

∂θT
v

=
∑

hT
t

p(hT
t |yi,Xi ;θ)

∂ET
v (.)

∂θT
v

−
∑

y ,hT
t

p(y, hT
t |Xi ;θ)

∂ET
v (.)

∂θT
v

(25)

L1(i, θ|θS∗)
∂θT

e

=
∑

hT
t ,hT

t + 1

p(hT
t , hT

t+1 |yi,Xi ;θ)
∂ET

e (.)
∂θT

e

−
∑

y ,hT
t ,hT

t + 1

p(y, hT
t , hT

t+1 |Xi ;θ)
∂ET

e (.)
∂θT

e

(26)

L1(i, θ|θS∗)
∂θT

o

=
∂ET

o (.)
∂θT

o

−
∑

y

p(y, |Xi ; θ)
∂ET

o (.)
∂θT

o

. (27)

It is easy to obtain the partial derivative of potential function with
respect to corresponding parameter, due to their linear relation-
ship. In addition, these marginal probabilities can be efficiently
computed using the belief propagation (BP) algorithm. For the
spatial layer, a similar calculation can be used and the forms of
these partial derivatives are the same as those in [12], [13].

The training procedure is outlined in Algorithm 1. Lines 2–5
implement learning the spatial layer step and Lines 1–1 imple-
ment learning the temporal layer step. The loops in Lines 2–4
and Lines 6–12 cumulate the log-likelihood of the spa-
tial layer and the HSTM on training set separately. After
optimizing the spatial parameters in Line 5 by Quasi-Newton,
the high-level features are computed in Line 1 using BP
algorithm and the frame-level marginal posterior probabilities
are calculated in Line 1. The two types of information trans-
mitted from the bottom to the top is the key evidence to es-
timate the complete HSTM. The proposed training algorithm
can simplify the complexity of calculation without losing much
information.

Now we discuss some properties associated with the learning
algorithm. Before that, we need to make a few more definitions:
For the i-th training sample, L1(i,θ) is the log-likelihood of the
complete HSTM and L1(i,θ|θS ∗

) is its approximation or lower
bound; L2(i, θT ) is the log-likelihood of the temporal layer;
L3(i, t, θS ) is the log-likelihood of the spatial layer at time t.

Theorem 1. max
θT

L1(i,θ|θS ∗
) ≥ max

θT
L2(i, θT ).

Proof. Since the marginal posterior probability with true la-
bel is higher than others with wrong label in the spatial layer,
that is pS

i,yi ,t
≥ pS

i,y ,t . Based on (21), we scale the denomina-
tor by replacing pS

i,y ,t with pS
i,yi ,t

and then we can reach the
following conclusion:

max
θT

L1(i,θ|θS ∗
)

= max
θT

log

∏
t pS

i,yi ,t
.

(
∑

hT ∈HT

exp
(
ET

yi ,hT ,X T ;θT

))

∑
y∈Y

∏
t pS

i,y ,t .

(
∑

hT ∈HT

exp
(
ET

y,hT ,X T ;θT

))

≥ max
θT

log

∏
t pS

i,yi ,t
.

(
∑

hT ∈HT

exp
(
ET

yi ,hT ,X T ;θT

))

∑
y∈Y

∏
t pS

i,yi ,t
.

(
∑

hT ∈HT

exp
(
ET

y,hT ,X T ;θT

))

= max
θT

log

∑
hT ∈HT

exp
(
ET

yi ,hT ,X T ;θT

)

∑
y∈Y

∑
hT ∈HT

exp
(
ET

y,hT ,X T ;θT

)

= max
θT

L2(i, θT ). (28)

�
It shows that the two-layer HSTM trained by the novel learn-

ing algorithm can achieve higher recognition rate compared with
the single temporal layer.

Theorem 2: max
θT

L1(i,θ|θS ∗
) ≥ max

θT
L2(i, θT ) +

max
θS

∑K
t=1 L3(i, t, θS ). Equation (29) is shown at the

bottom of the following page. �
Proof: Based on (21), we have the following corollary,
The reason of the inequality in (29) is exp(.) ≥ 0 It demon-

strates that the novel learning algorithm can obtain higher recog-
nition accuracy than that estimating the spatial and the temporal
parameters independently, since the former achieves a larger
log-likelihood than the latter.

In addition, when the Theorem 1 is given, there is a sim-
ple explanation for the Theorem 2. Since L3(i, t, θS ) ≤ 0, the
Theorem 2 can be easily achieved

max
θT

L1(i,θ|θS ∗
) ≥ max

θT
L2(i, θT )

≥ max
θS

K∑

t=1

L3(i, t, θS ) + max
θT

L2(i, θT ).

(30)

B. Inference

Given the optimal model parameters θ∗ learned from the
training set, prediction of a new test video sequence X is to
select y that could maximize y∗ = arg maxy∈Y P (y|X;θ∗),
where the conditional probability is defined in (5). Since the
marginal probabilities can be efficiently computed using BP al-
gorithm, the inference operation is also very efficient. Given
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a sequence, the complexity of solving such an inference prob-
lem is O(KNy |E|NS + NyKNT ), including O(Ny |E|NS ) for
each frame in the spatial layer and O(NyKNT ) for the temporal
layer, when assuming the edges E form a tree.

Algorithm 1: Training Procedure for the HSTM
Input:

The set of training data, {Xi , yi}M
i=1 ;

Output:
Optimal solution, θ∗;

1: Initializing the parameters θ = {θS , θT } randomly;
2: for each i ∈ [1,M ], each t ∈ [1,K] do
3: Accumulating the log-likelihood of the spatial layer

L3(θS ) =
M∑
i=1

K∑
t=1

L3(i, t, θS );

4: end for
5: Estimating the spatial parameters

θS ∗
= arg max

θS
L3(θS );

6: for each i ∈ [1,M ] do
7: for each t ∈ [1,K] do
8: Learning the high-level features for the temporal layer,

as (18) and (19);
9: Calculating the marginal posterior probabilities, as (22);

10: end for
11: Accumulating the log-likelihood of the complete HSTM

L1(θ|θS ∗
) =

M∑
i=1

L1(i,θ|θS ∗
);

12: end for
13: Utilizing Quasi-Newton algorithm to estimate the

temporal parameters θT ∗
= arg max

θT
L1(θ|θS ∗

);

14: return θ∗;

V. EXPERIMENTAL RESULTS

Our proposed model is a unified framework to recognize hu-
man activities, especially for various interactions. Therefore,

we evaluate performance of the HSTM on three tasks with
five standard benchmark datasets: one-person action recognition
(UCF), human-human interactional activity recognition (UT-
Interaction, BIT-Interaction and CASIA) and human-object in-
teractional activity recognition (Gupta video dataset). In the
following subsections, we first compare the HSTM with other
related models, then discuss the hierarchical structure in the
HSTM, and finally estimate the effectiveness of the learned
high-level features. All evaluations are conducted in a Microsoft
Visual Studio 2008 and OpenCV 2.3 environment on a 3.1 GHz
CPU with 4G RAM.

UCF [55]: The dataset is used to recognize various one-person
actions in realistic scenes. The videos in the UCF are taken under
extremely challenging and uncontrolled conditions. The UCF
includes 150 clips from various sport events with 10 categories
of actions: diving, golf, kicking, lifting, horse riding, running,
skate boarding, swing bench, swing side and walking.

UT-Interaction [6]: The task in this benchmark dataset is to
recognize complex human-human interactional activities. It (the
segmented version) contains a total of 120 videos of 6 classes
of human interactions: shake hand, hug, push, kick, point and
punch. These video clips are taken on a parking lot with mostly
static background and little camera jitters.

CASIA [56]: The task in this two-person activity dataset is to
recognize complex human-human interactional activities under
different views. It contains 84 clips from three different views:
angle view, horizontal view and top down view. There are 7 dif-
ferent activity categories: fight, followalways, followtogether,
meetapart, meettogether, overtake and rob. So each activity has
12 clips and each view has 4 clips.

BIT-Interaction dataset [44]: The task in this benchmark
dataset is to recognize complex human-human interactional ac-
tivities in realistic scenes with partial occlusion, moving object,
cluttered background, and variations in scale, appearance, illu-
mination and viewpoint. It contains a total of 400 videos of 8
classes of human interactions: bow, boxing, handshake, high-
five, hug, kick, pat, and push.

Gupta video dataset [48]: The task in this dataset is to recog-
nize complex human-object interactional activities. It contains

max
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∏
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∏
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TABLE I
ACCURACIES OF THE HSTM COMPARED WITH OTHER RELATED METHODS ON THE BIT-INTERACTION, UCF, UT-INTERACTION, CASIA, AND GUPTA

Algorithm Accuracy Algorithm Accuracy Algorithm Accuracy Algorithm Accuracy

BIT Baseline [4] 70.31% Kong et al. [44] 85.16% Ke et al. [34] 85.2% Kong et al. [50] 79.7%
Donahue et al. [53] 69.5% Lan et al. [51] 82.03% Kong et al. [57] 85.38% The HSTM 88.50%

UCF Baseline [4] 68.67% Quoc et al. [30] 86.5% Georgia et al. [32] 75.8% Kovashka et al. [17] 87.27%
Wang et al. [54] 88.2% Wang et al. [59] 85.6% Klaser et al. [60] 86.7% The HSTM 90.67%

CASIA Baseline [4] 50% Guo et al. [47] 83.28% Brand et al. [46] 76.14% The HSTM 95.24%

UT Baseline [4] 73.33% Lan et al. [45] 88.4% Ke et al. [34] over 90% Kong et al. [44] 88.33%
Kong et al. [50] 95% Kong et al. [43] 91.67% Kong et al. [57] 88.33% The HSTM 94.17%

Gupta Baseline [4] 50% Prest et al. [61] 93% Gupta et al. [48] 93.34% The HSTM 96.30%

Fig. 5. Confusion matrices for activity classification on the UCF, UT-Interaction, BIT-Interaction, CASIA, and Gupta video dataset. (a) BIT-Interaction. (b) UCF.
(c) UT-Interaction. (d) CASIA. (e) Gupta.

54 video clips with 10 actors performing 6 different activities:
drinking from a cup, spraying from a bottle, answering a phone
call, making a phone call, pouring from a cup and lighting a
flashlight. Videos in this dataset are recorded inside a labora-
tory with a static camera.

A. Comparisons of the HSTM With Other Related Models

We follow experimental protocols used in published works
on each dataset. A leave-one-out cross-validation (LOOCV)
strategy is adopted in UCF, UT-Interaction, CASIA and Gupta
video dataset. For the BIT-Interaction, we randomly chose 272
videos as training data and the remaining 128 videos are used
for testing like other papers’ setup. The following experiments
are conducted on 20 hidden states for both the spatial layer and
the temporal layer, that is (NT = NS = 20).

In order to comprehensively evaluate the performance of the
HSTM, we compare it with several related models on the five

benchmark datasets in Table I. The recognition rates of other
methods reported in the table are those published in their respec-
tive papers. The classic approach [4] applying SVM based on the
space-time interest points (STIPs) with a bag-of-feature (BOF)
style representation is used as the baseline. These comparable
approaches can be divided into 4 parts:

1) The related graphical model: discriminative models (eg.
[43], [44], [51], [57]) and HMM based models (eg. [46],
[47]).

2) The direct overall modeling: hand-designed contextual
features based methods (eg. [5], [6], [17], [58]).

3) The hierarchical feature learning: unsupervised hierarchi-
cal feature learning (eg.[30]) and deep learning model
(eg.[32], [34]).

4) The hierarchical classification model: max-margin learn-
ing framework with hierarchical motion detectors
(eg.[45]), long-term RNN model (eg.[53]), hierarchical
latent SVM framework with interactive phrases (eg.[44]),
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TABLE II
ACCURACY OF THE HSTM WITH DIFFERENT LOCAL

DESCRIPTORS ON THE CASIA AND GUPTA

HOG HOF HOG3D HOG-HOF

CASIA 78.57% 92.86% 85.71% 95.24%
Gupta 77.78% 94.44% 88.89% 96.30%

TABLE III
EVALUATION OF RECOGNITION ACCURACY AND TESTING SPEED OF HSTM
WITH DIFFERENT NUMBER OF HIDDEN STATES ON THE CASIA AND GUPTA

Hidden Size CASIA Gupta

Accuracy Speed Accuracy Speed

5 86.90% 10.21 fps 85.19% 12.89 fps
10 90.47% 5.96 fps 87.04% 9.27 fps
20 95.24% 4.82 fps 96.30% 5.69 fps
25 94.05% 3.37 fps 94.44% 4.16 fps

and multi-feature max-margin hierarchical Bayesian
model (eg.[40]).

It can be seen that the HSTM can be comparable to all
the state-of-the-art methods on the BIT-Interaction, UCF, UT-
Interaction, CASIA and Gupta video dataset, whatever the
direct overall modeling(eg. [17], [58]), the spatial relation mod-
eling(eg. [44], [51]) and the temporal relation modeling (eg.
[46], [47]). In particular, our model achieves a huge improve-
ment on the CASIA (about 12%). Moreover, there is no any
manual annotation needed in the HSTM, while the location of
person’s hand and the pixel-wise segmentation of object are
required for training in [48]. It strongly demonstrates that our
HSTM combining the advantages of both the spatial relation
modeling and the temporal relation modeling has more discrim-
inative power. The confusion matrixes for activity classification
obtained by our proposal on the five datasets are shown in Fig. 5.

The space-time interest point with HOG-HOF is a popular
local spatio-temporal descriptor for human activity recognition.
We test it with other alternatives, such as only HOG, only HOF
and HOG3D [62]. For fairness of the comparison, the same local
point detector–the Harris3D algorithm is applied. For each de-
tected point, these four types of descriptors are computed based
on their original implementation. The accuracy of the HSTM
with these different local descriptors on the CASIA and Gupta
is reported in Table II. As we can see from the results, HOG-
HOF is the best descriptor and the HOG descriptor is the worst.
Ranking of performance is: HOG-HOF > HOF > HOG3D >
HOG. It shows that compared with appearance information,
motion information is more important for activity representa-
tion and the combination of the two seems good choice. Since
it is based on the histograms of oriented 3D spatio-temporal
gradients, which involves some motion changes, HOG3D can
obtain better performance than HOG.

We also evaluate recognition accuracy and testing speed of
HSTM with different number of hidden states, i.e. hidden-5,
hidden-10, hidden-20 and hidden-25 in Table III. It can be seen
that the computation cost increases with the number of hidden
states, while the recognition accuracy does not always improve
with it. We can achieve better performance when we use only
20 hidden states instead of 25. This is partly because there are
more parameters to be learned when the model contains more

TABLE IV
ACCURACY OF THE HSTM COMPARED WITH THE SINGLE SPATIAL

LAYER ON THE BIT-INTERACTION, UCF, UT, CASIA, AND GUPTA

Algorithm BIT UCF UT-Interaction CASIA Gupta

PFSL 18.15% 17.71% 25.77% 58.98% 24.07%
PVSL 20.50% 18% 33.33% 84.52 % 28.92%
HSTM 88.50% 90.67% 94.17% 95.24 % 96.30%

hidden states, such that the model may be too complex and has
a little bit of overfitting.

B. Comparisons of Hierarchical Layers With Single Layer

For detailed analysis, we evaluate whether our HSTM is in-
deed better than one-layer models and study the strengths and
weakness of different structures. While the performance of the
HSTM shows a significant improvement over previous pub-
lished results, it has not been pointed out the advantage of learn-
ing from the hierarchical structure, as opposed to learning from
the optimal single layer inside the hierarchy. To this end, we
compare the HSTM with the single spatial layer and the single
temporal layer separately.

1) Comparisons of the HSTM With the Single Spatial Layer:
For the spatial layer of the HSTM, we test its classification
accuracy by two different ways, where only the raw features
and the spatial HCRF are utilized to infer the activity label.

Per-frame in spatial layer (denoted as PFSL): we classify ev-
ery frame independently by (31), which is actually the common
HCRF based method for activity recognition.

y∗
t = arg max

y∈Y

∑
hS

t ∈HS

exp (ES
y,hS

t ,X S
t ;θS )

∑
hS

t ∈HS ,ŷ∈Y
exp (ES

ŷ ,hS
t ,X S

t ;θS )
(31)

where y∗
t is the estimated activity label of the t-th frame.

Per-video in spatial layer (denoted as PVSL): we achieve the
activity label for the whole video by majority voting

y∗ = arg max
y∈Y

K∑

t=1

1{y∗
t = y} (32)

where y∗ is the estimated activity label of the whole video.
The comparisons of the HSTM with the two contrast meth-

ods on the BIT-Interaction, UCF, UT-Interaction, CASIA and
Gupta video dataset are listed in Table IV. From the results, the
following points can be concluded:

1) The accuracy of the PFSL is lower than the PVSL in the
spatial layer. Since human activity is a continuous process,
it is not reasonable to decide a whole video sequence via
only one frame. For example, the frame with the pose of
“stand” may occur in all kinds of activities.

2) The HSTM always outperforms the other two methods
only using the spatial layer. It can prove that there exists
no one-layer spatial representation that is as discriminative
as the HSTM. That is to say, modeling human activity only
in the spatial domain is far from enough and the temporal
relation is also necessary.

Although the discriminative power of the single spatial layer
is much lower than the hierarchical structure, the function of
the spatial layer is not to make a classification decision for
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TABLE V
ACCURACY OF THE HSTM COMPARED WITH THE SINGLE TEMPORAL

LAYER ON THE BIT-INTERACTION, UCF, UT, CASIA, AND GUPTA

Algorithm BIT UCF UT-Interaction CASIA Gupta

RFTL 58.75% 58.67% 55% 51.19% 59.26%
LFTL 81.75% 86.67% 86.67% 92.86 % 88.89%
LFPTL 88.25% 89.33% 91.67% 95.24 % 96.30%
HSTM 88.50% 90.67% 94.17% 95.24 % 96.30%

every frame. It is just employed to provide some classification
evidences for the temporal layer and to summarize each frame
into a compact and semantic representation, which would be
discussed in the followings.

2) Comparisons of the HSTM With the Single Temporal
Layer: The temporal layer of the HSTM is built for model-
ing the correlation of neighboring frames. Its inputs consists of
two parts: the one is transmitted from the spatial layer (learned
high-level features and frame-level marginal posterior probabil-
ities) and the other is extracted directly from the whole frames
(frame-level features and video-level features). We compare the
HSTM with three different approaches in the temporal layer.

Raw features in temporal layer (denoted as RFTL): we em-
ploy neither of the two input information to train the temporal
layer. The traditional BOF style representation with spatial raw
feature (STIP) is treated as the observation XB of the temporal
HCRF

y∗ = arg max
y∈Y

∑
hT ∈HT

exp(ET
y,hT ,X B ;θT )

∑
ŷ∈Y,hT ∈HT

exp(ET
ŷ ,hT ,X B ;θT )

. (33)

Learned features in temporal layer (denoted as LFTL): we
only apply the learned high-level feature XL as the observation
of the temporal layer

y∗ = arg max
y∈Y

∑
hT ∈HT

exp(ET
y,hT ,X L ;θT )

∑
ŷ∈Y,hT ∈HT

exp(ET
ŷ ,hT ,X L ;θT )

. (34)

Learned features and posterior probabilities in temporal
layer (denoted as LFPTL): we apply both the learned high-level
features XL and the frame-level marginal posterior probabilities
pS

i,y ,t as the input of the temporal layer

y∗ = arg max
y∈Y

∏
t pS

i,y ,t .
∑

hT ∈HT

exp(ET
y,hT ,X L ;θT )

∑
ŷ∈Y

∏
t pS

i,ŷ ,t .
∑

hT ∈HT

exp(ET
ŷ ,hT ,X L ;θT )

. (35)

Table V shows the comparison results on the BIT-Interaction,
UCF, UT-Interaction, CASIA and Gupta video dataset. From
the comparisons, the following points can be indicated:

1) The accuracy of the HSTM is much higher than the RFTL.
It can conclude that modeling human activity only in the
temporal domain is far from enough and the spatial depen-
dency is also necessary.

2) The performance of the HSTM and the LFPTL is a bit
better than the LFTL. That is to say, some spatial relations
have been contained in these high-level features. It also
confirms that besides the temporal layer, the spatial layer
should have contribution to the final recognition result. For
instance, it would provide a strong cue for recognizing a

TABLE VI
COMPUTATIONAL SPEED OF DIFFERENT MODELS ON THE BIT-INTERACTION,

UCF, UT-INTERACTION, CASIA, AND GUPTA

Algorithm BIT UCF UT CASIA Gupta

CODHMM [47] 17.56 fps 21.75 fps 29.78 fps 13.12 fps 19.03 fps
PFSL (Spatial HCRF) 4.47 fps 4.13 fps 5.41 fps 5.23 fps 5.80 fps
RFTL (Temporal HCRF) 23.25 fps 17.05 fps 27.27 fps 19.62 fps 20.77 fps
LFTL 4.27 fps 4.02 fps 5.1 fps 4.82 fps 5.70 fps
HSTM 4.25 fps 4.01 fps 5.0 fps 4.74 fps 5.69 fps

whole video sequence, when correctly classifying a special
frame in the spatial layer.

3) The HSTM can achieve a better performance than the LF-
PTL, which lacks the frame-level features and the video-
level features. We can find that combining with more level
evidences can improve model’s discriminative power and
descriptive capability.

To highlight the advantages of the HSTM, we give another
strong case to demonstrate its superior performance. The com-
parisons of recognition rates and log-likelihoods for testing sam-
ples by cross validation between the HSTM and the LFTL are
displayed in Fig. 6. We can find that even for correctly classified
instances, the HSTM has a stronger discriminability, i.e., when
achieving the same recognition rate, the red line still dominates
the blue line in the log-likelihood curve. Although sometimes
the accuracies of the LFTL are close to the HSTM, the log-
likelihoods of the HSTM are almost much higher and the gap
between the blue line and the red line in the right figure is larger
than that in the left figure. To some extent, the results support
the first theorem, showing that the objective function will not
decrease when the spatial layer is added into the HSTM. How-
ever, it can be seen that the log-likelihood of the HSTM is lower
than the LFTL in some case, which seems to deviate from the
theorem. The reason is that we assume pS

i,yi ,t
≥ pS

i,y ,t in an ideal
case, while the marginal posterior probability with true label is
not necessarily higher than others with wrong label in testing
process due to the weak discriminability of the spatial layer. It
further evidences that the spatial layer is an integral part of the
HSTM.

The computational speed for testing reported in frames-per-
second (fps) is given in Table VI. The PFSL is actually a com-
mon HCRF based method for activity spatial modeling, the
RFTL is actually a common HCRF based method for activity
temporal modeling. The LFTL is actually a two-layer HCRF
with independent training strategy and the CODHMM is an
HMM based generative model. We can see the testing time of
the HSTM is longer than that of other models, since the PFSL
and the RFTL are one-layer HCRF models and the estimation
of pS

i,y ,t in (22) is not required in the LFTL. In addition, much
more time is required to test the PFSL compared with the RFTL
and the CODHMM, because the number of observation nodes
in the spatial layer are much larger than those in the temporal
layer. From the table, we can come to the point that the pro-
cessing speed of the HSTM is not much slower than that of the
PFSL and the LFTL. It illustrates the efficiency of our learning
algorithm.

In general, the comparisons with the HSTM and its one-layer
sub-models (the single spatial layer and the single temporal
layer) show that the HSTM achieves the highest classification
accuracy and there is no one-layer representation that is as dis-
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Fig. 6. Comparisons of accuracies and log-likelihoods by cross validation between the HSTM and the LFTL on the CASIA. (a) The accuracy on the CASIA. (b)
The log-likelihood on the CASIA.

Fig. 7. Comparisons of average precision (AP) for each activity between high-level features (LFBOF and LFTL) and raw features (RFBOF and RFTL) on the
UCF, UT-Interaction, and Gupta video datasets. It indicates that the high-level features learned from the spatial layer can achieve higher accuracies. (a) UCF.
(b) UT-Interaction. (c) Gupta.

criminative as the hierarchical representation. Meanwhile, it
shows that the two layers are mutually dependent, i.e., neither
can perform effectively without the other. Moreover, the ex-
periments also verify that the methods only modeling spatial
dependencies (PFSL) or only modeling temporal dependencies
(RFTL) lack the capacity to recognize complex activities.

C. Comparisons of High-Level Features With Raw Features

The spatial layer plays an important role in the HSTM, and
one of its primary functions is to convert raw features to high-
level semantic representations. In this section, we evaluate the
effectiveness of these learned high-level features by following
well-designed contrast experiments.

Raw features with BOF (denoted as RFBOF) vs Learned fea-
tures with BOF (denoted as LFBOF): we apply SVM based
on raw features (STIPs) and learned features (individual fea-
tures and interaction features) with a BOF style representation
respectively.

RFTL vs LFTL: we employ raw features (STIPs) and learned
features (individual features and interaction features) to train
the temporal layer respectively.

As illustrated in Fig. 7, we compare the average precision
(AP) for each activity among these contrast methods. It is clear
that:

1) The performance of the LFBOF is better than the RFBOF.
It evidences that there is no much information loss when
summarizing by the spatial layer and the learned high-
level features are more compact and semantic for activity
representation.

2) The classification accuracy of the RFTL is much lower
than the LFTL. It further evidences that the spatial layer
plays a role of feature learning and the learned high-level
features are more discriminative for activity recognition.

The reason is that there are a number of difficulties when
directly treating raw features as descriptors of activities, e.g.,
different scales, different ranges, weak discriminative power
and descriptive capability. On the other hand, our proposed
high-level features organize the spatial hidden variables defined
in the scale [0:1] as the overall frame-level characterization and
contain discriminative information learned via mathematical op-
timization. In summary, the contrast experiments between raw
features and learned features indicate that the high-level fea-
tures learned from the spatial layer are more representative and
discriminative.

VI. CONCLUSION

This paper proposes a new hierarchical spatio-temporal model
(HSTM) for both one-person action recognition and interac-
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tional activity recognition by modeling spatial constraints and
temporal constraints simultaneously. In general, we represent
activities from local to global and from space to time, such that
the descriptive capability is obtained not only by integrating all
levels of spatio-temporal relations but also by combining the
flexibility of local features with the discriminability of global
features. A novel learning algorithm with bottom-to-up strategy
is derived to train all parameters efficiently and effectively. It
enables both the spatial similarity and the temporal similar-
ity of activities to be measured together to obtain the supe-
rior classification ability. We evaluate the HSTM on the UCF,
UT-Interaction, BIT-Interaction, CASIA and Gupta video
dataset and obtain better recognition results compared with other
state-of-the-art methods. Experimental results also show that the
HSTM leads to significant improvements on both descriptive ca-
pability and discriminative power.
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