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Abstract—We present new multi-layer joint gait-pose manifolds
(multi-layer JGPMs) for complex human gait motion modeling,
where three latent variables are defined jointly in a lowdimensional manifold to represent a variety of body configurations. Specifically, the pose variable (along the pose manifold)
denotes a specific stage in a walking cycle; the gait variable
(along the gait manifold) represents different walking styles; and
the linear scale variable characterizes the maximum stride in
a walking cycle. We discuss two kinds of topological priors for
coupling the pose and gait manifolds, i.e., cylindrical and toroidal,
to examine their effectiveness and suitability for motion modeling.
We resort to a topologically-constrained Gaussian Process latent
variable model to learn the multi-layer JGPMs where two new
techniques are introduced to facilitate model learning under
limited training data. First is training data diversification that
creates a set of simulated motion data with different strides.
Second is the topology-aware local learning to speed up model
learning by taking advantage of the local topological structure.
The experimental results on the CMU Mocap data demonstrate
the advantages of our proposed multi-layer models over several
existing Gaussian Process-based motion models in terms of the
overall performance of human gait motion modeling.
Index Terms—Human motion modeling, manifold learning,
Gaussian Process Latent Variable Models, pose manifold, gait
manifold, joint gait-pose manifolds

I. I NTRODUCTION
UMAN motion modeling is an active research topic
in the field of computer vision and computer graphics
due to its wide applications, including video-based posture
estimation for motion analysis, surveillance, and computer
animation, etc. In video-based posture estimation, due to the
high-dimensionality and variability of the motion data as
well as the ambiguity from 2D imaging, it is challenging
to reconstruct the optimal 3D posture in a high dimensional
space. Most methods rely on a prior motion model learned
from training data to constrain the search in the solution space
[1]–[5]. In graphics and animation, a good motion model is
useful to synthesize various realistic poses of different motion
types without specifying all of animation keyframes or the
full degree of freedom of a character [6]–[8] or to control
the nonrigid deformation of skin and cloth induced by human
motion [9]. In this work, we want to develop a probabilistic
manifold-based motion modeling framework that is able to
deal with a variety of walking styles from different individuals
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and with different strides. We also adopt a set of metrics to
compare the proposed motion models with existing ones in
terms the performance of motion modeling [10].
It is commonly believed that human motion data from
a specific activity lie on a low dimensional manifold [11].
Recently, various nonlinear dimensionality reduction (NLDR)
or manifold learning algorithms were proposed to learn a
compact low-dimensional motion prior to constrain the solution space for robust pose estimation. For example, Local
Linear Embedding (LLE) [12] and Isometric Feature Mapping (Isomap) [13] were applied in [14], [15] for human
motion modeling. However, LLE and Isomap provide neither
a probability distribution over the latent space nor a lowdimensional to high-dimensional mapping. Some probabilistic
NLDR methods, such as Gaussian Process Latent Variable
Model (GPLVM) [16] and its variants [6], [17]–[20] were
developed for human motion modeling which provide a lowdimensional latent space along with a probabilistic mapping.
When dealing with human gaits, the term of pose manifold was
often used to represent the sequential and cyclic pattern of the
human gaits. The idea of gait manifold was introduced in [21]
to represent the variability of different walking styles from
multiple individuals, where dual gait generative models were
proposed, one for visual data and one for kinematic data. The
pose and gait manifolds were used independently to integrate
two generative models for video-based pose estimation. To
capture the coupling effect between the two manifolds, a joint
gait-pose manifold (JGPM) was proposed in [22], [23], where
a toroidal prior was employed to unify the pose and gait
variables into one latent space. Significant improvements were
observed in [22], [23] over that in [21], showing the benefit of
joint modeling of pose and gait in the same manifold structure.
Moreover, it was shown in [10] that JGPM shows great
promise compared with other GPLVM-based models in terms
of the performance of motion modeling including interpolation, reconstruction, filtering and recognition. However, JGPM
may not be applicable to complex gaits with different strides
due to the limited training data. Also, like traditional GPLVM
algorithms, learning JGPM is computationally expensive and
cannot be scaled up to a large training dataset.
In this work, we propose a new multi-layer manifold model
that is capable of dealing with a variety of walking styles and
various strides. Also, we aim to learn the model efficiently
from limited training data. Two new ideas are proposed. The
first one is training data diversification that creates a series of
simulated training gaits with different strides from a limited
training dataset. This idea is inspired by several biomechanical
experiments [24]–[27], which reported that the human gait
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is left-right symmetrical and there exists certain proportional
relation between limbs swinging to keep energy efficiency.
The second one is topology-aware local learning that extends
the stochastic gradient descent algorithm in [28] by only
involving local neighbors according to the topology prior
for model learning. Furthermore, we discuss two topological
priors for coupling the pose and gait manifolds in the latent
space, cylindrical and toroidal, to examine their effectiveness
and suitability for human motion modeling. The experiments
demonstrate that our proposed both multi-layer JGPMs have
great flexibility and capability of representing a wide ranges
of gaits with very different strides compared with the original
single layer JGPM and other GPLVM-based methods. Moreover, it is interesting to find that the toroidal prior is slightly
better than the cylindrical one in our study. We believe it is
mainly due to the fact that the closed nature of the toroidal
structure supports a uniform neighborhood structure along the
manifold which in turn facilitates learning and inference.
The rest of the paper is organized as follows. We briefly
review some related work in Section II and some preliminary
background in Section III. We present multi-layer JGPMs
in details in Section IV where both cylindrical and toroidal
priors are considered. Then topology-aware local learning is
discussed in Section V. The experimental results are shown in
Section VI, and we draw the conclusion in Section VII.

preserving method for embedding data on a torus, where a
separate mapping function (i.e., RBF-based mapping in [15])
is needed by which the visual data can be associated with the
kinematic data for video-based pose estimation.

II. R ELATED W ORK

To preserve the geometrical neighborhood of latent structure, meanwhile to comply with the intrinsic data effect,
the hybrid methods are developed. In [20], a topologicallyconstrained GPDM (LL-GPDM) was proposed to merge the
pose manifolds from “walking” and “running” into the same
cylindrical manifold structure by incorporating a LLE-based
topology constraint into GPDM learning. The gait manifold
was introduced in [21] to represent the variability of different
gait styles which is learned by combining an idea similar to
Isomap and nonlinear tensor decomposition. The pose and gait
manifold are assumed to be independent in [21]. To capture
their coupling effect, a joint gait-pose manifold (JGPM) was
proposed in [22], [23] by extending the LL-GPDM algorithm
with a toroidal topological prior. It was shown that JGPM does
improve video-based motion estimation results over the one in
[21], and it also outperforms existing GP-based algorithms in
terms of motion interpolation/reconstruction for normal human
gaits. Still, JGPM may not be applicable to more complex gaits
with various strides. Also, just like traditional GPLVM-based
models, learning JGPM is computationally expensive and may
not be scaled-up to a large training dataset with more subjects
and various walking strides, which may limit it practical use.
In this work, we aim to overcome the limitations of previous
work in [22], [23] by developing a multi-layer JGPM which
lead to a more representative model that is capable of dealing
with a variety of walking styles with various strides. We
also introduce training data diversification to create more
simulated training gaits and topology-aware local learning to
make model learning more scalable and efficient. These two
ideas could be applied to other problems where a general and
powerful manifold model is desirable to deal with multiple
latent factors in the data.

There exists a large body of research on human motion modeling. In early work, graphic models were used to represent
the spatial and temporal priors of body parts [29]–[31]. An
alternative is physics-based models which incorporate various
kinematic/dynamic/physical constraints of body movements
[32]–[36]. Recently, there is a growing interest in NLDRbased approaches, which try to explore the low dimensional
intrinsic structure of human motion data. In this section, we
provide a brief review of human motion modeling from a
NLDR (or manifold learning) perspective with respect to three
groups: geometrically-inspired, latent variable model-based
and hybrid algorithms.
A. Geometrically-inspired Algorithms
The methods in this group seek to preserve the local
geometrical neighborhood among high dimensional data in
the low dimensional latent space through some unsupervised
methods, such as Laplacian Eigenmaps (LE) [37], Isometric
Feature Mapping (Isomap) [13] and Local Linear Embedding
(LLE) [12] that were applied successfully for human motion
estimation without any initialization or prior constraints [14],
[15]. Similarly, as two extensions of Laplacian Eigenmaps,
Generalized Laplacian Eigenmaps (GLE) [2] and Structural
Laplacian Eigenmaps (SLE) [38] were proposed to preserve
the stylistic variations of human motion for pose tracking and
to train a set of manifolds for action recognition, respectively.
However, LE, Isomap and LLE provide neither a probability
distribution over the latent space nor the mapping from the low
dimensional latent space to the high dimensional data space.
Given known topology, [39] developed a supervised topology

B. Latent Variable Model-based Algorithms
The methods in this group apply the Gaussian Process
(GP)-based approaches to provide a probability distribution
over the latent space along with nonlinear mapping function,
such as GPLVM [16]. Many GPLVM variants have been
proposed specially for human motion modeling, e.g., Back
Constrained GPLVM (BC-GPLVM) [17], Gaussian Process
Dynamic Model (GPDM) [18] and Balanced GPDM (BGPDM) [19]. BC-GPLVM smoothes the trajectory of original
GPLVM in the latent space by introducing a smooth mapping
from the data space to the latent space. GPDM and B-GPDM
incorporate a temporal dynamical model in the latent space to
smooth and regularize motion trajectories. Moreover, a multifactor GP-based human motion model was proposed in [40]
where multiple independent factors (i.e. identity, gait and state
of motion) which are defined in different latent spaces are
incorporated for complex motion modeling. Generally, these
GPLVMs involve a pose manifold in the latent space.
C. Hybrid Algorithms
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where p(α ) and p(β ) are prior models for hyperparameters.
Although the LL-GPDM can preserve the local topology of the
high-dimensional motion data in the low-dimensional latent
space, there is no explicit variable to control different motion
styles for each activity. The pose manifolds from “walking”
and “running” are distributed along the cylindrical manifold.
It is conceivable that an additional topology prior to order
these pose manifolds may be helpful to reveal the underly
data structure across all walking/running cycles.

Fig. 1. Taxonomy of manifold learning-based human motion modeling.

C. Joint Gait-Pose Manifold (JGPM)
III. P RELIMINARY
Given high dimensional observations, the key issue of human motion modeling is how to represent the high dimensional
data by a general and compact low dimensional manifold. In
this section, we introduce the preliminary background of our
research, including GPLVM, GPDM, LL-GPDM and JGPM.
A. GPLVM and GPDM
We first review GPLVM and GPDM briefly, and the details
of them can be referred in [16] [18]. The GPLVM represents
input data Y with a latent sapce X, and learns a lowdimensional to high-dimensional Gaussian process mapping.
Let Y = [y1 , ..., yN ]T (yi ∈ RD ) represent the data in which each
row is a single training datum and X = [x1 , ..., xN ]T (xi ∈ Rd )
are corresponding latent points. GPLVM involves a likelihood
function of the data given latent positions
(
)
1
1 ( −1 T )
p(Y|X, β ) = √
, (1)
exp − tr K YY
2
(2π )ND |K|
where K is a N × N covariance matrix whose entries are
defined by the kernel function, K(i, j) = k(xi , x j ). β denotes
the kernel hyperparameters. GPLVM is learned by maximizing
the likelihood in (1).
Considering the sequential nature of human motion data,
GPDM [18] augments GPLVM by a Gaussian Process (GP)based latent dynamical model p(X|α ) defined as
(
)
)
p(x1 )
1 (
T
p(X|α ) =
exp − tr K−1
X
X
,
(2)
2:N
2:N
X
Z1
2
where Z1 is a normalization factor, X2:N = [x2 , ..., xN ]T , and
KX is the (N − 1) × (N − 1) kernel matrix constructed from
X1:N−1 = [x1 , ..., xN−1 ]T and α is the kernel hyperparameters.
It is worth noting that in both GPLVM and GPDM, there
exist K−1 which limits to the algorithm’s scalability due to the
fact that the computational complexity of K−1 grows cubically
with the number of training data.
B. LL-GPDM
To model different motion activities (“walking” and “runing”) in the same latent space, LL-GPDM [20] incorporates
a LLE energy function p(X|W) in GPDM to encourage a
cylinder-shaped latent structure. W is a weight matrix derived
from the LLE. Then, learning LL-GPDM was to maximize the
posterior, where p(X|W) was involved as a topology prior:
p(X, α , β |Y, W) ∝ p(Y|X, β )p(X|α )p(α )p(β )p(X|W), (3)

JGPM was proposed in [22] where a toroidal manifold prior
is used to unify the pose and gait manifolds in the same latent
space. Fig. 2 (a) shows a learned JGPM, where a horizonal
and a vertical circular shapes represent a pose-specific gait
manifold and a gait-specific pose manifold respectively. In the
polar coordinate system, a toroidal structure can be parameterized by four variables p, g ∈ [0, 2π ) and R, r, which represent
two angular variables pose and gait, as well as two radii of
the horizontal (gait manifold) and vertical (pose manifold)
circles. Initialized as an ideal torus, the JGPM learning is
to optimize p, g, R, r by maximizing the posterior probability
similar to the one defined in (3) where a toroidal topology is
incorporated. Different with LL-GPDM [20], JGPM defines
its unique topology constraint p(X|W) to guide the latent
structure resemble a torus,
p(X|W) ∝ exp{−

1 N
∑ ∥Ti − ∑ wi j T j ∥2 },
σ 2 i=1
j∈ηi

(4)

where Ti represents the coordinate of the ith latent point, ηi is
the collection of all neighbors for the ith latent point, wi j is an
element of the weight matrix W, and σ represents a scaling
term.

(a)

(b)

Fig. 2. (a) The illustration of a trained JGPM in the 3D latent space. Each blue
point represents one training sample. (b) The comparison of pose manifold
radii and the corresponding gait dynamic variation.

One may doubt the validity of the toroidal manifold prior
for learning JGPM. Although the circular ordered nature of the
pose manifold is easy to understand, that of the gait manifold
is rather heuristic and driven by a few practical considerations.
First, all human gaits are alike with, and a closed gait manifold
is more plausible than an open one which implies some very
dissimilar gaits. Second, a closed structure is preferred to
provide a uniform neighborhood distribution and a continuous
latent space which facilitate the learning and inference process.
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Third, the circular structure is a heuristic simplification that
eases the learning and inference with the least number of freeparameters. Particularly, a “shortest-closed-path” technique
was proposed in [22] to order all training gaits according their
pair-wise similarities, leading to a smooth gait manifold where
the similar gaits are clustered together while the dissimilar
ones are separated. In summary, JGPM balances the toroidal
manifold prior and the intrinsic data structure, leading to a
physically meaningful latent space as shown in Fig. 2 (a),
where the manifold deviates from the ideal toroidal structure
after learning. To further reflect its capability of reflecting the
inherent data structure, Fig. 2 (b) compares the radii of all the
pose manifolds with the dynamic variation of each individual
gait along the gait manifold. It is observed that the radii of
pose manifolds are highly related to the dynamic variation of
corresponding gaits and they also show a smooth transition
and the expected clustering effect along the gait manifold. In
this work, we will compare the closed “toroidal” structure with
an open “cylindrical” structure in multi-layer JGPM.
IV. M ULTI - LAYER JGPM S
A. Motivation
Fig. 3 shows a latent space with two circular-shaped concentric manifolds learned by GPLVM from a dataset of two
rotated hand-written digit series with different sizes. This
example shows a simple two-layer structure in the latent space,
which inspires us to introduce a multi-layer manifold structure
for human motion modeling. It is easy to view Fig. 3 from the
perspective of Principal Component Analysis (PCA). The two
image subsets that have the same rotated digits at two different
scales should have similar eigenvectors used to span the low
dimensional space. The radius of the circular-shaped manifold
is represented by the magnitude of the data projection on the
first two eigenvectors, and it is proportional to the standard
deviation of the high dimensional data. In this work, we will

Fig. 3. Two approximately circular manifold of the rotated digits dataset are
learned by GPLVM in a 2D latent space. The inner and outer circular structure
(green and red) represent the smaller and larger rotated digits, respectively.

explore this multi-layer manifold learning idea in the context
of complex human gait modeling, where our objective is to
enhance the representativeness and diversity of the motion
model.
B. Training Data Diversification
Intuitively, including more diverse walking styles as the
training data is helpful to enhance the flexibility of general
motion modeling. However, it may not be practical to collect
a large motion dataset from many subjects, and it would be
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practically useful if we can generate more simulated motion
data from a limited training set. Given a set of body joints
defined by a skeleton model, human motion data are usually
represented by the 3D positions or 3D Euler angles at each
joint. Especially, the latter representation can directly reflect
the motion range of each body segment during a gait. Inspired
by some biomechanics evidences [24]–[27], it is intriguing to
use multiple scaling factors to diversify the training data by
adjusting the standard deviation while maintaining the mean
of Euler angles at each joint, by which a multi-layer manifold
could be learned to represent a variety of walking styles with
diverse motion ranges.
One major assumption behind this motion scaling idea is
that a new gait can be approximated by a training gait by
scaling the dynamic range of Euler angles at each joint.
Although this assumption is worth further scrutiny (see Section
VI-E), we will take this idea to diversify the original training
(k)
data in order to learn a more flexible motion model. Let yu,v
represents a 3D Euler angle vector including three rotations,
i.e., pitch, yaw and roll, where u, v denote uth pose in vth gait
sequence and k is the bone joint index. The new simulated
(k)
motion data yu′ ,v′ is generated by
(k)

yu′ ,v′ =

( (k) 1 n (k) )
1 n (k)
yu,v + s · yu,v − ∑ yu,v ,
∑
n u=1
n u=1

(5)

where n is the number of poses in a gait sequence and s is the
scaling factor. In practice, it was found that a scaling factor
between (0.3-1.5) can lead to a realistic looking gait. Fig. 4
(top three rows) shows two motion scaling examples, where
two scalars, 1.25 and 0.5, are used to create two scaled gait
sequences, and the corresponding 2D latent spaces generated
by Back Constraint GPLVM [17] and PCA are shown in Fig.
4 (a) and (b). The two latent spaces reveal some interesting
relationship between the motion ranges and the radii of pose
manifolds, i.e., a wider motion range results in a larger radius
of the learned pose manifold, vice versa. As shown by latter
experiments, this simple yet effective way can multiply a
limited training dataset with more diversity and variability.
C. Multi-layer (Toroidal and Cylindrical) Structures
While the toroidal and cylindrical structures are two heuristic designed prior, they are simple yet physically meaningful, and helpful to organize the latent space, which makes
the inference more accurate. Correspondingly, we introduce
a three-layer toroidal and a three-layer cylindrical structure
as shown in Fig. 5 (a) and (b) as new topology priors to
initialize the multi-layer JGPMs. The outer layer represents
the motion data which have a larger range (e.g. scalar 1.25);
those with a smaller range (e.g. scalar 0.4) are embedded into
the inner layer; the middle layer represents the original motion
data. Hence, every initial point indexed by (p, g, s) on the
toroidal structure can be uniquely defined by a 3D coordinate
(p,g,s) (p,g,s) (p,g,s) T
[tx
,ty
,tz
] as
(p,g,s)

= (R + r(s) cos(α )) cos(β ),

(p,g,s)

= (R + r(s) cos(α )) sin(β ),

tx
ty

(p,g,s)
tz

= r

(s)

sin(α ),

(6)
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Fig. 4. Illustration of the scaled motion and two latent spaces generated by
GPLVM with back constraint and PCA respectively.

where p, g, s are the indexes of pose, gait and scale; α and
β are two angular values corresponding pose p of gait g.
R and r(s) (s = 1, 2, 3) are the radii of one horizontal (along
the gait manifold) and three vertical circles (along three
pose manifolds). In cylindrical structure, the gait manifold is
an open-loop line structure. Similarly, every initial point is
(p,g,s) (p,g,s) (p,g,s) T
defined by a 3D coordinate [tx
,ty
,tz
] as
(p,g,s)

= r(s) cos(α ),

(p,g,s)

= δ · g,

tx
ty

(p,g,s)
tz

= r

(s)

(7)

sin(α ),
(p,g,s)

Different with toroidal structure, the coordinate ty
is represented by δ (the interval of two adjacent gaits) multiplying
the index of gait g. Empirically, the interval is defined as
0.5 for example considering the radius of middle layer circle
is 1. For the convenience in the subsequent section, without
special statement, we will not show the equations of cylindrical
structure version separately due to its similarity with the
toroidal structure version.
This three-layer structure will be used to initialize the multilayer JGPM. The gait topology of each layer (the ordering
relationship of all training gaits, i.e., g variable) is computed
by classical traveling salesman problem in the close-loop
toroidal structure or by shortest path problem in the open-loop
cylindrical structure, respectively. We re-order the training gait
according to the gait topology to make sure similar training
gaits are close to each other, vice versa.
One thing worthy discussing is the comparison of toroidal
and cylindrical structure, both of which capture the essential
variables for the human motion modeling, i.e., pose and gait.
The differences between the two latent structures are the
pattern of gait variable. Toroidal structure utilities a closeloop structure considering the intrinsic similarity among all
human gaits, that is none of two gaits are extremely different.

Fig. 5. (a) A three-layer torodial structure as a topology prior. (b) A threelayer torodial structure as a topology prior.

On the other hand, the structure prior of gait manifold could
not be limited to closed-loop. We further test the open-loop
cylindrical structure and its corresponding cylindrical JGPM.
Observed from our experimental results in Section VI, the
toroidal JGPM achieves slightly better performance than the
cylindrical JGPM. The main reason could be the absence of
training gaits and the limited neighborhood configuration at the
two ends of the cylindrical structure, which have some effects
on the model learning. On the contrary, the toroidal structure
does not confront the two limitations above due to its closeloop property. Additionally, the toroidal structure could be
more suitable for the video-based motion estimation through
sampling in the trained latent space.
D. LLE-based Topology Constraints
After constructing the multi-layer structures, we need to
incorporate these specific topology priors into a GPLVMbased learning framework. It is worth mentioning first that
the topology constraints method is suitable for both toroidal
and cylindrical structure. Different from the original LLE
method, where the local neighborhood relationship of input
data was preserved in the manifold, our aim is to maintain the
neighborhood of a specific latent structure so that the learned
manifold could resemble our topology prior. Therefore, instead
of finding the K nearest neighbors in the data, we first define
a set of adjacent points {x j } j∈ηi for each point xi , where ηi
is the collection of all neighbors for the ith point. To preserve both the topological structure within a layer and across
layers, ηi should include some within-layer and cross-layer
(i)
(i)
neighbors. Specifically, for a given point xi , ηi = {ϕ1···m , ψ1···n }
which store the indexes of m within-layer and n cross-layer
neighbors. The basic principle of neighbor selection is that we
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expect to have a stronger within-layer constraint than the crosslayer one, i.e., m > n. Fig. 6 shows an example of neighbors
collection for one reference point. The neighborhood definition
largely determines the balance between the topology prior
and the data-driven term during learning. A strong topology
constraint will reduce the effect from the data, making motion
representation inaccurate, while a weak constraint will lead to
a poorly organized latent structure which is less manageable
and flexible for motion synthesis.

V. T OPOLOGY- AWARE L OCAL L EARNING
Traditional GPLVM-based learning algorithms struggle to
learn a model from a large-scale dataset, because the computation complexity grows cubically with the number of training
samples. Here we seek to a fast and effective GPLVMbased local learning algorithm for the diversified training data,
which is termed as Topology-aware Local Learning. This
Topology-aware Local Learning is general to various topology
structures, including toroidal and cylindrical structure.
A. Neighborhood-based Local Learning
GPLVM is learned by maximizing the likelihood in (1),
which is equivalent to minimize the negative log likelihood

Fig. 6. Neighborhood configurations in the topology constraint for a reference
point (red cross) on (a) inner layer (b) middle layer (c) outer layer. Different
colors mean the neighbors are from different layers.

In LLE, the definition of covariance C jk = (yi − y j )T (yi −
yk ) with j, k ∈ ηi is used to compute the wight matrix W
in high dimensional space. To reflect the prior knowledge,
i.e., the multi-layer toroidal/cylindrical topology, we specify a
unique covariance matrix for each latent dimension using the
coordinates of latent points in (6):
( (p ,g ,s ) (p ,g ,s ) )T ( (pi ,gi ,si ) (pk ,gk ,sk ) )
,
Cxjk = tx i i i − tx j j j
tx
− tx
( (pi ,gi ,si ) (p j ,g j ,s j ) )T ( (pi ,gi ,si ) (pk ,gk ,sk ) )
y
C jk = ty
− ty
ty
− ty
, (8)
( (pi ,gi ,si ) (p j ,g j ,s j ) )T ( (pi ,gi ,si ) (pk ,gk ,sk ) )
z
C jk = tz
− tz
tz
− tz
,
where j, k ∈ ηi . (pi , gi , si ), (p j , g j , s j ), and (pk , gk , sk ) are
indexes of xi , x j and xk , respectively, from which we can
find the 3D coordinates of three points according to (6). To
(τ )
compute wi in each dimension, i.e., {wi |τ ∈ (x, y, z)}, we
solve the following equations:

∑ Cxjk wxj

= 1,

∑ Cyjk wyj

= 1,

∑ Czjk wzj

= 1,

k

(9)

k
k

where Cxjk ,Cyjk ,Czjk are defined in (8), and then normalize the
weight vector. Given the whole weight matrix W, which is
(τ )
comprised by wi , where i = 1, ..., N and τ ∈ (x, y, z), the LLE
energy function p(X|W) is defined as
p(X|W) ∝

∏

τ ∈(x,y,z)
(τ )

exp{−

1 N (τ )
(τ ) (τ )
∑ ∥xi − ∑ wi j x j ∥2 }, (10)
σ 2 i=1
j∈ηi

where xi represents a coordinate of xi along dimension τ ,
(τ )
(τ )
wi j is an element of wi and σ represents a scaling term.
Using the energy function above, we can incorporate the
topology constraint into the LL-GPDM learning framework
defined in (3) to encourage the manifold to resemble the
topological prior.

L = −lnp(Y|X, β )
)
DN
1 (
D
=−
ln(2π ) − ln|K| − tr K−1 YYT , (11)
2
2
2
To minimize L , the gradient of L with respect to X is
computed as
(
) ∂K
∂L
∂L ∂K
=
·
= − K−1 YYT K−1 − DK−1 ·
, (12)
∂X
∂K ∂X
∂X
where K is the N × N kernel matrix, where N is the number of
training data. The computation complexity of K−1 is O(N 3 ),
which considerably limits the application of GPLVM for largescale training dataset. The main idea of existing sparsification
techniques [41]–[44] is to reduce the dimensionality of the
kernel matrix K. Inspired by [28], where a stochastic gradient
descent algorithm for the GPLVM was proposed, we develop a
similar strategy to iteratively approximate the gradient by using a small number of local samples, which supports efficient
multi-layer JGPM learning.
Compared with the standard GPLVM algorithm, where all
the training samples are taken into account at the same time
to compute the gradient, our local learning algorithm involves
only a small number of training examples at one time to
approximate the gradient locally. First, a reference point xl
is selected randomly and a neighborhood XL centered at xl is
defined. Then, all the points in the neighborhood XL are used
to compute the local gradient for updating the latent variable
X locally and the kernel parameters. The local gradient can
be represented only by the points within the neighborhood
(
) ∂ KL
∂L
T −1
−1
= − K−1
·
,
(13)
L YL YL KL − DKL
∂ XL
∂ XL
where KL is the kernel matrix for XL , YL is the corresponding
motion data in the neighborhood and D is the dimensionality
of motion data. Because the dimensionality of KL is small, the
computation cost is rather low. Different with [28], there are
two special treatments for the local learning in this work. The
first one is the integration of our multi-layer topology into the
GPLVM-based learning framework, and the other is topologybased neighborhood selection (to be discussed in details in
Section V-B). To incorporate the topology constraints, we use
p(XL |WL ) from the LLE energy function in (10) to express
the local topology constraint, where WL is the corresponding
weight matrix of latent points within the neighborhood. Every
time we randomly choose a latent point as the reference point
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and repeat the above local gradient operation to optimize one
patch of the model with respect to the maximum a posteriori
probability (MAP). The posteriori probability is defined as

manifold structure complies with the topological prior. Fig.
7 exhibits that for a exemplificative point (in red cross) in
the middle layer, neighbors (in green, magenta and cyan)
with different pose/gait/scaling indexes are included in its
p(XL , α , β |YL , WL ) ∝ p(YL |XL , β )p(XL |α )p(α )p(β )p(XL |WL ). neighborhood. This reveals that both the within-layer and
(14) cross-layer constraints are involved during the topology-aware
In each iteration, the computational complexity is O(M 3 ) local learning.
for the local learning process, compared with O(N 3 ) for the
original full learning, where M (the number of local neighbors)
VI. E XPERIMENTAL R ESULTS
is far less than N (the number of training data). After sufficient
A comparative study between JGPM and other GPLVMiterations, all the latent points may have been updated many
based
models was provide in [10]. In this section, we evaluate
times and the multi-layer JGPM is optimized. Next, we will
the
proposed
multi-layer JGPM by comparing it with the origfurther discuss our treatment for the neighborhood selection.
inal JGPM [22] and LL-GPDM [20] in terms of three aspects,
i.e., latent space illustration, quantitative model validation and
B. Topology-based Neighbor Selection
qualitative motion synthesis.
In [28], a neighborhood selection strategy of subsampling
k neighbors from a larger neighborhood was suggested for
allowing sufficient coverage of the latent space. As pointed by A. Experiment Setting
We chose 20 walking sequences (performed by 16 subjects)
the authors, this method may not maintain the neighborhood
from
the CMU Mocap Library [45] as the original training
configuration. In our case, this subsampling method is not
data,
each of which contains 30 poses downsampled from
suitable as it may interrupt the continuity of latent variables
about
130 frames in one walking cycle. Each pose is composed
and the layered structure in the multi-layer JGPM. Thus we
by
18
joints, including lower/upper back, neck, left/right femur,
have two special considerations for neighborhood selection.
tibia,
foot,
humerus, radius, wrist and thorax, as well as head.
First, both within-layer and cross-layer neighbors are involved
Without
loss
of generality, we consider two scaling factors (0.4
during the learning process rather than learning each layer
and
1.25)
to
triple the size of training data according to the
separately. Second, because of the given toroidal/cylindrical
training
data
diversification
as defined in (5). Then we have 60
structure, we can pre-compute a set of neighbors to have
gaits
(scaled
from
20)
and
each
gait includes 30 frames, that
sufficient coverage of the latent space, meanwhile, to avoid
is
there
are
1800
data
points
in
the
three-layer JGPM. While
the situation that the gradient estimations are too local to
lower
frame
rate,
i.e.,
sparse
training
data, could reduce the
capture the global structure of the latent space. Note that
computational
complexity,
it
may
also
corrupt
the smoothness
this neighborhood selection for the local learning is different
along
each
layer
in
the
latent
space
which
is
important for
with the neighborhood choosing for the LLE-based topology
meaningful
and
realistic
motion
synthesis.
constraint in Sec. IV-D.
For the LLE-based topology constraints, to trade-off between the topology constraint and data-driven effect, we
empirically select 16 neighbors (10 from within-layer and 6
from cross-layer) for a reference point as shown in Fig. 6.
For a point on the middle layer, 3 cross-layer neighbors are
selected from each of the outer and inner layers. For a point
on the outer layer, 6 cross-layer neighbors are from the middle
layer only, while for a point on the inner layer, 6 cross-layer
Fig. 7. Topology-aware neighbor selection for local learning at three locations neighbors are from the middle layer only. In topology-aware
(a, b, c) in the middle layer: a reference point (in red cross) and its neighbors local learning, we empirically select 120 nearest neighbors for
(in green, magenta and cyan).
each reference point.
The size of neighborhood will affect the effectiveness and
efficiency of model learning. If the neighborhood is too
small, the local gradient at each iteration is too localized,
leading to ineffective model learning. On the other hand, if
the neighborhood is too large, the computational complexity
will increase exponentially, resulting in inefficient learning
process. To have a trade-off between a sufficient coverage
in the latent space and a reasonable computational load, we
select no more than 10% of the total training data points
according to the Euclidean distance given the multi-layer
structures to determine the neighborhood for each reference
point. This topology-based neighbor selection will lead to a
topology-aware local learning process that ensures the learned

B. Latent Space Illustration
We compared the multi-layer JGPM with JGPM and LLGPDM by illustrating the volumetric representation of their
latent space in Fig. 8, where the color indicates the prediction confidence (the warmer colors, the higher confidence of
motion reconstruction). LL-GPDM has a cylinder-like latent
structure, but it only represents the pose manifold explicitly and treats the gait variable implicitly. Both JGPM and
multi-layer JGPM achieved a smooth, compact and physically
meaningful latent space that is expected for the human motion
modeling. From the cross-section view, it is obvious that multilayer JGPM has larger high-confidence areas than the other
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Fig. 8. Volumetric visualization of prediction confidence in latent spaces; warmer colors, (i.e., red) depict higher confidence of motion reconstruction. (a)
LL-GPDM (b) JGPM (c) multi-layer JGPM.

C. Quantitative Performance
To verify the advantage of the proposed multi-layer JGPM,
we quantitatively compare it with JGPM and LL-GPDM
in terms of three specific tasks, i.e. motion interpolation,
motion reconstruction and motion filtering, by employing a
model validation technique proposed in [10]. The objective of
interpolation is to synthesize a new motion sequence from
unknown subjects (not from the training subjects), that of
reconstruction is to recover the full-body motion from partialbody motion (some joints are missing), and that of filtering
is to denoise noisy motion data from unknown subjects.
These experiments help us comprehensively understand the
performance of various modeling algorithms.
We first briefly introduce the model validation technique.
More details can be referred in [10]. Given input motion
sequence {u1 , ..., uT }, the goal of model validation is to infer
the optimal latent points {x1 , ..., xT } and the corresponding
high dimensional data {y1 , ..., yT } that provide the best match
for the input motion sequence. It is defined as maximizing the
posterior probability,
p(yt , xt |ut ) ∝ p(ut |yt )p(yt |xt , M GP )p(xt |M GP ),

(15)

where M GP is a specific trained model including its latent
space and low-dimensional to high-dimensional mapping function. The first term p(ut |yt ) in (15) is the likelihood function
that indicates the similarity between the input and estimated
motion data. The second term p(yt |xt , M GP ) represents the
likelihood function associated with the given model M GP .
The third term p(xt |M GP ) is the prior of latent point xt that
reflects the prior knowledge about the learned latent space. For
example, in GPDM, p(xt |M GP ) is defined as a Gaussian model
to predict the next point along the pose manifold. This model
validation process is applied to all the modeling algorithms in
the following experiments.

Interpolation Comparison
80

multi−layer toroidal JGPM
multi−layer cylindrical JGPM
single−layer JGPM
LL−GPDM

70

60

50

Error (mm)

two, implying its more general motion modeling capability.
It is expected that multi-layer JGPM is more flexible and
robust for motion synthesis and pose estimation. Next, we will
evaluate the multi-layer JGPM in terms of motion interpolation, reconstruction and filtering, where both the “toroidal”
and “cylindrical” versions are considered to shed some light
on the selection of the topology prior for manifold learning.

40

30

20
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0
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s=1
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s=0.4

stride

Scaling factor

Fig. 9. Comparison of interpolation results.

1) Motion Interpolation: We chose twenty walking sequences which are different with the training data from the
CMU Mocap Library as our original unknown test data
for motion interpolation. Each test sequence has 30 poses
downsampled from one walking cycle. Then, as defined in
(5), we generated four sets of simulated motion data by
using four scalars 1.25, 0.667, 0.5 and 0.4, which represent
a series of motion ranges. We notice scalars 0.667 and 0.5
are different with those (0.4 and 1.25) used for training data
diversification. In addition, we also acquired two sets of real
long stride sequences from CMU Mocap dataset (Subject
No.7, trail No.11 and Subject No.8, trail No.5). We used a
validation method described in [10], by which new motion
data were interpolated to represent the unknown test data from
a GPLVM-based motion model, and we applied this method
to all models. We computed the averaged 3D joint position
errors (mm) between the estimated motions and ground truth
ones. The interpolation results are illustrated in Fig. 9.
It is shown that the multi-layer JGPMs (toroidal and cylindrical) are more accurate than the original JGPM and LLGPDM to represent the unknown data, especially when the
motion data with larger or smaller scaling factors, which
implies the superior representative capability and flexibility of
multi-layer JGPM. Fig. 10 visualizes the motion interpolation
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Fig. 10. Motion interpolation results, where the red and blue points represent the ground-truth and estimated results respectively.

Fig. 11. Motion interpolation results of the real stride sequences, where the red and blue points represent the ground-truth and estimated results respectively.

results of some simulated test data using stick man, where the
red points represent the ground-truth and the blue points are
the interpolation results. Also, Fig. 11 shows the interpolation
results of real stride motion sequence. Obviously, the multilayer JGPM has better performance.
2) Motion Reconstruction: In this paper, we term motion
reconstruction as a missing data recovering problem. We
studied three reconstruction cases, i.e., missing the left arm
(3 joints), missing the left leg (3 joints) and missing the leftside body (6 joints). We utilized the same test data with motion
interpolation and similar model validation algorithm to recover
the full-body motions (17 joints) from four different learned
models respectively. We then computed the averaged 3D joint
position errors (mm) between the reconstructed motions and
ground truth ones. The reconstruction results are depicted in
Fig. 12. It is still demonstrated that the multi-layer JGPM
(toroidal and cylindrical) provides better performance than the
original JGPM and LL-GPDM to recover the full-body motion
from partial data, especially when the motion data with larger
or smaller scaling factors.
3) Motion Filtering: A better motion model should provide
better noise filtering results. In this experiment, we utilized
the same unknown test data as we used in the previous
experiments to compare the filtering performance of all motion
models. For each scaled dataset and stride motion, three
noisy motion datasets were generated by adding additive white
Gaussian noise (AWGN) at three levels (5%, 10% and 15%)
with respect to the standard deviation of each joint angle. The

filtering process was repeated by five times using five sets of
random noise and then we obtained the mean errors for each
noise level. Fig.13 shows that the multi-layer JGPM (toroidal
and cylindrical) is more accurate (less errors) and robust (less
standard deviations) than JGPM to filter the unknown motion
data in all three noise level as well as all the motion ranges. It
is interesting to find that not only for the scaled and real stride
motion sequences, but also for the original unscaled motion
data (s = 1), the proposed multi-layer JGPM demonstrate
significant advantages.
D. Motion Synthesis via Latent Space Sampling
To further evaluate the multi-layer JGPM and original
JGPM models, we can sample their latent spaces along certain
trajectory and visualize the reconstructed motion data accordingly. In this experiment, we used three sampling trajectories,
i.e., a horizonal straight line, a large circular spiral outside and
a small circular spiral inside, as shown in Fig. 14. For the first
trajectory, we expect there should be a gradual motion range
increase under the same pose. For the latter two trajectories,
we expect to see two walking sequences with two extreme
motion ranges. As shown in Fig. 14, the original JGPM offer
limited capability to synthesize humanoid walking motion
with different styles, especially very large or small motion
ranges. The distortion becomes more severe when samples
are away from the learned manifold structure. Compared with
JGPM, the multi-layer JGPM has great flexibility to synthesize
humanoid walking motion with various styles.
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Fig. 12. Missing body part interpolation results using multi-layer JGPM (toroidal and cylindrical), the original JGPM and LL-GPDM.
Filtering Comparison (Noise 10%)
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Fig. 13. Noisy subjects filtering results using multi-layer JGPM (toroidal and cylindrical), the original JGPM and LL-GPDM.

E. More Discussion
This work mainly focuses on human gait motion that
embraces a variety of walking styles. There are two main
issues that guide our future research. First, our proposed model
is limited to motions that share some similar pattern that is
important to learn a smooth and useful manifold. Second, we
assume the full body motion dynamics could be simply scaled
by one scalar, which may lead to some systematic error. The
first limitation could be mitigated by constructing a hierarchical model [46], where our proposed multi-layer JGPM is
learned on many different motion types and connected through
a multi-level latent model. For the second one, there are other
methods to synthesize new training samples. For example, the
physics-based approaches which formulate the musculoskeletal system as a kinematic model [47], [48] and the software
OpenSim [49] have been used to create and analyze dynamic
simulations of various movements. Data-driven methods can
also be used to synthesize new motions, like [50], where the
first four principle components of 1400 walking poses were
linearly combined to generate new motions. However, two new
problems remain. First, finding a physically meaningful low
dimensional structure to reflect the inherent kinematic nature
of enriched training data is still challenging. Second, due
to the linear assumption in [50], synthesized motions cannot
represent complex motion styles, such as those with large or
small strides. To further speed up the learning, some other
sparsification methods [41]–[44] designed for lager datasets
or incremental/sequential learning [51] could be integrated
with our topology-aware local learning algorithm. Also, the
proposed multi-layer JGPM could be generalized for more
complex motions via a hierarchical model [46].

VII. CONCLUSIONS
In this paper, we have proposed multi-layer joint gait-pose
manifolds (JGPM) in order to enhance the representability
and the flexibility of the human motion model. There are two
key techniques to make the multi-layer JGPMs computational
feasible, i.e., training data diversification and topology-aware
local learning. The first technique is simple yet effective to
generate a rich set of simulated training motion with different
walking styles, which allows us to learn a more powerful
model without increasing the size of the original training data.
This data multiplication technique naturally supports a multilayer toroidal/cylindrical structure as the topological prior for
manifold learning. The second technique was inspired by
the stochastic gradient descent algorithm with some special
considerations on the topological prior to ensure that model
learning can be implemented efficiently and effectively on a
larger training dataset. We demonstrate the effectiveness of
our approach by synthesizing the high-quality motions from
the multi-layer model without post-processing.
Two versions of multi-layer JGPMs are considered and
developed to show the effect of different topological priors.
The experimental results show that the multi-layer JGPMs
outperforms other GPLVM models in terms of motion interpolation, reconstruction and filtering. It is interesting to find
the “toroidal” one is slightly better than the “cylindrical” one,
which coincides with our initial expectation of the preferred
manifold structure. Although our modeling method is mainly
designed for the gait, the multi-layer latent structure as well
as the two key techniques are general and could potentially
apply to other human motion types or other dataset, like face
expression and handwriting.
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Fig. 14. Motion synthesis results by sampling JGPM (left) and multi-layer
JGPM (right).
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