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ABSTRACT

Human motion variation synthesis is important for crowd simulation and interactive applications to enhance synthesis
quality. In this paper, we propose a novel generative probabilistic model to synthesize variations of human motion. Our key
idea is to model the conditional distribution of each joint via a multivariate Gaussian process model, namely semiparametric
latent factor model (SLFM). SLFM can effectively model the correlations between degrees of freedom (DOFs) of joints
rather than dealing with each DOF separately as implemented in existing methods. A detailed evaluation is performed to
show that the proposed approach can effectively synthesize variations of different types of motions. Motions generated
by our method show a richer variation compared with existing ones. Finally, our user study shows that the synthesized
motion has a similar level of naturalness to captured human motions. Our method is best applied in computer games and
animations to introduce motion variations. Copyright © 2014 John Wiley & Sons, Ltd.
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1. INTRODUCTION

There is a high demand for variation synthesis in character
animation and game domains, as the quality of animation
could be brought down by recurrent motion clones [1]. We
observe that real humans usually perform the same action
differently each time. Although motion-capture technology
is able to record a person’s movements, it is not practical
to apply this technique to capture different variations of the
same motion, as it is time-consuming and labor-intensive.
As a result, it is essential to develop an effective method
to generate many variations automatically based on a small
set of example motions.

Human motion variation synthesis can be viewed as
a special case of human motion synthesis [2]. Human
motion synthesis has been widely studied for the purpose
of enriching the motion database or generating motions
according to certain user constraints. Style transferring
is one way to synthesize a new style of motions by
transferring style from one motion to another [3]. How-
ever, most style-transferring techniques cannot synthesize
variations within the same style. Motion interpolation
extracts style parameters to synthesize motions using

interpolation [4]. However, style parameters are nonintu-
itive and usually difficult to be extracted. Motion editing is
another way for motion synthesis; users can generate new
motions through editing existing motions [5]. However,
this technique usually requires a manual tuning procedure,
which is not suitable for novice users. In other words,
human motion variation synthesis can be considered as a
one-to-many mapping procedure, while existing methods
mainly focus on one-to-one mapping.

In this paper, we propose a novel generative probabilistic
method to generate a large number of new variants based
on a small set of example motions. We divide the kine-
matic skeleton into multiple partitions based on the human
skeleton hierarchy, which not only reduces the complex-
ity of human motion but also helps to model the rela-
tions between joints. We predefine the influence between
joints within the same body partition based on the hierar-
chy of the skeleton structure. Such influence is translated
into the conditional dependency relations between joints.
The conditional probability distribution for each joint is
calculated by the semiparametric latent factor model
(SLFM) [6], which differs from the standard Gaussian
process (GP) because SLFM can capture the dependency
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between multiple outputs. SLFM is an extension of the
generally used univariate GP for regression problems
involving multiple response variables. The basic idea of
this model is using a set of basic GPs and then linearly
mixing them to capture dependency that may exist among
the output variables. In our situation, it can effectively cap-
ture the relations between different degrees of freedom
(DOFs) within one joint. New variants can therefore be
synthesized by sampling from the predicted distribution.
Besides, compared with other nonparametric regression
methods such as kernel regression, GP-based models can
robustly learn from small training sets, and the parame-
ters of kernel function can be optimized without relying
on experimental cross-validation, such as the kernel width
for kernel regression. Most importantly, our synthesized
motions show more variations compared with existing
methods, which is because we directly use the skeleton
configuration feature (SCF) as the target instead of the
generally used frame difference [7].

This paper is organized as follows. We will first
introduce some related works in Section 2. Motion
representation used in this paper will be described in
Section 3. After that, we will introduce joint relation
extraction based on the divided hierarchy skeleton struc-
ture and feature extraction in Section 4. In Section 5, we
will detail about the distribution calculation via SLFM.
The steps for human motion synthesis will be explained
in Section 6. Model evaluation and user case study will
be evaluated to compare our synthesized motions with
motion-capture data in Section 7.

2. RELATED WORKS

Motion variation can be defined as the difference within the
same type of motions. For instance, when a group of people
perform a punch motion, how they strike their fists and the
strength of their punches can be distinctively different from
each other. Some previous methods were developed for
motion variation generation by adding noise to the existing
ones [8]. However, variation is not merely noise or error,
but rather a functional component of data itself [9]. A
number of methods for generating new motions from
example motions have been developed during the past
years for different applications. These methods can be
roughly categorized as interpolation-based methods, linear
statistical methods, and nonlinear probabilistic methods.

A number of methods that employ interpolation-related
techniques to generate new motions from existing exam-
ple motions have been developed, such as verbs and
adverbs system [10], synthesizing physically realistic
variations provided by interpolation [11] and generating
reactive motions using momentum-based inverse kine-
matics [12]. However, such interpolation-based methods
have to extract style or user-specified parameters, which
may not be easily defined systemically. Unlike the meth-
ods mentioned earlier, our generative model can directly
learn from the training data without extracting any
interpolation parameter.

Linear statistical methods have been widely adopted for
motion analysis and synthesis. For example, motions can
be represented as principal components, and variants can
be extrapolated by a set of best-approximated principal
weights from variants of similar motions [13]. Min et al.
[5] modeled the distribution of principal motions for
interactive motion generation. Kim and Neff [14] used
independent component analysis (ICA) to divide the
stylistic example locomotion into submotion components.
New stylistically different locomotions can be synthesized
through the composition of the submotion components.
Although a linear statistical method is intuitive and easy
to implement, human motions are high-dimensional data
that may behave in a nonlinear manner, and it is difficult to
extract style parameters with a linear perspective.

Probabilistic-based methods have been used to create
new motions for different applications, such as motion
editing [15] and style-based inverse kinematics system
[16]. Style-based inverse kinematics is developed upon GP
latent variable model (GP-LVM), which is originally used
to visualize high-dimensional data [17]. Lawrence et al.
[18] extended GP-LVM through hierarchies. Wang et al.
[19] augmented GP-LVM with a dynamic prior to obtain
smooth trajectories in latent space. These GP-LVM-based
models are powerful methods for human motion model-
ing, yet they are not suitable for our application as there is
no guarantee that the latent space points are densely con-
nected to synthesize human motion variations. In addition,
GP-LVM is constructed based on the independent assump-
tions between different observations dimensions. So the
correlations between DOFs of joints cannot be modeled.
Statistical methods are one direction for motion modeling,
but they seldom consider physical information of motions.
Wei et al. [20] used GP to model the nonlinear mapping
between kinematic states and generalized forces. In this
way, physically valid motions can be generated, which
satisfies user constraints.

Style learning and transferring can also be viewed as one
way to generate variations. Many researchers have devel-
oped effective methods for style-based motion generation,
including style machines based on hidden Markov models
[21]. GP is used for style learning and transferring [22] [15]
as it is a powerful tool for regression. Wang et al. [23] pro-
posed a multifactor GP model for style–content separation.
Hsu et al. [3] transferred the input motion to a new style
while preserving the original content. Style transferring is
very similar to our purpose of generating new variations.
Yet our approach focuses more on generating variation
within the same style of motion, which can be considered
as a one-to-many problem.

Among all the related research, Lau’s work [7] is
the most relevant to ours. They introduced the dynamic
Bayesian network to model spatiotemporal variation of
human motion. Conditional dependency is learned by a
nonparametric kernel regression technique from training
data. Yet their method was highly affected by the tuning
of kernel width and the selection of neighboring instances.
Ma et al. [4] also used a Bayesian network to model
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the relations between user-defined style parameters and
extracted variation parameters. However, the structure of
their Bayesian networks has to be manually adapted for
different motions, which reduces the generalization ability
of this method. In this paper, the skeleton representation is
divided into multiple partitions to obtain the dependency
between joints. This partition-based structure is more gen-
eral as it does not need to consider the specific type about
the motion.

3. MOTION REPRESENTATION

Human motion-capture data are high-dimensional time
series. The hierarchy structure of each frame can be
represented as root positions and joint rotations:

ft D f p0,q0, q1, : : : , qig (1)

where p0 and q0 are the global world 3D positions and
orientations of the root joint, qi is the rotation of the
ith joint with respect to its parent joint. We encode the
joint angles with parameterized exponential maps [24].
The joints are highly correlated during movements based
on the articulated skeleton structure. Dividing the skeleton
into partitions, either to reduce the complexity for motion
recognition [25] or for partial motion synthesis to enrich
motion database [2] [14], has been effective. We there-
fore divide the human skeleton into five partitions based
on the skeleton hierarchy as shown in Figure 1, which
are right arm, left arm, right leg, left leg, and torso and
head. There are two reasons for us to partition the skele-
ton. First, it helps us extract the relations between joints
as the joints are more correlated within the same body
part (e.g. wrist, elbow, and shoulder). Second, we only
need to take into account the joints that are in the same
partition when we consider one joint, which makes the
system simpler.

Figure 1. Five partitions of the skeleton: right arm (RA), left arm
(LA), right leg (RL), left leg (LL), and torso and head (TH). The

same color dots represent joints within the same partition.

4. MODEL CONSTRUCTION

In this section, we describe the way of specifying the
dependency between joints with our partition-based skele-
ton structure and the features used in SLFM prediction
model.

4.1. Partition-based Structure

Predicting the distribution of one joint based on some prior
knowledge is the most important component for motion
variation synthesis. In this work, we extract features from
the ancestor joints of the current joint, which are defined as
input features, as prior knowledge for prediction. By this,
the relations between joints in the same partition are for-
malized as the conditional dependency between one joint
and its ancestor joints.

For a given joint ji, its ancestor joints are defined as the
set of all joints in the higher levels of the skeleton hierar-
chy within the same partition as ji, which are denoted as Ai.
Using the right wrist joint as an example, its ancestor joints
are right elbow, right shoulder, and right clavicle. It should
be noted that the top-level joint (e.g., right clavicle) has no
ancestor joints; thus, Ai D ;. Figure 2 shows the relation-
ships between joint ji and its ancestor joints. The blue dot
represents the given joint ji at time t, t � 1, and t � 2. The
green dots are ancestor joints of ji at time slices t � 1 and
t� 2, which are denoted as Ai.t� 1/ and Ai.t� 2/, respec-
tively. Ak

i represents the k-th joint in Ai. More specifically,
Ai is one set of joints and Ak

i is one joint that belongs to Ai.
Starting from the third frame, we adopt a second-order

temporal model to predict the distribution of one joint at
the current frame. This is an observation we found in our
initial experiments, in which the first-order model performs
suboptimally. In particular, by analyzing the synthesized
motions, we find that the movements tend to randomly
move away from the original input data, as only one previ-
ous frame is not enough to constrain movement ranges, so
we need to consider the information from more frames. To
minimize the noise introduced by the newly added infor-
mation, we have to select suitable features for prediction.
In the following part, we will detail the feature selection
for both input features and output features.

P. jiŒt�/D

8̂
ˆ̂<
ˆ̂̂:

P. ji.t/jJpi.t �1/, Jpi.t � 2/, PJpi.t �1/, PJpi.t � 2//, t > 3

P. ji.t/jJpi.t �1/, Jpi.t � 2/, PJpi.t �1//, t D 3

P. ji.t/jJpi.t �1//, t D 2

P. ji.t/jAi.t//, t D 1
(2)

4.2. Feature Extraction

To facilitate the calculation of conditional distribution in
this section, we use the term parent joints Jpi to represent
the joints that will influence joint ji. Except Ai, ji itself will
also influence ji; thus, Jpi D fAi, jig. The partition-based
structure constructed earlier allows us to determine the
conditional dependency between one joint and its parent
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(a) (b) (c)

Figure 2. The graphical representation of the conditional dependency between joints. The blue dot represents joint ji , green dots
represent the ancestor joints of ji . (a) At time t D 1; (b) at time t D 2; (c) at time t > 2.

joints, for example, P. ji.t/jJpi.t � 1/, Jpi.t � 2//, where
t > 2. P represents the conditional probability distribution.
The semiparametric model SLFM will be used to model
the conditional distribution for each joint. The performance
of this model depends heavily on the input features, so it is
important to define and select effective features.

In this work, we use the SCF [15] as the output feature to
reconstruct poses. SCF is represented by joint angles and
is parameterized by exponential maps [24]. We do not use
a joint position as the joint representation, as constraining
bone lengths defined in the skeleton hierarchy introduces
extra system complexity. It should be noted that the out-
put features of the root joint are the translation along the
ground plane, and rotation around the vertical axis of the
root relative to the root at the last frame. With this informa-
tion, we can reconstruct the movement path by integrating
the elapsed time and root transformation. Our output fea-
ture differs from that used by Lau et al. [7], in which
the frame difference is used as the output of their regres-
sion model. However, the adjacent frames of one motion
are often very similar owing to the high frame sampling
rate, which limits the range of movement and hence the
variation of the synthesized movement.

The SCF is also used as the component of the input
features. In addition, a dynamic feature is introduced to
convey the temporal information between frames. The
dynamic feature is defined as the positional velocity
between the current frame and previous frame. For the
joints at the first frame, we only use SCF from its ances-
tor joints as the input feature. For the second frame of
each joint, the input feature only includes SCF from its
parent joints as there is no dynamic feature for the first
frame. For the third frame, we use the SCF from the
first two frames and the dynamic feature from the second
frame as the input feature. Both the SCF and dynamic fea-
ture from the previous two frames are used as the input
features for the subsequent frames. After defining source
and output features, we use the SLFM to model the

distribution of one joint at different time slices as given by
Equation (2), where PJpi.t � 1/ and PJpi.t � 2/ represent the
dynamic feature at time t� 1 and t� 2, respectively. In the
following section, we will show the details of modeling the
conditional distribution of one joint by SLFM.

5. COMPUTING CONDITIONAL
DISTRIBUTION BY
SEMIPARAMETRIC LATENT
FACTOR MODEL

Estimating the conditional probability distributions of the
multivariate variable ji.t/ from the input features, that
is, Equation (2), is the key component of our synthe-
sis method. Traditional methods model this distribution
using a parametric model, such as using a multivariate nor-
mal distribution and then optimizing its related means and
covariance matrices by maximizing the posterior distribu-
tion of training instances. However, these methods involve
many parameters and often suffer from local optima.

In this paper, we use the recently developed multivariate
GP model SLFM [6] to estimate the distribution for each
joint. In our case, our purpose is to predict the distribution
of each joint. In our initial experimental testing, GP was
adopted to synthesize variations. However, the movements
tended to be ambiguous as GP cannot model the relations
between the outputs. The DOFs of each joint are highly
correlated, so it is more appropriate to consider them
together rather than treating them independently. SLFM
also inherits the advantages of the GP method, for example,
SLFM can be robustly learned from small training data sets
and the parameters of the similarity function can be opti-
mized without relying on experimental cross-validation.
Moreover, the variation trend of mean function can be
easily adapted by changing the combination factors of
different style kernel functions.

The structure of our SLFM for modeling the correlations
between three DOFs of one joint is shown in Figure 3.
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Figure 3. The graphical models of (a) standard Gaussian pro-
cess and (b) our used semiparametric latent factor model for
three degrees of freedom (DOFs) of a joint. X represents the

input features, and yi corresponds to the i-th DOF.

Similar to standard GP, each output yi with i 2 f1, 2, 3g is
independently generated from its own latent function fi.x/.
The difference between standard GP and SLFM is that
fi.x/ is a linear mixing of some basic GPs ui.x/, which can
capture the dependencies that exist among DOFs. The
kernel function of latent function fi.x/ is expressed as

fi.x, x0/ D
3X

pD1

�2
i,pup.x, x0/ (3)

where up.x, x0/ is the kernel function of the p-th GP for the
input feature instances x and x0 and f�i,1,�i,2,�i,3g are the
mixing weights for fi.x/. SLFM can be viewed as an aug-
mented GP, which models output dependencies by sharing
kernel hyper-parameters (i.e., the parameters of up.x, x0/)
of basic GPs. As a result, we can still use the same learning
and prediction method as GP. The basic training procedure
is as follows. First, we use a series of motion of the same
motion type as coarse training data. Then, we use the fea-
ture extraction method described in Section 4.2 to extract
SCF and dynamic features as the training input and out-
put pairs of SLFM. Finally, using the conjugate gradient
descent [26] methods, we obtain the optimal parameters for
SLFM. A review of the inference and learning of GP can
be found in [26].

6. MOTION SYNTHESIS

After obtaining the learned SLFM, we can synthesize a
bunch of variations by sampling from the predicted distri-
bution of each joint. Subsequent frames can be iteratively
synthesized based on its previous synthesized frames and
the learned conditional distribution model. For the joints
that have no ancestor joints at the first frame, we sam-
ple from the data distribution directly. More specifically,
we calculate the mean and standard deviation from the

training data of these joints that have no ancestor joints at
the first frame. In order to enhance the naturalness of the
motions synthesized by our method, we apply the blending
technique proposed in [27] to enhance the motion quality.
Alternatively, automatic foot strike cleanup methods [28]
can be applied to achieve a similar purpose.

7. EXPERIMENTAL RESULTS

In this section, we will evaluate the proposed method in
different aspects. All experiments were conducted on a
desktop computer with Intel Core 2 Duo 3.17-GHz pro-
cessor. We implemented the system with C++/MATLAB.
There were two data sets used in our experiments. The
first one was the generally used HDM05 [29] database.
This database consists of 130 different motion classes, with
multiple trials performed by five subjects in each class.
The motions were performed at a sampling rate of 120 Hz.
We chose three types of motion from this database: walk-
ing, single-leg hopping, and jumping jack. On average,
0.17 second is required to synthesize 1 second of motion
for this data set. The second data set included Tai Chi
motions captured by an optical motion-capture system in
our own laboratory. The frame rate is 60 Hz. We chose Tai
Chi motion because of its large range of movement and its
complicated movement features, which can be used to ver-
ify the robustness of the proposed method. The motions
were performed 10 times by a professional Tai Chi Master.
On average, 0.14 second is required to synthesize 1 second
of motion for this data set.

7.1. Model Evaluation

For each type of the motion, we choose 10 example
motions as training data set to learn SLFM. Figure 4 shows
the synthesized Tai Chi and jumping jack motions by our
method. We can observe that the synthesized motion pre-
serves the major features of the original one but differs in
both spatial and temporal domains.

For the Tai Chi motion, the range of movement varied at
different phases. For the jumping jack motion, the heights
of swing arms and jumping legs also varied among differ-
ent variants. The synthesized variants of walking motion
had different degrees of arm swing as well as stride length.
For the single-leg hopping motion, the maximum height
reached by the jumping motion varied across the variants.
More animation results for all the motions can be found in
our accompanying demo video. The readers are referred to
the demonstration video for further animation results.

To verify that the synthesized motion is similar to the
input one, we visualized the results by applying principal
component analysis (PCA) on both motions. The visualiza-
tion of the first PCA dimension is depicted in Figure 5. We
can observe that the synthesized motions (the gray lines)
have a similar variation trend as the original input data (the
red line), so the motion type of the original input data can
be well preserved, while variations are added. Other PCA
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Figure 4. Human motion variants synthesized by our approach. Left side: the variants synthesized from Tai Chi motion. Right side:
the variants synthesized from jumping jack motion.
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Figure 5. Plots of 15 variants and one of the training data. Each curve represents the first principal component analysis dimension of
one motion, where the red curve represents one of the training data and others represent the synthesized results. (a) Tai Chi motion;

(b) walking; (c) single-leg hopping; (d) jumping jack.

dimensions also have similar moving trends; because of
space limitation, we will not show them here.

7.2. User Study

To evaluate the naturalness of the motions synthesized by
our method, we compared the synthesized motions with
motion-capture data by conducting a user study evalua-
tion. A total of 10 participants were invited. All of them
had little or no experience about motion-capture and 3D
animation. We created a set of motions consisting of
motion-capture data and synthesized motion data. Partic-
ipants were asked to give a score for each motion based
on its naturalness without knowing whether the displayed
motion is captured or synthesized. The score ranges from
1 to 10 (inclusive), where 1 means the most unnatural and
10 means the most natural. We performed a two-way anal-
ysis of variance [30] on the obtained scores. There are two
factors that influence the score, one is motion type (Tai
Chi, walking, hopping, or jumping jack) and the other fac-
tor is method (motion capture or our method). The result
is shown in Table I. There was no statistically significant

Table I. Two-way analysis result between the naturalness and
two factors (method and motion type).

Source SS df MS F Prob > F

Motion type 1.00 3 0.33333 0.67 0.5775
Method 6.45 9 0.71667 1.43 0.2069
Interaction 9.75 27 0.36111 0.72 0.8113
Error 20.00 40 0.50000
Total 37.20 79

SS; Sum of Squares, df; degree of freedom, MS; Mean Square.

difference in the perceived naturalness between motion
types (p D 0.5775) and methods (p D 0.2069). There was
also no statistically significant interaction between the two
factors (p D 0.8113). It verifies that our method produces
motions as natural as motion-capture data.

7.3. Comparison with Related Works

We also compared our method with other methods that
can be used to generate motion variations. An intuitive
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way to generate variations is to directly add noise to the
original motion data. Here, we adopt the generally used
Perlin noise [8], and the synthesized variations can be
found in the accompanying video. From the results, jerks
can be observed during the movement. This is because
variations in real human movement are not merely noise
but are constructing components of the motion itself. We
also synthesized motion variations with the method pro-
posed by Lau et al. [7]. The relations between joints are
modeled with a second-order dynamic Bayesian network.
New motions can be synthesized by sampling from the
predicted distribution with kernel regression. The motions
synthesized by [7] showed less variations as they use the
frame difference as the output feature while our approach
use SCF as the output directly. Motion variations generated
by our method and [7] can be found in the accompanying
video for comparison.

8. CONCLUSIONS AND
FUTURE WORK

In this paper, we propose a novel generative probabilistic
model to synthesize variations of human motion. Our focus
differs from style-transferring methods, which transfer the
style of one motion to another. To be specific, we focus on
variation generation within the same style of motion. Our
method is appealing for human motion variation synthe-
sis because our approach can learn from small training sets
and the parameters of motion model can be optimized with-
out relying on experimental cross-validation. The usage of
SLFM can model the relation between the DOFs of each
joint, which is more natural for human motion modeling.

The skeleton representation is divided into multiple
partitions to obtain the influence between joints. This
partition-based representation not only reduces the com-
plexity of human motion but also helps us define the influ-
ence between joints. The conditional dependency between
joints is predefined for the joints within the same body
partition based on the hierarchy structure.

We have demonstrated the effectiveness of our method
by comparing the synthesized motions with motion-
capture data. We applied a blending technique to enhance
the naturalness of the resultant motion. We will conduct
more experiments to evaluate the proposed method on data
sets with different sampling rates. It will be also interesting
to encode the contact information as a new feature into our
model as described by Min et al. [31]. Moreover, SLFM
allows different length scales for each input feature; this
can automatically determine the importance of each input
features to achieve feature selection.

Our approach may not perform well when applied in a
long, complex sequence of movements owing to inaccu-
rate time alignment. One simple solution is to carry out
time warping for the output results to synthesize different
lengths of motions. Another way is to extract the timing
information beforehand as in [5] and add it back to the
synthesized motion. Generating variations in the semantic
level can be another possible future direction.
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