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Towards Complete-View and High-Level
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Abstract—The model-based gait recognition methods usually
adopt the pedestrian walking postures to identify human be-
ings. However, existing methods did not explicitly resolve the
large intra-class variance of human pose due to camera views
changing. In this paper, we propose to generate multi-view pose
sequences for each single-view pose sample by learning full-rank
transformation matrices via lower-upper generative adversarial
network (LUGAN). By the prior of camera imaging, we derive
that the spatial coordinates between cross-view poses satisfy a
linear transformation of a full-rank matrix, thereby, this paper
employs the adversarial training to learn transformation matrices
from the source pose and target views to obtain the target pose
sequences. To this end, we implement a generator composed of
graph convolutional (GCN) layers, fully connected (FC) layers
and two-branch convolutional (CNN) layers: GCN layers and
FC layers encode the source pose sequence and target view, then
CNN branches learn a lower triangular matrix and an upper
triangular matrix, respectively, finally they are multiplied to
formulate the full-rank transformation matrix. For the purpose of
adversarial training, we further devise a condition discriminator
that distinguishes whether the pose sequence is true or generated.
To enable the high-level correlation learning, we propose a plug-
and-play module, named multi-scale hypergraph convolution
(HGC), to replace the spatial graph convolutional layer in
baseline, which could simultaneously model the joint-level, part-
level and body-level correlations. Extensive experiments on two
large gait recognition datasets, i.e., CASIA-B and OUMVLP-
Pose, demonstrate that our method outperforms the baseline
model and existing pose-based methods by a large margin.

Index Terms—Gait Recognition, Adversarial Training, Hyper-
graph Convolution.

I. INTRODUCTION

N contrast to some biometric features such as fingerprint

and palmprint, gait of human beings could be obtained in a
non-contact way, and thus shows the great potential in security
surveillance and public safety. Gait recognition [[11], [2], [3I],
which aims to identify human beings by their continuous walk-
ing patterns, has recently received extensive attention from the
computer vision community. Existing gait recognition meth-
ods can be categorized as the silhouette-based methods and
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Fig. 1. Column 1 and column 3: the cross-view intra-class variance is much
larger than inter-class variance under the same view. Column 1 and column
2: this paper proposes to generate multi-view pose sequences for each single-
view pose sample via the learning-based linear transformation matrices @, so
that each sample could contain complete-view pose sequences.

model-based methods. The former mainly extract the temporal
features from binary silhouettes by handcrafted extractor [4],
[S] or deep convolutional neural network (CNN) [6], [71, 8,
[O. While the latter first reconstruct human body shape [[10]
or geometrical structure [2], [1], [11]], [12] via a shape or pose
estimator, then learn features from the reconstructed shape
or pose. Compared with the silhouette-based methods, the
advantage of model-based ones is that they are not sensitive
to the illumination and dressing changes.

Among the model-based gait recognition algorithms, the
human walking pose, depicted by the motion of skeleton joints,
is the most widely-used reconstruction data. Considering that
estimating 3D human pose from a single image is an ill-posed
problem, existing pose-based or skeleton-based methods [1]],
[L3], [11] mainly learn gait features from 2D pose. Due
to the natural graph structure of pose joints, the graph-
based methods have become the mainstream technology. For
example, GaitGraph [1] proposed a strong baseline based on
ResGCN [14], which mainly composed of the spatial graph
convolutional and temporal convolutional blocks. However, the
2D pose would suffer a large intra-class variance when the
camera view changes, even though the cross-view intra-class
variance would be much larger than the inter-class variance
under the same view as shown in Fig.

For silhouette-based gait recognition, to reduce the cross-
view variance, existing methods [15], [[16] usually employ the
generative adversarial network (GAN) to generate multi-view
silhouettes for each single-view silhouette. This is achieved
by the adversarial training of the silhouette generator and sil-
houette discriminator. However, limited by the representation
power of graph generator and GAN model, it is very difficult
to generate high-quality temporal pose graph, especially for



modeling the large swings of the hands and feet during con-
tinuous walking. To tackle this problem, this paper proposes
a geometry-based multi-view pose generation pipeline, which
fully exploits the spatial geometric relationship between cross-
view poses. According to the principle of camera imaging, we
find and derive that the 2D coordinates of cross-view pose
graphs satisfy a linear transformation @ € R3*3. Concretely,
for pose graph G<*> and G<P> corresponding to view o
and f3, there exists a full-rank matrix Q<*#> such that
G<B> = Q<a~>ﬁ>G<a>.

Therefore, this paper aims to learn a linear transformation
matrix Q<*75> from the given source pose sequence G'<*>
and target view (3. To this end, we implement a lower-upper
generator (LUGAN) consisting of graph convolution (GCN)
layers, fully connected (FC) layers and CNN layers: the GCN
layers and FC layers first encode the source graph and target
view, and the two-branch CNN layers respectively learn a
lower triangular matrix Q¥ and an upper triangular matrix
QU from the encoded features, finally the full-rank matrix
Q<*78> is formulated by multiplying QU and Q*. This is
inspired by the principle that LU decomposition is possible
only for full-rank matrices. To train the generator, we devise
a condition discriminator for the adversarial training. When
training the generator, we hope the pose sequence transformed
by () can be recognized as the true target pose by the
discriminator under the condition of the source pose and target
view. When training the discriminator, it classifies the target
pose and transformed pose as true and fake, respectively.

In addition to neglecting the cross-view variance, another
shortcoming of existing methods is that they only learn
the joint-level correlation and thus fail to model high-level
correlations of human body. To resolve this, we propose
a differential hypergraph convolution module to replace the
GCN layer of baseline model. Specifically, we devise a 3-
order hypergraph convolution to separately model the joint-
level, part-level and body-level correlations, where hyperedge
in the higher order hypergraph connects more nodes. This
hypergraph convolution is integrated as a differential plug-
and-play module in framework to learn gait features from the
complete-view human pose.

To learn the gait feature from the source pose sequence
and generated sequences, this paper proposes an architecture
as shown in Fig. [2] which is composed of two branches: a
separate branch to learn the source pose feature, and a multi-
head branch to learn the generated pose feature. Finally we
concatenate them together as the final gait representation. We
test our method on two gait recognition datasets, i.e., CASIA-
B [17] and OUMVLP-Pose [18]]. The experimental results
demonstrate that our method outperforms the baseline model
and other existing model-based gait recognition model by a
large margin. For example, on CL#1-2, a subset of CASIA-B,
the recognition accuracy improves from 65.7% to 75.4% after
introducing the multi-view pose generation and hypergraph
convolution. The main contributions of this paper are three-
fold:

o To reduce the cross-view gait variance, we propose

a geometry-based multi-view pose generation pipeline
named LUGAN, where the generator learns a full-rank

transformation matrix from the source pose sequence
and target view, meanwhile, a condition discriminator is
implemented to perform the adversarial training;

o To learn the high-level human body correlations, we
propose a multi-scale hypergraph convolution module to
replace the graph convolution layer, where the part-level
and body-level correlations are modeling by hyperedge
connecting multiple nodes;

o The experimental results verify the validity and general-
ization of the multi-view pose generation and hypergraph
convolution module, in which the former could gain a
higher improvement.

The remainder of this paper is organized as follows:
Section [[I| introduces recent studies related with this paper;
Section [III| elaborates the methodologies; Section [[V| presents
the experiments and visualizations; Section draws brief
conclusions.

II. RELATED WORKS
A. Silhouette-based Gait Recognition

The silhouette-based gait recognition methods learn the
human body features from the binary silhouettes using CNN.
To capture the temporal clues from the gait silhouettes, both
the 3D CNN [6], [19], [8] and 2D CNN [20], [7] have
been employed as the backbone for feature extraction. For
the 3D CNN, MT3D [6] proposed a multi-scale 3D network
to extract both the small and large temporal scale features;
GLConv [[19] developed the local and global 3D convolutional
layers to obtain the local details and global information;
3DLocal [8] integrated a universal module named 3D local
operations into the backbone to learn the fin-gained feature
of each part. For the 2D CNN, a crucial step is the temporal
aggregation from the feature sequence to the silhouette repre-
sentation: CSTL [20] proposed an attention-based multi-scale
aggregation with fully considering the context information;
ACL [7] combined the long short-term memory (LSTM) [21]]
and attention mechanism to aggregate the silhouette features,
moreover, it utilized an angle center loss to reduce the cross-
view variance. Meanwhile, a lot of studies [22], [15], [16] have
explored to reduce the silhouette difference under different
views via generative models: GaitGAN [22] proposed a GAN
model containing two discriminators to generate invariant gait
images; MGAN [15] integrated CycleGAN [23] and Star-
GAN [24] to generate multi-view silhouette images for each
sample; MvGGAN [16] implemented a multi-task generative
adversarial network to extract more features from multi-view
gait sequences. While in this paper, we employ the adversarial
training for multi-view pose generation to reduce the intra-
class variance.

B. Model-based Gait Recognition

The model-based gait recognition methods first use a shape
or pose detector to estimate the human body shape or skeleton
structure, then identify human beings from the 3D human
shape [10], [25] and skeleton pose. For the 3D shape, Tang
et al. [10] obtained the human body shape deformation via
Laplacian deformation energy function and then utilized a gait



partial similarity matching method for gait recognition; Zhao
et al. [25] constructed the 3D human model and achieved the
motion tracking via a local optimization algorithm.

Compared to the 3D shape-based methods, the pose-based
ones have attracted more attention, and they can be categorized
as traditional algorithm-based, CNN-based and GCN-based.
For the first category, Choi et al. [2] proposed a two-stage lin-
ear matching method for frame-level skeleton matching, where
the body symmetry is utilized as the measurement of the skele-
ton quality; LGSD [13]] proposed multiple local descriptors to
represent the graphical skeleton, including the position local
pattern, angle local pattern and so on, and learned the skeleton
features via a pairwise similarity network. For the CNN-based
methods, PoseGait [11] estimated the 3D pose from the 2D
pose and learned the 3D pose feature via deep CNN; An et
al. [18] built a large-scale skeleton-based gait database named
OUMVLP-Pose and presented a CNN-based baseline. And for
the GCN-based ones, GaitGraph [1]] presented another GCN-
based pipeline to learn the gait features from the 2D pose,
which is adopted as the baseline of this paper; JointsGait [26]]
took advantage of the graph convolutional network and joints
relationship pyramid mapping layer to extract spatio-temporal
gait features. However, existing skeleton-based methods did
not explicitly deal with the large cross-view variance, and our
method could achieve the complete-view gait recognition by
multi-view pose generation.

C. Graph Convolutional Network

Generally, the graph convolutional network [27], [28], [29]]
refers to the spectral-based graph neural network, which
enables the graph representation learning via the graph fil-
tering in the spectral domain. The earliest graph convolutional
model [28] directly learned a graph filter via back propagation
algorithm; then the ChebyNet [29] proposed to approximate
the graph filter via Chebyshev inequality to reduce the filter
parameters; GCN [27] achieved the layer-wise graph convo-
lutional structure to alleviate overfitting and increase non-
linearity. Meanwhile, a great number of GCN variants have
been proposed to adapt to different tasks. For instance, the
hypergraph convolution models [30], [31] were raised for high-
level correlation learning, in which a hyperedge in hypergraph
can connect any number of nodes.

In recent years, the graph convolutional network has shown
its privilege in pedestrian recognition [32], [33]], [34] and
skeleton feature learning [35], [36]. For the pedestrian recog-
nition, ST-GCN [32] employed the GCN model to learn the
part-level correlations for video-based person re-identification
(RelD); MGH [333] achieved the multi-granular feature learn-
ing via hypergraph convolution model; AAGCN [34] utilized
the low-pass filtering property of GCN to smooth the intra-
class embeddings, which learned the intra-class adjacency via
metric learning and non-linear mapping. For the skeleton fea-
ture learning, STGCN [35] first applied GCN in the skeleton-
based action recognition, which constructed the edge between
spatial and temporal adjacent nodes; inspired by shift CNN,
ShiftGCN [36] proposed an efficient GCN model for skeleton-
based action recognition, which gained comparable results
with less learning-based parameters.

D. Generative Adversarial Network

The generative adversarial network [37] is an excellent
generative model, which learns the distribution of real data
via adversarial training. It was first proposed by Goodfellow
et al. [37], in which a generator and a discriminator play
a minmax game to promote each other. A large number of
variants have been proposed to improve the initial GAN. For
example, WGAN [38] employed the Wasserstein divergence
to measure the distance between the distribution of real
data and that of generated data; Conditional GAN [39]], [40]
enabled the generator to generate samples corresponding to a
specific label; CycleGAN [23] achieved the pixel-level image
translation via a cycle consistency loss.

In pedestrian recognition areas, the GAN models are widely
used in image generation for the purpose of smaller intra-
class variance. For example, PN-GAN [41]] proposed a deep
person image generation model for image-based RelD, which
generated eight canonical pose images for each pedestrian. In
the infrared-visible person ReID, GAN models could reduce
the variance between the infrared domain and visible domain:
cmGAN [42] devised a cutting-edge generative adversarial
training strategy to train the cross-modality image generative
network; cmPIG [43] combined CycleGAN [23]] to generate
the paired-images for cross-modality RelD, so that each pedes-
trian sample contains a infrared image and a visible one.

III. METHODOLOGIES
A. Preliminaries and Overview

Among the model-based gait recognition methods, the hu-
man pose is the most widely-used data to represent the walking
patterns. Specifically, these methods first employ a human
pose detection model, e.g., HRNet [44] or Openpose [45],
to detect pedestrian pose keypoints, and thus learn the pose
features via a neural network. In this paper, we depict the
human pose by the skeleton graph. Concretely, we denote the
pose sequence with 7' frames corresponding to «° camera
view as G<*> = {G|t = 1,2,---,T}, in which G; is
composed of nodes V; referring to the pose keypoints and
edges E indicating the node connections. We assume the
number of pose keypoints is IV, then V; consists of v, ; for
1 =1,2,---,N. We define the initialized feature of v, ; as
(x+,i,yt,i). the keypoint position in the 2D image. The edges
E are fixed over time, and they could be represented by a
adjacency matrix A € RN*N | where A;; is equal to 1 if v, ;
is connected with v; ; and O if not.

To reduce the large intra-class variance due to the change of
camera view, this paper proposes a pose generation pipeline
to generate multiple pose sequences corresponding to different
views from a given pose sequence and target views. To this
end, we exploit the geometric relationships between cross-
view pose sequences. Specifically, we propose to learn a lin-
ear transformation matrix Q<a%ﬂi> via adversarial training,
which transforms the source graph G<®~ to the target graph
G<B>_ As shown in Fig. |2} we take the source graph sequence
G<%> and target angle $3; as the input of the graph generator,
then it would generate the fake pose graph sequence G'<%i>
corresponding to ;. The detailed architecture and training
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Fig. 2. Schematic of the proposed framework, where ® and & represent the average and concatenation operation, respectively. The graph generator takes the
source pose sequence G <> and target view f3; as input and generates fake pose sequences G<Pi>. Then we devise a two-branch structure to separately
learn the source feature f<®> and generative feature f<A>. Each branch consists of multiple basic and residual blocks, and each block is composed of a

hypergraph convolution (HGC) and temporal convolution (T-block) operator.

TABLE I
OUTPUT DIMENSION OF EACH BLOCK. 7" AND N DENOTE THE SEQUENCE
LENGTH AND THE NUMBER OF NODES, RESPECTIVELY.

NO. Layer Output
1 Basic block T x N x 64
2 Residual block T x N x 64
3 Residual block T x N x 32
4 Residual block T'/2 x N x 128
5 Residual block  7'/2 x N x 128
6 Residual block  T'/4 x N x 256
7 Residual block  T/4 x N x 256
8 Average pooling 1 x 256

strategies of the pose generation pipeline are presented in
Section

As can be seen in Fig. 2] we adopt the two-branch architec-
ture to learn the pose feature: the top branch learns the source
feature f<%> from the input pose G<%, and the bottom
branch learns the generative feature f <B> from the generated
pose G<P:>_ For simplicity, we abbreviate them as the source
branch and generative branch, respectively. As GaitGraph [[1],
the overall structure of each branch in architecture follows
the design of ResGCN [14] with adaptions. Specifically, each
branch contains two types of blocks, i.e., the basic block and
residual block, where the latter adds extra residual connections
compared to the former. The source branch is composed of one
basic block and six residual blocks, and the output dimensions
of each block are presented in Table[ll The generative branch
is implemented to be a multi-head structure, where each head
corresponds to a specific angle ;. Each head has its own
network weights, and the remaining four residual blocks in
the generative branch share weights. The output dimension
of each block in generative branch is equal to that in source
branch.

The biggest difference between our model and ResGCN [[14]]
or GaitGraph [1] is that we propose a plug-and-play hyper-
graph convolution module to replace its spatial graph con-

volutional layer. This plugin consists of multiple hypergraph
convolution operations to achieve the multi-scale and high-
level pose feature learning. We then perform the average
pooling on the multi-scale outputs of multiple hypergraph con-
volutions for the following network propagation. The detailed
implementation of the hypergraph convolution is presented in
Section By the source branch and generative branch,
we could separately learn f<®> and f<>; we concatenate
them to formulate the final pose feature. The loss functions
for model training are presented in Section

B. Multi-View Pose Generation

Given a pose sequence G<“~ corresponding to camera view
« and the target angle 3, this paper aims to learn a graph
generator to generate the pose G<°> to reduce the cross-
view variance. In this paper, we mainly take advantage of the
coordinate transformation in camera imaging for cross-view
pose generation.

Lemma 1 Under different camera views, the 2D coordinates
of multiple human skeleton keypoints at the same moment
share the same cross-view linear transformation Q:

<B> <a>
b —B> t<la>
y7 = Q" P (1)
1 1
where [z~ yt<’2-°‘>]T represents the 2D position of keypoint

Vt,i of G<a>.
Proof. Under the world coordinate system, the 3D
coordinates of skeleton point v;; can be denoted as

T
[zg‘;), yt(jf), zt(lf)] . Based on the principle of camera imaging,

we could derive the following transformation from the world
coordinate system to the image coordinate system for camera

view o
(w)

<a> Ty

% y(w)

vt | = Mamse= |V @)
1 2

1
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Fig. 3. Schematic of LUGAN. The generator consists of the GCN layers, FC layers and CNN layers. It takes the source pose sequence G<%> and target
view 3 as input to learn a full-rank transformation matrix Q<®—8>, which transforms G<®> into the target pose G<#>. Under the condition of G<*>
and S, the conditional discriminator distinguishes whether the pose is generated or true.

and for view [:

<B> xz(-w)

N <s> [y

Y = My My (w) | 3
1 Zil

where M; € R3*3 denotes the camera intrinsics matrix, while
Mse>, My[” € R®** are the camera extrinsics matrices,
and their rank is equal to 3. The intrinsics matrix represents the
intrinsic parameters of the camera, which is a constant matrix;
the extrinsics matrix consists of the rotation and translation
parameters and changes over time.

We abbreviate M <> = M, M~ € R¥* and M<F> =
M; M5 [” € R®**. It’s easy to conclude that the rank of both
M<®> and M<P> is equal to 3. Therefore, there exists a
full-rank matrix Q<*#> € R3*3 to achieve:

M<B> — Q<04HB>M<0¢>' 4)
Based on Eq. @), Eq. (@) and Eq. (3), we could derive Eq. (T).

In a real scenario, it is very difficult to obtain the accurate
frame-by-frame aligned annotation for cross-view pedestrian
pose, and there is also no such annotation information in
existing datasets. Thereby, we cannot directly calculate the
linear transformation matrix Q<®7%> by unaligned G<*>
and G<F>.

In this paper, we propose a neural network to learn the
transformation matrix () via adversarial training. As mentioned
above, () is a full-rank matrix of size 3 x 3. To achieve this,
we devise a lower-upper (LU) composition pipeline as shown
in Fig. 3| to learn Q, ie., Q@ = Q*QY, in which Q¥ and
QU are the lower triangular matrix and the upper triangular
matrix, respectively. Specifically, our pipeline takes the source
pose sequence G<%~ and target view (3 as input, which are
separately encoded by the GCN layers and fully-connected
(FC) layers. Then their respective features are concatenated
for two parameter-independent CNN branches to learn Q%
and QU. Thus we can obtain a full-rank matrix () by matmul
product of Q¥ and QY. The purpose of above idea is from the
principle that LU decomposition is possible only for full-rank
matrices.

By the learned transformation matrix Q<5 from G<*>
and S, we conduct the linear transformation as Eq. on

TABLE 11
OUTPUT DIMENSION OF EACH BLOCK IN LUGAN. T' AND N DENOTE THE
SEQUENCE LENGTH AND THE NUMBER OF NODES, RESPECTIVELY.

Module NO. Layer Output
1 Basic block T x N x 32
2 Residual block Tx N x 32
3 Residual block T x N x 64
GCN layers 4 Residual block Tx N x 64
5 Residual block T x N x 64
6 Residual block T x N x 128
7 Residual block T x N x 128
1 FC layer 1x64
FC layers 2 FC layer 1x128

1 CNN layer 64 X 2N X 2N
2 CNN layer 128 x N X N

CNN layers of G 3 CNN layer 256 x N/2 x N/2
4 CNN layer 512 x N/4 x N/4
5 CNN layer 1x3x3
1 CNN layer 64 X 2N x 2N
2 CNN layer 128 x N x N
3 CNN layer 256 x N/2 x N/2

CNN layers of D | CNN 1a§er 512 x N§4 X N§4
5 CNN layer 1x3x3
6 Pooling layer 1

G<> {0 generate the fake pose G<5>:

é<ﬁ> _ C2<04HB>GV<Q>7 (5)
in which the joint coordinates of G<®> and G<F> are
normalized to [x¢ 4, Y., l]T

To make the generated pose G<P> similar to the true pose
G<P>, we employ the adversarial generating strategy to train
our pipeline. As shown in Fig. [3] we implement a conditional
discriminator, whose input denotes the true or generated pose
sequence, and condition contains the source pose sequence and
target view. When training the generator G (including the GCN
layers, FC layers and CNN layers), we hope G<#> can be
recognized as true by the discriminator D under the condition
G<*> and f3; when training D, we fixed G and classify G <>
to be fake. The loss function for training G has the following
expression:

Lg = HI_Q<a—>B>Q<B—>a>H2+(1 _ D(@<ﬁ>‘G<a>7ﬁ))27
(6)

in which I is the identity matrix to force the invertible trans-



(a) 1-Order Hypergraph

(b) 2-Order Hypergraph

(c) 3-Order Hypergraph

Fig. 4. Visualization of the multi-scale hypergraph connections: the 1-order hypergraph of (a) degenerates to the normal graph to model the joint-level
correlations; the 2-order hypergraph of (b) contains 6 hyperedges to model the part-level correlations; the 3-order hypergraph of (c) contains 3 hyperedges to

model the body-level correlations.

formation. And loss function for training D can be expressed
as:

Lp = (1= D(G[G=>, 8) +(0 - D(G<>|G=*>, 8))
(N
Architectures. We dub this cross-view pose generation
pipeline as LUGAN, and present its detailed network architec-
ture in Table [lIl As can be seen, the generator G contains the
following modules: GCN layers consists of seven blocks to
encode G<“~; FC layers is composed of two fully-connected
layers to encode the target view; and CNN layers consists of
five convolutional layers to learn Q* and QY. The conditional
discriminator I has the similar structure with G: GCN layers
and FC layers respectively encode the condition G<*> and f3;
another GCN layers encode the input pose sequence G<P> or
G<B>: then their features are concatenated for CNN layers to
learn the classification logits. Compared to G, CNN layers of
D have an extra pooling layer to convert the feature map into
classification logits.

2

C. Hypergraph Convolution Module

As shown in the framework of Fig. [2} each block (basic
block or residual block) contains a multi-scale hypergraph con-
volution (HGC) layer to learn the multi-level pose correlations.
In this section, we would elaborate this plug-and-play HGC
plugin.

Hypergraph convolution revisit. As a generalization of the
graph data, the hypergraph could model high-level relations by
each hyperedge connecting multiple nodes. For example, edge
ey in Fig. fi(c)] connects nodes 1, 2, 3, 4, 5, 6 and 7. Given a
hypergraph, we could define an incidence matrix H € RV*M
where N and M denote the number of nodes and hyperedges,
respectively. We define that H;. is equal to 1 if node v; is
connected by edge e. and equal to O if not. For instance, the
size of the hypergraph incidence matrix shown in Fig.
is 17 x 3. Then the network propagation can be denoted as
follows:

X(l+1) _ O_(Dfl/QHBleTDfl/ZX(l)W(H’l))’ (8)

where X () denotes the node features in the I-th layer; o(-)
refers to the ReLU activation function; D;; = Zi\il H;.
and B.. = vazl H,. are diagonal matrices; and Wi+ g
a learning-based parameter. We note the hypergraph convo-
lution would degenerate to the graph convolution when the
hyperedges degenerate to normal edges (each edge connect
two nodes). For more details, we recommend the readers to
refer to the original papers [30]], [31].

To achieve the multi-level pose feature learning, we con-
struct 3 hypergraphs as shown in Fig. [ to separately model
the joint-level, part-level and body-level correlations. As can
be seen, the 1-order hypergraph degenerates to the normal
graph, while the 2-order and 3-order hypergraphs contain 6
and 3 hyperedges, respectively. For these three hypergraphs,
we denote their incidence matrices as Hy, Hs and Hs, respec-
tively. Then the output of j-th hypergraph can be computed
by the following formula for j = {1,2,3}:

©))

Next, we perform the average pooling on the multi-head
outputs to obtain the feature of (I + 1)-th layer:

(I4+1) —1/2 —1 T =1/2 @) 1/ (U+1)
X;"W =o(D; VP H;B; 'HY DX Ow ),

3
1
X(l+1) _ ZX]('H_ ) (10)
j=1

In Eq. (9) and Eq. (I0), three hypergraph convolutions share
the same input feature X (), and all the operations in them are
differentiable. Thus, this multi-order hypergraph convolution
can be utilized as a plug-and-play plugin to replace the spatial
graph convolution layer of original ResGCN for multi-level
pose correlation learning.

D. Model Training

Followed the baseline model GaitGraph [1l], we train our
model using the supervised contrastive loss [46]. The frame-
work in Fig. [2| shows that we can learn the feature f~%~
from the source pose sequence and feature ffﬁ ~ from the
generated pose sequence. We assume that the corresponding



label of %> and f;~"” is y;. We then define the following
losses to train our model:

n <a>  r<la>
A S P T M/ AL
n Zy,i;éyk exp(f, e /T)

i=1yi=y, ’
(11)

exp(f77 - £7°7 /1)

2yt eXP(fi<ﬂ> : f/jﬂ>/7')’
12)
where n denotes the training batch size, and 7 is a hyper-

parameter. We define the final loss L as the sum of L$&7 and

<p>.
Lser:

n
L5 =130 3 log

=1 yi=y;

_ r<a> <B>
L=Lgc7 +Lgay- (13)
When minimizing L, features corresponding to the same
identity, i.e., f~* and f;~%>, are encouraged to be closed to
each other, and features corresponding to different identities
are pushed away from each other.

1V. EXPERIMENTS
A. Datasets and Implementations

Datasets. To validate our method, we conduct experi-
ments on two gait recognition datasets: CASIA-B [17] and
OUMVLP-Pose [18]]. CASIA-B consists of 124 identities with
three walking statuses: normal walking (NM), wearing a coat
(CL) and carrying a bag (BG). Each identity in CASIA-B
contains 110 sequences captured from 11 camera views: {0°,
18°, 36°, 54°, 72°, 90°, 108°, 126°, 144°, 162°, 180°}. These
124 identities are divided into the training set and testing
set according to the ratio of 74:50. In the testing set, part
of identities in NM subset are taken as the gallery and the
rest for probe. OUMVLP-Pose [18] is currently the largest
pose database for gait recognition, which contains over 10,000
subjects from 14 camera views: {0°, 15°, 30°, 45°, 60°, 75°,
90°, 180°, 195°, 210°, 225°, 240°, 255°, 270°}. The seqence
length in OUMVLP-Pose is in the range from 18 to 35, with
an average of 25. The training set and testing set are composed
of 5,153 and 5,154 subjects, respectively.

Implementations. For the multi-view pose generation
pipeline of Fig. 3] we train the LUGAN model 20 epochs
on CASIA-B and OUMVLP-Pose; we employ Adam [47]]
optimizer to train models; the learning rate of both the
generators and discriminator is set to 0.0001; the features
of the source pose sequence G<*> and target angle 3 are
both encoded to 128-dimensional. In each iteration, we train
the generator 50 times and train the discriminator once. On
CASIA-B dataset, we generate 10 pose sequences for each
given single-view sequence, so that each sample contains 11
sequences corresponding to complete camera views. While
on OUMVLP-Pose, we generate 13 pose sequences for each
sample.

For the gait recognition network of Fig. [2] we mostly follow
the experimental settings of our baseline model GaitGraph [[1]]
for fair comparison: we perform the random crop on each
sample to fix its length; we add the Gaussian noise to the
original node feature; we train the network 500 epochs with

Adam [47] optimizer, whose learning rate is set to 0.001; the
dimension of learned gait pose feature is set to 256.

B. Ablation Studies

1) Comparison with baseline model: In this section, we
first present the overall comparisons with the baseline model,
GaitGraph [[1]. The results on CASIA-B [17] and OUMVLP-
Pose [18]] are reported in Table |III| and Table respectively.
In these tables, “LUGAN” means that we conduct the multi-
view pose generation via LUGAN on the basis of baseline,
and the basic spatial block in backbone is graph convolu-
tion (GC) rather than HGC. While “LUGAN-HGC” indicates
that we learn gait representation via HGC-based ResGCN
from the complete-view pose sequence. We could draw the
following conclusions: 1) the multi-view pose generation by
LUGAN could gain a significant improvement compared with
the baseline model, i.e., 9.7% on CL subset of CASIA-
B and 5.2% on OUMVLP-Pose; 2) the HGC-based model
outperforms the GC-based, which demonstrates the superiority
of the high-level correlation learning. Moreover, we visualize
the recognition accuracy during training in Fig.[5] We conclude
that our model converges faster than the baseline.

Recognition accuracy (%)

) 100 200 300 400 500
Epoch

Fig. 5. Visualization of recognition accuracy during training CASIA-B [17]],
where the solid line and dashed line denote the performance of LUGAN and
baseline, respectively.

In the following sections, we would separately validate the
multi-view pose generation pipeline and the HGC-based multi-
level correlation learning. For the former, we first compare our
geometry-based multi-view pose generation with 1) 3D pose
and 2) adversarial graph generator that learns multi-view pose
sequence via a pose encoder and a decoder. We then validate
the generalization of our method: we perform the cross-dataset
multi-view pose generation for each dataset, i.e., generating
multi-view pose of OUMVLP-Pose [18] for each sample in
CASIA-B [[17]. Next we verify the validity of lower-upper
composition way for learning the full-rank transformation
matrix. For the HGC module, we test the performance of our
model under the setting of 1-order, 2-order and 3-order HGC,
respectively. Finally, we validate the number of shared blocks
in the generative branch of our architecture. For simplicity, we
will only report the mean rankl accuracy.

2) Comparison with 3D pose and other multi-view pose
generation pipeline: In this section, we compare LUGAN with
1) 3D pose and 2) the pose generator via encoder-decoder
(EDGAN) paradigm as shown in Fig. [} For the 3D pose,
we employ GAST-Net [48]] to evaluate 3D pose from 2D



TABLE III
COMPARISON WITH THE BASELINE MODEL ON CASIA-B [17]]. NUMBERS SHOWN IN THE TABLE ARE PERCENTAGES.

Gallery NM#1-4 0°-180°
Probe 0°  I8° 36° 54° 72° 90° 108° 126° 144° 162° 180o° | M
Baseline 839 88.1 883 896 8.7 874 867 874 882 884 823 87.0
NM#5-6 LUGAN 86.8 88.0 882 88.6 879 87.0 877 873 884 875 83.6 87.1
LUGAN-HGC | 89.3 88.1 89.0 899 874 887 874 888 888 87.0 87.0 88.3
Baseline 780 779 781 755 728 70.1 70.6 724 745 780 68.7 74.2
BG#1-2 LUGAN 786 773 804 808 76.7 756 787 804 81.0 820 705 78.4
LUGAN-HGC | 794 795 816 824 781 762 787 820 81.6 83.0 73.6 79.7
Baseline 62.0 608 643 658 67.8 657 707 638 67.5 687 650 65.7
CL#1-2 LUGAN 735 71.0 712 740 755 750 804 758 74.1 73.5 67.6 73.8
LUGAN-HGC | 72.8 723 694 752 770 79.6 80.5 78.1 763 749 728 75.4
TABLE IV
COMPARISON WITH THE BASELINE MODEL ON OUMVLP-PosE [18].
Method 0°-90° 180°-270° mean
0° 15° 30° 45° 60° 75° 90° 180°  195° 210° 225° 240° 255° 270°
Baseline 36.6 455 479 484 475 489 418 | 44.6 403 40.1 405 409 41.7 333 4277
LUGAN 415 47.1 504 513 504 510 464 | 46.8 455 4677 468 458 462 40.1 46.8
LUGAN-HGC | 42.6 477 52.1 536 504 516 480 | 49.6 458 475 476 470 474 40.7 479
TABLE VI
. VALIDATION OF THE CROSS-DATASET MULTI-VIEW POSE GENERATION.
G<>—s EGnLi%er f DGeL?)%Zr — <> CD-LUGAN DENOTES THAT WE PERFORM THE CROSS-DATASET
fake MULTI-VIEW POSE GENERATION BY LUGAN.
e Conﬂ’lDiscriminator—-{ CASIA-B
s } e Methods NM#56  BGEID CLEID OUMVLP-Pose
p— Lnole _fF " Baseline 870 742 657 27
ncoder ¢ CD-LUGAN | 86.8 76.5 68.7 43.4
Generator

Fig. 6. Pose generator via EDGAN. The generator consists of a graph encoder,
an angle encoder and a pose decoder, while the condition discriminator has
the same structure with LUGAN.

TABLE V
COMPARISON WITH THE 3D POSE AND E&D GENERATOR.
CASIA-B

Methods NM#5-6  BGEI2 CLEI2 OUMVLP-Pose
Baseline 87.0 74.2 65.7 42.7
Baseline+3D 85.8 73.0 58.4 37.8
EDGAN 87.3 77.4 67.2 46.0
LUGAN 87.1 78.4 73.8 46.8

pose and then learn 3D pose features via baseline model. For
the latter, its generator consists of a graph encoder, an angle
encoder and a pose decoder, which contain three GCN blocks,
two FC layers and four GCN blocks, respectively. The graph
encoder and angle encoder first learn features from G<*~ and
5, then the pose decoder directly learns pose coordinates from
the encoded features. And the condition discriminator has the
same structure with LUGAN for adversarial training.

We report the results in Table E As can be seen, the
performance of 3D pose is even worse than the single-view
2D pose, which proves that it’s difficult to evaluate accurate
3D pose from a single image. Meanwhile, our LUGAN could
outperform EDGAN on both CASIA-B [17] and OUMVLP-
Pose [18]. In Fig. [/} we visualize (a) true pose samples from

CASIA-B, (b) pose sequences generated by LUGAN and (b)
pose sequences generated by EDGAN. The pose sequences
generated by LUGAN is similar with the true pose samples,
but EDGAN can not model the large swings of the hands and
feet during continuous walking.

3) Validation of generalization: Limited by the training
samples in each dataset, the proposed LUGAN could only
generate pose sequences corresponding to existing camera
views. In this section, we verify the generalization of LUGAN
by the cross-dataset multi-view pose generation. Specifically,
for each pose sample on CASIA-B [17], we use the LUGAN
model trained on OUMVLP-Pose [18] to generate 14 pose
sequences corresponding to view {0°, 15°, 30°, 45°, 60°,
75°, 90°, 180°, 195°, 210°, 225°, 240°, 255°, 270°}, so that
each sample contains 15 sequences. And for pose sample on
OUMVLP-Pose, we generate 11 pose sequences correspond-
ing to 11 views of CASIA-B, thereby each sample contains
12 sequences.

As shown in Table [VI] even though the improvement is
smaller than inner-dataset multi-view pose generation, the
cross-dataset generation still outperforms the baseline model.
This benefits from the multi-view information compensation,
and also demonstrates the generalization of our LUGAN.

4) Impact of LU multiplication: The LUGAN pipeline of
Fig. |3| consists of two CNN branches to separately learn a
lower matrix Q¥ and an upper matrix QU to ensure that the
transformation matrix () can be full-rank. In this section, we
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Fig. 7. Visualization of (a) true pose, (b) pose sequence generated by LUGAN and (c) pose sequence generated by EDGAN. As can be seen, EDGAN can
not learn the large swings of the hands and feet during continuous walking, in which the pedestrian is sliding rather than walking.
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Fig. 8. Visualization of the normalized adjacency D~1/2HB~1HT D=1/2 of each hypergraph.

TABLE VII
VALIDATION OF THE CROSS-DATASET MULTI-VIEW POSE GENERATION.
QGAN DENOTES THAT WE DIRECTLY LEARN A TRANSFORMATION
MATRIX Q € R3*3 INSTEAD OF Q% AND QU.

TABLE VIII
VALIDATION OF THE HYPERGRAPH CONVOLUTION. BASELINE-H?
(¢ = 1,2,3) MEANS THAT THE GAIT FEATURES ARE LEARNED BY ¢-ORDER
HGC FROM THE SINGLE VIEW POSE. AND LUGAN-H7 LEARN FEATURES
FROM COMPLETE-VIEW POSE SEQUENCES.

CASIA-B
Methods NM#5 6 BGH 2 CLFID OUMVLP-Pose
Baseline 87.0 74.2 65.7 42.7
QGAN 87.0 78.0 72.3 46.3
LUGAN 87.1 78.4 73.8 46.8

compare LUGAN and QGAN model that directly learns a

CASIA-B
Methods NM# 56 BGEI2 CLEID OUMVLP-Pose
Baseline-H1 87.0 74.2 65.7 427
Baseline-H2 87.5 75.5 67.0 43.5
Baseline-H3 87.3 75.5 67.1 433
LUGAN-H1 87.1 78.4 73.8 46.8
LUGAN-H2 88.3 79.7 75.4 47.5
LUGAN-H3 87.5 79.0 75.3 479

transformation matrix @ € R3*3, in which the latter only
contains one CNN branch. As can be seen in Table QGAN
performs a little worse than LUGAN. We analyze, in addition
to ensuring () being full-rank, LUGAN could also increase
the nonlinearity of the model by multiplying @~ and QU.

5) Validation of HGC: To verify the validity of high-level
correlation learning, we conduct experiments under different
sacles of hypergraphs. Specifically, two groups of experimental
settings are considered: 1) learning gait features from the
single-view pose sequences, 2) learning gait features from the
complete-view pose sequences. The results are presented in
Table [VII] As can be seen, the HGC-based architecture out-
performs the GC-based (H1) one with or without multi-view
pose generation. Furthermore, we visualize the normalized ad-
jacency matrix of hypergraph, i.e., D~Y/2HB-'HTD~1/2 in

Fig.[8] We found that the adjacency of higher-order hypergraph
contains more non-zero elements.

6) Exploration of the Framework Structure: In the frame-
work of Fig. 2| the generative branch contains 7 blocks: part of
them are parameter-independent and the rest share weights. In
this section, we explore the impact of shared blocks (1~6) to
the accuracy and model size. As shown in Fig.[0] even though
the more shared blocks contribute to less model parameters,
it also leads to the worse performance, especially for 5 and
6 shared blocks. And we found that it is a trade-off to set
4 shared blocks, which gains a promising accuracy with the
least parameters.
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Fig. 9. Impact of the shared blocks, where the black squares denote the number of model parameters.
TABLE IX
COMPARISON WITH EXISTING MODELS ON CASIA-B [17]. THE BEST PERFORMANCE OF EACH SUBSET IS MARKED IN RED.
Gallery NM#1-4 0°-180° mean
Probe 0° 18° 36° 54° 72° 90° 108° 126° 144° 162° 180°
PTSN [49] 345 456 456 513 513 523 53.0 50.8 522 483 314 | 474
PTSN-3D [49] | 387 502 559 560 56.7 546 548 560 541 524 402 | 519
JointsGait [26] | 68.1 73.6 779 764 775 79.1 784 76.0 695 719 70.1 | 74.4
NM#5-6 PoseGait [11] 553 69.6 739 750 680 682 711 729 761 704 554 | 68.7
GaitSet [50] 71.6 8777 926 89.1 824 803 844 89.0 89.8 829 66.6 | 833
GaitGraph [1]] 839 88.1 883 89.6 867 874 867 874 832 8384 823 | 87.0
GaitGraph2 [531]] | 78.5 829 858 856 831 815 843 832 842 81.6 71.8 | 82.0
ours 803 88.1 890 899 874 887 874 888 888 870 87.0 | 883
PTSN [49] 224 298 296 296 296 315 321 31.0 273 281 182 | 283
PTSN-3D [49] 277 327 374 350 37.1 375 377 369 338 318 270 34.1
JointsGait [26] | 543 59.1 60.6 59.7 63.0 657 624 59.0 58.1 586 50.1 | 59.1
BG#1-2 PoseGait [1L1] 353 472 524 469 455 439 46.1 48.1 494 436 31.1 44.5
GaitSet [30] 64.1 764 814 824 772 71.8 754 80.8 812 757 594 | 75.1
GaitGraph [1] 78.0 779 78.1 755 728 70.1 70.6 724 745 78.0 68.7 74.2
GaitGraph2 [31]] | 69.9 759 78.1 793 714 717 743 762 732 734 61.7 | 732
ours 794 795 T71.6 824 781 762 787 820 8l1.6 83.0 73.6 79.7
PTSN [49] 142 171 17.6 193 195 200 20.1 17.3 16.5 18.1 14.0 17.6
PTSN-3D [49] 158 172 199 200 223 243 281 238 209 230 17.0 | 21.1
JointsGait [26] | 48.1 469 19.6 50.5 51.0 523 49.0 46.0 487 536 52.0 | 49.8
CL#1-2 PoseGait [11]] 243 297 413 388 382 385 41.6 449 422 334 225 | 36.0
GaitSet [50] 364 497 54.6 497 487 452 455 482 472 414 30.6 | 452
GaitGraph [1]] 620 60.8 643 658 678 657 707 638 675 687 650 | 657
GaitGraph2 [51] | 57.1 61.1 689 660 678 654 68.1 672 637 636 504 | 63.6
ours 72.8 723 694 752 77.0 79.6 80.5 78.1 763 749 728 75.4
C. Comparison and Visualization
. . . . . ™ “J 60
In this section, we compare our method with existing ? “
model-based gait recognition methods on CASIA-B [17] and ,| °,¢* " o =
OUMVLP-Pose [18]], and report the results in Table and F By, " » .
Table respectively. We conclude that our model gains . 0 F N
the state-of-the-art performance. Moreover, we visualize the 7S ST 0 .
learned gait embeddings in Fig. [T0} Specifically, we randomly .. . s o - T
choose 10 identities from CASIA-B []7] and perform dimen- -40 =30 0 20 0 60 Yo a0 0 0 20 40 60 80
sional reduction on their features via t-SNE [52]. We exhibit (a) baseline (b) LUGAN

features of three camera views: 18° (circle), 90° (triangle) and
144° (square). As can be seen, features with the multi-view
generation have a larger inter-class variance and a smaller
intra-class variance.

V. CONCLUSIONS

For the purpose of reducing cross-view pose variance and
exploring high-level correlation, this paper proposed the LU-

Fig. 10. Visualization of the learned embeddings via t-SNE [52]. Marks of
the same color denote the same identity; marks of the same shape (circle,
square and triangle) correspond to the same camera view.

GAN for multi-view pose generation and multi-scale hyper-
graph convolution. For LUGAN, we exploited the spatial
geometric relationship between cross-view pose and aimed



TABLE X
COMPARISON WITH EXISTING MODELS ON OUMVLP-POSE [18]]. THE BEST PERFORMANCE IS MARKED IN RED.

Method il 180°-270° mean

0° 15° 30° 45° 60° 75° 90° 180° 195° 210° 225° 240° 255° 270°
CNN-Pose [18]] 7.5 143 187 232 228 183 11.8 7.8 12.8 12.2 19.0 17.3 12.1 9.0 14.8
GaitGraph [1] 366 455 479 484 475 489 418 | 446 403 401 405 409 417 333 42.7
GaitGraph2 [51]] | 329 477 539 56.8 539 547 454 | 290 357 34.3 44.3 46.2 464 384 44.3
ours 42.6 477 521 53.6 504 51.6 48.0 | 496 458 475 476 47.0 474 40.7 47.9

to learn a full-rank matrix that transforms the source pose
sequence to the target view. To this end, the generator of
LUGAN first encoded the source pose sequence and target
view via GCN layers and FC layers, respectively, then learned
a lower triangular matrix and an upper triangular matrix by
two CNN branches, so that their matrix multiplication could
be full rank. And a condition discriminator was devised to
train the generator. For the high-level correlation learning, we
proposed the 2-order and 3-order hypergraph convolution to
respectively model the correlations of part-level and body-
level, which were inserted as a differentiable plugin in the
model. Extensive experiments on two large pose-based gait
datasets demonstrated the validity of these two improvements.
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