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ABSTRACT
We propose a novel human action recognition method based
on the generative feature mapping over 3D human body joint
sequences. The proposed method relies on Hidden Markov
Model (HMM), but differs from the previous methods in
the way of incorporating HMM and discriminative classifier,
aiming to capture more discriminative information. Firstly,
we use HMMs to model the joint sequences of human body.
Then the Posterior Divergence is used to build feature map-
pings from the trained HMMs. The derived feature map-
pings map a variable-length joint sequence to a fixed-dimension
feature vector which will be delivered to SVM for classifica-
tion. We evaluate the proposed method and related methods
on a large number of 3D joint sequences. The experimen-
tal results show its competitive performance, in comparison
with other state-of-the-art methods.

Categories and Subject Descriptors
I.2.10 [Artificial Intelligence]: Vision and Scene Under-
standing—Motion; I.5.2 [Pattern Recognition]: Design
Methodology—Classifier design and evaluation

General Terms
Algorithms, Design, Experimentation

Keywords
Action Recognition, Posterior Divergence, HMM

1. INTRODUCTION
Human action recognition is an important yet challeng-

ing topic in computer vision field [3, 5]. In this paper, we
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present an approach to solve this problem based on 3D hu-
man body joint position time-sequences. The 3D joints data
are obtained from the Motion Capture system or the video
based pose tracking system, where at each time point, the
3D positions of a group of specified joints are recorded. Be-
cause the variance of viewpoint and illumination has been
removed, 3D joint sequence provides a robust representation
of human action, in comparison with video based 2D repre-
sentation. However, the high dimensionality of the 3D joint
space is still a critical restriction to achieve computational
effectiveness. Besides, it remains a great challenge to extract
discriminative features from 3D joints data.

Hidden Markov Model [6] and its variants have been suc-
cessfully used in 3D joint-sequence based action recognition
due to their ability in modeling variable-length sequences.
In [7], spatial-temporal HMM (ST-HMM) is proposed to
model the pair-wise spatial dependency of connected joints.
ST-HMM, using maximum a posterior (MAP) classifier, out-
performs HMM (also use MAP classifier) as it exploits the
additional spatial information. Although HMM and its vari-
ants are good at modeling the variable-length motion se-
quences and exploiting hidden information of the 3D joints
data, their classification ability working with MAP classi-
fiers is not as powerful as discriminative classifiers in most
situations [1]. Despite its ability in classification, discrimi-
native models, e.g. Support Vector Machine (SVM), are lack
of the ability to accommodate variable-length sequences.

HMM-boost [2] is a method designed to combine the ad-
vantages of the two methods. In HMM-boost, the joints
are grouped into 141 overlapping parts (from holistic to
local), where each part is a combination of some related
joints. For each part of each action class, a HMM is trained
(#class× 141 in total). These HMMs forms 141 MAP clas-
sifiers which are used as weak classifiers and combined by
the multi-class Adaboost to make a comprehensive decision.
Although the recognition accuracy is improved, training a
large number of HMMs is time-consuming. Further, its per-
formance is sensitive to the construction of parts.

Aiming at capturing discriminative information efficiently,
we propose to combine HMM with discriminative classifiers
based on Posterior Divergence (PD) [1], which is different
from ST-HMM [7] or HMM-boost [2]. PD is a principled
method to derive explicit feature mapping from generative
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models, which captures discriminative information of sam-
ples by fully exploiting hidden variables. The dimension of
the derived feature mappings and subsequently the feature
vectors is fixed, so they can be delivered to classifier directly.
In addition, we would show that PD can be more powerful
in multi-class classification through an extension (referred
to as PD-3). Compared with HMM-boost, our method only
need a much smaller number of features to get the better
performance.

In sum, the contributions of this paper are two-fold: (1)
we propose a hybrid generative-discriminative method for
human action recognition based on 3D joint sequences. As
far as we know, there is little work in action recognition
using such kind of methods. (2) we propose an extension for
PD which could be more robust in multi-class classification.
Experiments on a large amount of 3D joints data show that
our method outperforms HMM and its variants.

2. POSTERIOR DIVERGENCE
We first revisit Posterior Divergence (PD) [1] in this sec-

tion. PD is a hybrid generative-discriminative scheme deriv-
ing feature mappings or score spaces from generative models.
It is derived from the log likelihood of the incremental EM
algorithm [4] which only looks at one or a few samples to
update the model in each iteration.

Let X = {x1, ...,xN} be the set of samples; H = {h1, ...hM}
be the set of hidden random variables; i indexes samples
and m indexes hidden variables. Let xc be the sample to be
looked at the t-th iteration; X+c = X ∪ {xc}. Let P (x | θ)
be the model estimated from the set X ; {Qi}i be the ap-
proximations of posterior distributions {P (H |xi, θ)}i where
xi ∈ X . Similarly, let P (x | θ+c) be the model estimated
from the set X+c; {Qi

+c}i be the approximations of poste-
rior distributions {P (H |xi, θ+c)}i where xi ∈ X+c.

In the t-th iteration of the incremental EM algorithm,
the approximate posterior distribution Qc,t and the model
θ are updated in E step and M step respectively. Then the
contribution of xc to the entire sample set could be written
in the log likelihood:

L(xc) =
N∑
i=1

[−F(Qi
+c, θ)]−

N∑
i�=c

[−F(Qi, θ)] (1)

where F denotes the variational free energy [1]. Q(H) can be
factorized according to samples due to the i.i.d assumption.
Then F can be written as:

F(Q, θ) =
∑
i

F(Qi, θ) =
∑
i

EQi

[
log

Qi(H)

P (x,H | θ)
]

(2)

Without loss of generality, we use the following factor-
izations: Q(H) =

∏
m Q(hm); P (x,H | θ) = P (x |pax, θ) ·∏

m P (hm |pam, θ) where pax and pam are the parent vari-
able sets of x and hm respectively. Substitute Eq. (2) into
Eq. (1) and apply the above factorizations, we can get the
log likelihood in the form of entropy or cross entropy. Fur-
ther, note that Qi and Qi

+c are approximately equal when
|X | is relative large, i.e., Qi(hm) ≈ Qi

+c(hm). By applying

this approximation, we have:

L ≈ [
N∑
i�=c

EQi log
P (x|pax, θ+c)

P (x|pax, θ)︸ ︷︷ ︸
φx
pd

+EQc logP (x|pax, θ+c)︸ ︷︷ ︸
φx
fit

]

+ [
N∑
i�=c

EQi log
P (h1|pa1, θ+c)

P (h1|pa1, θ)︸ ︷︷ ︸
φ
h1
pd

+EQc logP (h1|pa1, θ+c)︸ ︷︷ ︸
φ
h1
fit

− EQc logQc(h1)]︸ ︷︷ ︸
φ
h1
ent

+ ...︸︷︷︸
h2...hM−1

+[ ...︸︷︷︸
φ
hM
pd

+ ...︸︷︷︸
φ
hM
fit

− ...︸︷︷︸
φ
hM
ent

] (3)

where φv
pd(x

c) denotes posterior divergence function which
measures how much x affects the model; φv

fit(x
c) denotes the

fitness function which measures how well the sample fits the
model; φv

ent(x
c) denotes entropy function which measures

how uncertain the fitting is. Thus for a generative model
and input x, we have a set of feature mappings:

Φc(xc)=
(
φx
pd, φ

x
fit;φ

h1
pd , φ

h1
fit, φ

h1
ent; ...; φ

hM
pd , φhM

fit , φ
hM
ent

)T
(4)

The obtained feature mappings share the same number of
dimensions and could work with discriminative classifier like
SVM straightforwardly. As shown in [1], working with zero-
one loss linear classifier, the performance of PD is proved to
be at least as good as that of MAP classifier.

2.1 Practical Strategies
Posterior Divergence, deriving feature mappings from gen-

erative models, provides a way to exploit hidden informa-
tion. In real applications, two typical strategies are adopted.
The first strategy trains a generative model θ for the training
samples of all classes. The PD feature mapping for each sam-
ple φc = (φc

pd
T , φc

fit
T , φc

ent
T )T is obtained over the trained

model θ (Eq. (4)). We refer to this strategy as PD-1. The
second strategy trains S class-conditional generative mod-
els {θ1, θ2, ..., θS} for S classes respectively. The obtained
feature mapping is a concatenation of those over all class-
conditional models,

φc = (φc
1
T , · · · , φc

S
T )T

which is referred to as PD-2. Compared with PD-1, PD-2
seeks to capture the class-conditional information.

The third strategy is an extension of PD-2. PD-2 simply
concatenates the feature mappings over all class-conditional
models {θ1, · · · , θS}, which actually assumes that all models
can represent the sample well and are equally important
to the sample xc. This assumption not always holds as a
sample from the class s1 (or model θs1) can be an outlier of
the class s2 (or model θs2) when s1 �= s2. As a substitution,
we measure how well a model θs represent the sample xc,
and use this measure to weight the feature mapping over
that model. The likelihood of a sample over a model θs, i.e.,
P (xc | θs), is a natural measure or weight for such purpose.
This weight prefers those models fitting or explaining xc

well. The overall feature mappings can be expressed as,

φc = (φc
1
TP (xc | θ1), · · · , φc

S
TP (xc | θS))T (5)

This strategy is referred to as PD-3 throughout this paper
and illustrated in the right part of Fig. 1.
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Figure 1: The illustration of extracting feature map-
pings the p-th part. N=#sequences, S=#classes.

3. HUMAN 3D ACTION RECOGNITION
In this section we apply PD to human 3D action recogni-

tion. As shown in [2, 7], exploiting spatial context among
joints is useful to recognition. Like [2], we decompose all
joints into several overlapped parts (groups). In each part,
the spatial context would be exploited. However, distinct
with [2], we only need few holistic parts instead of 141 parts
(see Fig. 3). We derive the feature mappings for each part
separately and finally combine the feature mappings of all
parts. To make the representation of human pose invariant
to the size, initial orientation and absolute position of body,
we normalize the joints positions using the method in [2].

For each action class and each part, we train a HMM. Let
random binary vector qt1×M and yt

1×N denote the hidden
state (M states) and output state (N states). The parame-
ter set of a HMM is denoted by θ = {π,A,B}, where π is the
initial state probability, A is the transition probability and
B is the output probability. Using Baum-Welch algorithm
[6], we can compute the model parameter θ. Let τ and G re-
spectively be the initial state probability and the transition
probability of the approximate posterior. The free energy
function (Eq. (2)) of HMM can be expressed as:

F(Q, θ) = EQ

[
M∑
i=1

q0i log
τi
πi

+

Tc−1∑
t=0

M∑
i,j=1

qtiq
t+1
j log

Gij

Aij

−
Tc∑
t=0

M,N∑
i,j=1

qtiy
t
j logBij

]
(6)

Based on the model θ, we estimate the approximate poste-
riors {Qi(q0i , qiqj , qiyj | τ,G)}i through maximizing the vari-
ational lower bound −F(Q, θ) with respect to Qi, and then
estimate θ+c. Then the feature mappings can be derived
through Eq. (3). For example:

φc = vec

({∑
k �=c

gkij log
aij,+c

aij
, gcij log aij,+c, g

c
ij log g

c
ij

}M,M

i,j=1

∪
{∑

k �=c

hk
ij log

bij,+c

bij
, hc

ij log bij

}M,N

i,j=1

)
(7)

Similarity, for each part p ∈ {1, · · · , P} and each action
class s ∈ {1, · · · , S}, we train the model θsp and estimate
the above quantities needed by PD, and compute its feature
mapping φc

sp (Eq. (7)). Then, for each part, we combine the
feature mappings over all classes using Eq. (5). Finally, we
concatenate the feature mappings for all parts. The final

Figure 2: The framework of our method which com-
bines feature mappings of all parts. P denotes parts.

feature mapping for a given action sample xc is:

Φc : xc →
(
φc
11

T , ..., φc
1S

T︸ ︷︷ ︸
part 1: xc

1

, ..., φc
P1

T , ..., φc
PS

T︸ ︷︷ ︸
partP :xc

P

)T

(8)

The complete framework of our method is shown in Fig. 2.
First, we train HMMs for each part of each action class;
second, compute the feature vectors of all joint sequences
using the feature mappings derived by PD (and PD-3) and
deliver to multi-class SVM for classification.

4. EXPERIMENTS
To validate the proposed 3D action recognition algorithm,

we test it on a large 3D MoCap dataset which is obtained
from the CMU MoCap database and has been used by [2, 7].
Our dataset consists of 8 classes of actions: walk, jog, jump,
handshake, punch, climb ladders, sit and wave. We manually
collected 515 3D joints sequences (video clips), each of which
contains a action loop with about 90 frames. The number
of samples of the above 8 actions are 114, 74, 75, 17, 60,
17, 56, 70 respectively. Throughout of the experiment, the
number of hidden states is set to K = 3.

In the first experiment, we compare the three strategies
in our framework using 2 holistic body parts. We run the
experiment 10 rounds. In each round, we randomly select
50% samples from each action class for training and the
remainder for test. The recognition accuracies of PD-1, PD-
2 and PD-3 (proposed) are respectively 90.88%, 96.78% and
99.10%. As stated in Section 2.1, the effectiveness of PD-3
can be seen by a surprisingly high recognition accuracy, even
with only two parts. The confusion matrix of PD-3 is shown
in Table. 1

In the second experiment, we evaluate the robustness of
our method with respect to the numbers of parts, in com-
parison with 4 related methods: (1) 2Gram with SVM, (2)
HMM with MAP classifier, (3) HMM-Boost [2], (4) ST-
HMM with MAP classifier [7]. 2Gram is actually the transi-
tion probability matrix of the observed states of a sequences,
and serves as the baseline method for sequences recognition.
Nine numbers of parts from 2 to 41 are tested. The criterion
of parts selection is similar with [2], i.e., from holistic parts
(e.g., coordinates of all arm related joints) to local parts
(e.g., coordinates of 3 connected joints). Fig. 3 reports the
average recognition accuracy of the tested methods. Since
HMM and ST-HMM trains a HMM for all joints, treating
the body as a whole part, they are denoted by two dotted
lines. The recognition accuracy of different classes are re-
ported in Table. 2.

The results show that the proposed hybrid method out-
performs the 4 related methods, especially when the num-
ber of parts is small. This indicates that by using the
proposed hybrid method, we only need few complimentary
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Table 1: The average confusion matrix of PD-3 with 2 holistic parts over 10 rounds of tests.
% #sample Walk Run Jump Wave Punch Shake Sit Climb

Walk 114 100 0.00 0.00 0.00 0.00 0.00 0.00 0.00
Run 74 1.75 98.25 0.00 0.00 0.00 0.00 0.00 0.00
Jump 75 0.00 0.00 99.12 0.00 0.00 0.00 0.88 0.00
Wave 17 0.00 0.00 0.00 100 0.00 0.00 0.00 0.00
Punch 60 0.00 4.44 0.00 0.00 95.56 0.00 0.00 0.00
Shake 17 0.00 0.00 0.00 0.00 0.00 100 0.00 0.00
Sit 56 0.00 0.00 0.00 0.00 0.00 0.00 100 0.00

Climb 70 0.00 0.00 0.00 0.00 0.00 0.00 0.00 100

Table 2: Recognition accuracy (%) of all actions
% Walk Run Jump Wave Punch Shake Sit Climb Overall Time(s)

(#sample) 114 74 75 17 60 17 56 70 512
2Gram-SVM 94.72 91.05 93.68 100 92.67 82.22 69.29 96.00 90.97 2
HMM-MAP 93.06 100 97.37 100 91.33 97.78 75.71 94.86 93.28 62

HMM-Boost [2] (P = 141) 99.30 100 100 96.67 98.67 97.78 96.07 97.43 98.69 10023
ST-HMM[7] 98.61 98.68 98.68 94.44 83.33 66.67 87.50 91.43 93.44 1100

HMM-PD-1[1](P = 26) 100 100 97.37 91.11 100 91.11 97.86 99.43 98.69 825
HMM-PD-2 (P = 11) 100 100 99.12 96.30 95.56 100 100 98.10 98.97 860
HMM-PD-3 (P = 6) 100 100 100 100 96.67 100 100 99.05 99.49 453
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Figure 3: Evaluation of the robustness with respect
to different number of parts.

parts instead of a large amount of holistic and local parts
to fully capture the discriminative information for classifica-
tion. Among the three strategies of PD, the proposed PD-
3 achieved the highest recognition accuracy (99.4% with 6
parts), and is clearly more robust than PD-1 and PD-2. At
the same time, the performance of HMM-Boost [2] is not sat-
isfied when the number of parts is small, but increasing the
number of parts would improve the performance. The per-
formance of ST-HMM [7] is better than traditional HMM,
but still not very satisfied due to the limitation of the MAP
classifier. In multi-class classification, MAP classifier could
easily fail in handling similar action sequences from different
classes. While the feature mappings derived by our method
could encode more discriminative information than simply
likelihood and performed much better.

5. CONCLUSIONS
In this paper, we present a novel framework for human

action recognition. We derive the discriminative feature
mappings for 3D joint sequences, which could give an over-
all measure over different action classes and different body
parts. Then we combine the traditional HMM with discrimi-
native classifiers and enhance the classification performance.
The experimental results show that our method outperforms
other methods significantly. In particular, our method only
need a few complimentary parts to reach the highest recog-
nition rates.
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