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Temporal Decoupling Graph Convolutional Network
for Skeleton-based Gesture Recognition

Jinfu Liu, Xinshun Wang, Can Wang, Yuan Gao, Mengyuan Liuy

Abstract�Skeleton-based gesture recognition methods have
achieved high success using Graph Convolutional Network
(GCN), which commonly uses an adjacency matrix to model the
spatial topology of skeletons. However, previous methods use the
same adjacency matrix for skeletons from different frames, which
limits the �exibility of GCN to model temporal information. To
solve this problem, we propose a Temporal Decoupling Graph
Convolutional Network (TD-GCN), which applies different ad-
jacency matrices for skeletons from different frames. The main
steps of each convolution layer in our proposed TD-GCN are
as follows. To extract deep spatiotemporal information from
skeleton joints, we �rst extract high-level spatiotemporal features
from skeleton data. Then, channel-dependent and temporal-
dependent adjacency matrices corresponding to different chan-
nels and frames are calculated to capture the spatiotemporal
dependencies between skeleton joints. Finally, to fuse topology
information from neighbor skeleton joints, spatiotemporal fea-
tures of skeleton joints are fused based on channel-dependent
and temporal-dependent adjacency matrices. To the best of our
knowledge, we are the �rst to use temporal-dependent adjacency
matrices for temporal-sensitive topology learning from skeleton
joints. The proposed TD-GCN effectively improves the modeling
ability of GCN and achieves state-of-the-art results on gesture
datasets including SHREC’17 Track and DHG-14/28. Our code
is available at: https://github.com/liujf69/TD-GCN-Gesture.

Index Terms�Graph Convolutional Network, Gesture Recog-
nition, Skeleton Sequence

I. INTRODUCTION

SKELETON-based gesture recognition has applications in
research �elds including sign language communication

[1], [2], robot control [3] and virtual reality [4], [5]. Moreover,
skeleton-based gesture recognition methods can be generalized
to solve the skeleton-based action recognition task, which
has potential applications in content-based video retrieval [6],
education [7] and human-computer interaction [8]. Actually,
skeleton-based gesture recognition and action recognition are
different in some respects, such as the degrees of freedom,
execution subject, range of motion and temporal dependency.
It is worth emphasizing that gesture recognition is more
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pronounced in terms of temporal dependency than action
recognition. Since gesture recognition has high requirements
in terms of degrees of freedom and temporal dependency, it
makes the recognition task dif�cult and more distinct from
action recognition. The human skeleton whether it represents
one hand or the whole body is a natural topological graph,
where joints and bones connecting joints can be respectively
treated as vertices and edges of the graph. Due to the unique
advantages of Graph Convolutional Networks (GCNs) in mod-
eling graph-structured data, many GCN-based methods [9],
[10], [11], [12], [13], [14], [15] have been proposed for the
skeleton-based gesture and action recognition. The general
pipeline of GCN can be divided into three stages. The �rst
stage is adjacency matrix construction, which calculates the
dependency matrices between joints. The second stage is high-
level feature extraction, which extracts high-level features
from raw skeleton data using deep neural networks. The
last stage is information fusion, which fuses and updates
joint information by multiplying the high-level features and
dependency matrices.

Currently, how to construct adjacency matrices remains an
open problem. One direct way is to de�ne a �xed adjacency
matrix according to the physical connection of joints (Fig. 1
(a)). In ST-GCN [14], a learnable mask is additionally used
to multiply with a prede�ned adjacency matrix to construct
an edge-attention adjacency matrix (Fig. 1 (b)). Moreover,
Chen et al. [16] proposed a Channel-wise Topology Re�ne-
ment Graph Convolution Network (CTR-GCN), focusing on
constructing channel-speci�c adjacency matrices (Fig. 1 (c)).
Besides, Ye et al. [17] proposed a Dynamic GCN to learn
the dependencies between two joints by incorporating the
contextual features of the remaining joints.

However, existing methods use shared adjacency matrices
for different temporal frames, which ignores the fact that
dependencies between joints vary over time. Take the gesture
�tap on the keyboard with the right hand� as an example.
At the beginning and the ending stages, the whole joints on
the hand keep nearly still, and the implicit dependencies of
joints located on different �ngers are quite weak. While, in
the mid-term stage, �ve �ngers cooperate to interact with the
keyboard, and the implicit dependencies of joints located on
different �ngers become more obvious. In fact, the dependen-
cies between joints in different frames are usually determined
by the joint information of each frame. The joint information
in two frames that are far apart is usually different, so it is
vital and meaningful to design adjacency matrices for different
temporal frames according to the hand joint information of
different frames.
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Fig. 1. Comparison of different adjacency matrix construction methods. (a)
Previous pre-de�ned adjacency matrix. (b) Previous learnable mask multiplied
or added with a pre-de�ned adjacency matrix. (c) Previous channel-dependent
adjacency matrix. (d) Our proposed temporal-dependent adjacency matrix.
Noting that our temporal decoupling graph convolution (TD-GC) involves
both channel-wise and temporal-wise adjacency matrices.

Inspired by this observation, we present a Temporal De-
coupling Graph Convolution (TD-GC) to compute temporal-
dependent adjacency matrices for joints in different frames,
which is shown in Fig. 1 (d). The main steps of TD-GC are as
follows. First, we use a module of Coupling Feature Learning
(CFL) to extract high-level spatiotemporal features of skeleton
sequences. Then, a pre-de�ned adjacency matrix A based on
the prior knowledge method is introduced, and the channel-
dependent and temporal-dependent adjacency matrices are
calculated by using the modules of Channel Decoupling
Learning (CDL) and Temporal Decoupling Learning (TDL)
respectively. Finally, a module of Temporal-Channel Fusion
(TCF) is performed on the extracted high-level spatiotempo-
ral features with channel-dependent and temporal-dependent
adjacency matrices, and the results are fused to update the
features of skeleton vertices. Based on the TD-GC, we propose
Temporal Decoupling Graph Convolution Network (TD-GCN)
for skeleton-based gesture recognition.

Our contributions can be summarized as follows:
� Compared with GCN-based gesture recognition methods

which use the same adjacency matrix across different
skeleton frames, we use temporal-dependent adjacency
matrices for temporal-sensitive topology learning.

� We present a Temporal Decoupling Graph Convolution
Network (TD-GCN) for spatial-temporal topology learn-
ing. TD-GCN is implemented by staking multiple Tem-
poral Decoupling Graph Convolution (TD-GC) layers,
where both temporal-dependent and channel-dependent
adjacency matrices are formulated to model temporal and
spatial topology information.

� Extensive experiments on benchmark SHREC’17 Track,
DHG-14/28, NTU RGB+D, and NW-UCLA datasets ver-
ify the effect of our TD-GCN by outperforming existing
GCN-based methods. Compared with the current state-
of-the-art method, namely, CTR-GCN, our TD-GCN is
more �exible to model the temporal-dependent topology

information of joints by using fewer parameters.

II. RELATED WORK

For skeleton-based gesture recognition, deep learning-based
methods have been proven more effective than those meth-
ods based on hand-crafted features [18], [19]. We will �rst
introduce related works from both DNN-based methods and
GCN-based methods. After that, we will introduce topology
learning and temporal modeling.

A. DNN-based Methods
For skeleton-based gesture recognition, DNN-based meth-

ods are usually based on Recurrent Neural Networks (RNNs)
and Convolutional Neural Networks (CNNs). RNN usually
uses the output of the previous moment as the input of the
current moment to form a recursive connection structure,
which has unique advantages in processing sequence data.
CNN has unique advantages in processing Euclidean data
(such as images), which usually convert skeleton sequences
into 2D pseudo-images. Some previous works have used
RNNs and CNNs to achieve effective results in skeleton-based
gesture recognition. For example, Nunez et al. [20] use a com-
bination of a CNN and a Long Short-Term Memory (LSTM)
recurrent network for skeleton-based gesture recognition, and
propose a data augmentation method to solve the over�tting
problem. In fact, skeleton-based gesture recognition and action
recognition are closely related. The methods between the two
domains can be shared in many cases, while the robustness
and generalization of methods can be demonstrated. Similarly,
some researchers apply RNNs [21], [22], [23], [24], [25],
[26], [27], [28], and CNNs [29], [30], [31], [32], [33], [34]
to skeleton-based action recognition. For example, aiming to
solve the problem that conventional RNNs tend to ignore
the spatial structure of joints, Wang et al. [27] proposed a
two-stream recurrent neural network to model the temporal
dynamics and spatial structure of skeleton sequences, which
breaks through the limitations of RNN in processing raw
skeleton data to a certain extent. To address the adverse effects
due to view variations and noisy data, Liu et al. [34] visualized
skeleton sequences as color images and fed them into a multi-
stream CNN for deep feature extraction. For skeleton-based
gesture recognition, the above DNN-based methods achieve
better results than methods based on hand-crafted features. But
neither the RNN-based methods nor the CNN-based methods
could simulate the dependencies between human joints, which
restricts the improvement of recognition accuracy.

B. GCN-based Methods
GCNs are networks that can effectively process structured

data, especially graph data. Researchers [10], [11], [12], [13],
[14], [15], [35], [36] apply GCNs to skeleton-based gesture
recognition and action recognition. For example, Song et
al. [11] propose a novel multi-stream improved spatiotempo-
ral graph convolutional network (MS-ISTGCN) for skeleton-
based dynamic gesture recognition, which adopts an adaptive
spatial graph convolution to learn the relationship between
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Fig. 2. Framework of our proposed Temporal Decoupling Graph Convolution. (a) The TD-GC uses the module of Coupling Feature Learning (CFL) to learn
high-level features from skeleton sequences. (b) The module of Channel Decoupling Learning (CDL) computes the channel-dependent adjacency matrices
and the module of Temporal Decoupling Learning (TDL) computes the temporal-dependent adjacency matrices. (c) The module of Temporal-Channel Fusion
(TCF) is used to fuse and update high-level spatiotemporal features of joint vertices.

distant hand joints and propose an extended temporal graph
convolution to extract informative temporal features from short
to long periods. However, the joints of the MS-ISTGCN in dif-
ferent frames share the same adjacency matrix. Yan et al. [14]
proposed a Spatial-Temporal Graph Convolutional Network
(ST-GCN), which treats joints as vertices and prede�nes edges
representing dependencies based on prior knowledge and
learns spatiotemporal features from skeleton data effectively.
But the adjacency matrix of ST-GCN is prede�ned and has
the problem of keeping it �xed in both the training and testing
phases. To better exploit the �rst-order and the second-order
information of the human skeleton, Shi et al. [13] proposed
a Two-Stream Adaptive Graph Convolutional Network (2s-
AGCN), but the 2s-AGCN also has the problem that joints in
different channels and frames share the same adjacency matrix.
Peng et al. [37] proposed a Neural Architecture Search Graph
Convolutional Network (NAS-GCN) with the help of neural
architecture search, which uses an adaptive way to build a pure
learnable correlation matrix. But these methods that do not use
prior knowledge may need to spend much time and choose an
appropriate strategy to learn the correlation matrix between
joints, and the network may converge slowly. For the GCN-
based methods mentioned above, their graph convolutions all
have the problem that the skeletons of different frames share
the same adjacency matrix, which restricts the modeling ability
of GCN to a certain extent.

C. Topology Learning

Many methods [16], [17], [35] have shown those dynamic
and topology-non-shared methods are more effective than

static and topology-shared methods in skeleton-based ges-
ture and action recognition. For example, Cheng et al. [35]
proposed a DeCoupling GCN (DC-GCN) which sets differ-
ent parameterized topologies for different channel groups.
However, the DC-GCN faces the problem of optimization
caused by excessive parameters when setting channel-wise
topologies. Chen et al. [16] proposed a Channel-wise Topology
Re�nement Graph Convolutional Network (CTR-GCN), which
allows skeletons of different channels to have different adja-
cency matrices. Similarly, the CTR-GCN also suffers from the
problem that joints in different frames share the same topology.
And it is worth emphasizing that our proposed TD-GCN
is a dynamic and topology-non-shared method, which uses
different adjacency matrices in different frames and channels.

D. Temporal Modeling

The analysis of the �tap� gesture in the Introduction section
above shows that the temporal information of skeleton joints
is very important. In the �eld of skeleton-based gesture recog-
nition, some previous works have used temporal information.
For example, Shi et al. [38] proposed a decoupled spatial-
temporal attention network (DSTA-Net) for skeleton-based
gesture recognition, which involves temporal information in
calculating attention maps based on an attention mechanism.
Plizzari et al. [39] proposed a novel Spatial�Temporal Trans-
former network (ST-TR) that uses a Temporal Self-Attention
module (TSA) to model inter-frame correlations based on
Transformer. Besides, Zhang et al. [40] proposed a Spatial-
Temporal Specialized Transformer (STST) for skeleton-based
action recognition, which designs a Directional Temporal
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Fig. 3. Comparison between the pipeline of CTR-GC and our proposed TD-GC. (a) The pipeline of the CTR-GC layer. (b) The pipeline of our TD-GC layer.

Transformer Block for modeling skeleton sequences in tem-
poral dimensions. The three methods introduced above all
use temporal information for calculating the attention map,
which is different from our proposed TD-GCN. Our TD-GCN
is the �rst to introduce temporal dependency modeling for
formulating an adjacency matrix, which improves the temporal
modeling ability of GCN.

III. METHOD

In this section, we �rst de�ne related notations and for-
mulate conventional graph convolution. Then we elaborate on
our Temporal Decoupling Graph Convolution (TD-GC) and
mathematically analyze the representation capability of TD-
GC. Furthermore, we compare the difference between the
proposed TD-GC and other graph convolutions. Finally, we
introduce the structure of our Temporal Decoupling Graph
Convolutional Network (TD-GCN).

A. Graph Convolution
The hand skeleton sequence is a natural topological graph

in which joints and bones can be represented as vertices and
edges of the graph respectively. The graph is denoted as G =
fV;Eg, where V = fv1; v2; � � � ; vNg is the set of N joints and
E is the set of bones in the skeleton. For 3D skeleton data,
the joint vi is denoted as V = fxi; yi; zig where xi, yi and zi
are features of vi. In the following, we denote the feature set
of N vertices by X, where X 2 RN�C is a matrix. The edge
set E is formulated as an adjacency matrix A 2 RN�N and
its element aij re�ects the dependency between vi and vj .

Below we de�ne four modalities of skeleton data. Given
two joints data vi = fxi; yi; zig and vj =

�
xj ; yj ; zj

	
, a

bone data of the skeleton is de�ned as a vector evi;vj =�
xi � xj ; yi � yj ; zi � zj

�
. Given two joints data vti, v(t+1)i

from two consecutive frames, the data of joint motion is
de�ned as mti = v(t+1)i�vti. Similarly, given two bones data
ev(t+1)i;v(t+1)j , evti;vtj from two consecutive frames, the data
of bone motion is de�ned as mvti;vtj = ev(t+1)i;v(t+1)j�evti;vtj .

In the context of skeleton-based gesture recognition, a GCN
is typically composed of graph convolution and temporal
convolution. The normal graph convolution utilizes the weight

W for aggregate features of vi’s neighbor vertices through aij
to update its features fi, which is formulated as:

fi =
X

vj2N(vi)

aijxjW: (1)

There are static and dynamic methods to generate aij . For
static methods, aij is de�ned manually. For dynamic methods,
aij is usually generated from the input data. However, in all
previous methods, aij is shared among different frames.

B. Temporal Decoupling Graph Convolution
The framework of the proposed Temporal Decoupling

Graph Convolution is shown in Fig. 2. In detail, TD-GC
updates the features of N vertices by:

X0 = F
�
M(D; ~X);M(H; ~X)

�
; (2)

where ~X = �(X) 2 RC0�T�N are high-level spatiotemporal
features, which are obtained from input data X 2 RC�T�N

through a 1�1 convolution operation � of the Coupling Fea-
ture Learning (CFL) module. D and H are channel-dependent
and frame-dependent adjacency matrices respectively, which
represent associations between hand joints. F is a fusion
function for aggregating joint features in both temporal and
channel dimensions, which is formulated as:

F (y; z) = y � � + z � 
: (3)

In Eq. 3, we assign adaptive weights to channel features
and temporal features via a multiplication operation �. The
symbols � and 
 represent two learnable parameters, which
will be optimized during the training process. M is a special
matrix multiplication operation with a concatenate operation
k, and it is used to update the features of the skeleton
by using the extracted high-level features and association
matrices between hand joints. Given features ~X 2 RC0�T�N

and channel-dependent adjacency matrices D 2 RC0�N�N ,
M(D; ~X) 2 RC0�T�N is formulated as:

M(D; ~X) = [~x1;:;: d1k~x2;:;: d2k� � � k~xC0;:;: dC0 ] ; (4)

where ~xc;:;: 2 RT�N and dc 2 RN�N . Similarly, M(H; ~X) 2
RC0�T�N is formulated as:
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M(H; ~X) = [~x:;1;: h1k~x:;2;: h2k� � � k~x:;T;: hT ] ; (5)

where ~x:;t;: 2 RC�N , H 2 RT�N�N and ht 2 RN�N .
M(D; ~X) and M(H; ~X) update the feature information from
the channel and temporal dimensions respectively, and differ-
ent adjacency matrices are used for joints in different channels
and different skeleton frames. We use a pre-de�ned adjacency
matrix A to strengthen the local connections between joints,
and channel-speci�c correlation matrix Q are used to re�ne
the connections between joints and expand the receptive �eld
of each joint to the global. Therefore, the channel-dependent
adjacency matrices D are obtained by re�ning the prede�ned
topology A with channel-speci�c correlation matrix Q and a
learnable parameter �:

D = R(Q;A) = Q � �+ A: (6)

In the speci�c implementation of TD-GC, the channel-
dependent adjacency matrices D are generated dynamically,
and the matrices A and Q are continuously optimized and
updated during the training process of the network. In Eq.
3 and Eq. 6, the symbols �, � and 
 are all initialized
as learnable parameters. And the channel-speci�c correlation
matrix Q are obtained from the input data X by:

Qi;j = S fPt [�(Xi)] ; Pt [�(Xj)]g ; (7)

where the � and Pt are implemented by convolution and global
pooling operations. The � uses a reduction rate r to reduce the
feature dimension and the calculations. We intend to construct
the global connection between joints through the difference of
features and improve the expressive ability of the connection
through a nonlinear activation function. So the function S of
Eq. 7 uses the input data to perform a self-pair-wise subtraction
operation, which is formulated as:

S(y; z) = � f� [�i(y)� �j(z)]g ; (8)

where the symbols � and � represent a convolution function
and a nonlinear activation function respectively. The �i and �j
are used to expand the dimension of the input data. Similarly,
the temporal-dependent adjacency matrices H are obtained
from a function S0 by:

Hi;j = S0 fPs [�(Xi)] ; Ps [�(Xj)]g ; (9)

S0(y; z) = � [�i(y)� �j(z)] : (10)

In Eq. 9 and Eq. 10, the symbols � and Ps are also im-
plemented by a nonlinear activation function and a global
pooling operation respectively. The proposed TD-GC uses
the difference between skeletons’ information to construct the
adjacency matrices for different frames and different channels
so that the two skeleton graphs with larger differences have
more different adjacency matrices, which can improve the
modeling and feature representation ability of GCN.

From Eq.7 to Eq. 10, � and � are implemented by two 1�1
convolution operations which are used to extract high-level
and typical features from complex raw skeletons data or low-
level joints features. Pt and Ps represent global spatial pooling
along channels and global temporal pooling along frames re-
spectively, and their purposes are to reduce the dimensionality
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Fig. 4. The basic block of our TD-GCN. The graph convolution of the basic
block combines the outputs of three TD-GC blocks, each of which prede�nes
three different adjacency matrices A in the CDL module based on the physical
connections of the human skeleton.

of skeletons data, compress the joints features, and reduce
the computation complexity of GCN. � is implemented to
enhance the nonlinear expression capabilities of TD-GC by
using a nonlinear activation function tanh. The purpose of
�i and �j is to expand the dimension of the input data,
therefore the difference of joint features can be calculated
more conveniently.

Here, we propose TD-GC to make skeletons of different
channels and different frames not share the same topology
through channel-dependent and temporal-dependent adjacency
matrices. Some scholars have proposed a CTR-GC layer,
which is related to our work. Fig. 3 compares our proposed
TD-GC layer and CTR-GC layer which shows that the CTR-
GC layer is a special case of our proposed TD-GC layer. We
both use convolution and pooling operations to extract high-
level spatiotemporal features, and also emphasize the local
connections of joints through a pre-de�ned adjacency matrix.
However, when the CTR-GC layer extracts high-level features
of different channels through convolution and pooling, it loses
a lot of frame information in the process. Whereas our TD-GC
preserves both channel and frame information and reconstructs
the spatiotemporal information of skeletons through temporal-
dependent and channel-dependent adjacency matrices. The
most notable difference between the two graph convolutional
layers is that our proposed TD-GC layer makes the skeletons
of different frames have different topologies through the
method of temporal decoupling, which improves the temporal
modeling ability of skeleton-based gesture recognition.

C. Temporal Decoupling GCN
We combine TD-GC and temporal convolution to construct

TD-GCN for the skeleton-based gesture recognition task. We
construct the backbone as ST-GCN [14] and Fig. 4 shows the
basic block of our TD-GCN. In terms of the graph convolution
module, we fuse the outputs of three TD-GC layers, each of
which is different when introducing a prede�ned matrix A by
using prior knowledge. In terms of the temporal convolution
module, we adopt a similar framework to GoogLeNet [41]
and design a multi-branch temporal convolution. As shown in
Fig. 4, the temporal convolution module contains three types
of basic branches (i.e. A, B, and C), and the results of these
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Fig. 5. Skeleton visualization. (a) The hand skeleton from the SHREC’17
Track dataset is captured by the Intel RealSense camera. (b) The body skeleton
from the NTU-RGB+D dataset is captured by the Microsoft Kinect v2 sensor.

branches are concatenated to obtain the output. Branch A is
mainly composed of two convolutional layers, and the output
of the �rst 1�1 convolution will be used as the input of the
second k�1 convolution with dilation d after normalization
and nonlinear activation, where k represents the convolution
kernel size. Branch B is a simple 1�1 convolutional layer
with normalization. Branch C mainly includes a convolutional
layer and a max-pooling layer. Similar to branch A, there are
normalization and nonlinear activation between the convolu-
tional layer and the max-pooling layer. We conduct ablation
experiments on the multi-branch temporal convolution and
select the best combination as the �nal temporal convolution
module of our TD-GCN. Our TD-GCN has a total of eleven
blocks, the �rst ten blocks are the basic block shown in Fig.
4, and the last block contains a global average pooling and a
softmax classi�er for predicting action classes. Moreover, for
skeleton-based gesture recognition and action recognition, we
follow recent methods [11], [12], [16], and use a multi-stream
structure to fuse prediction scores, which has been shown to
be more ef�cient than using a single stream.

IV. EXPERIMENTS

A. Datasets and Settings
SHREC’17 Track dataset contains 2800 gesture sequences

performed in two ways: using one �nger and the whole hand.
And each gesture is performed between 1 and 10 times by
28 participants. We follow the same evaluation protocol in
[11], [42]: training data comes from 1960 sequences, and the
remaining 840 sequences are used for testing. The gesture se-
quence can be labeled according to 14 or 28 classes, depending
on the number of �ngers used and the gesture represented.
The recognition accuracy of the SHREC dataset will also
be computed following 14 or 28 gesture classes. The hand
skeleton of the SHREC’17 Track dataset contains 22 joints,
which are shown in Fig. 5 (a). DHG-14/28 dataset is also
collected by using the Intel RealSense camera, which contains
2800 sequences of 14 gestures performed 5 times by 20
participants. The DHG-14/28 dataset uses a leave-one-subject-
out cross-validation strategy [18] for evaluation. In detail about
this strategy, the skeleton data of 19 subjects are used for

TABLE I
PERFORMANCES OF TD-GCN ON THE SHREC’17 TRACK, NW-UCLA

AND NTU-RGB+D DATASETS WITHOUT USING DIFFERENT TOPOLOGIES.

Method Param. Acc. (%)

TD-GCN w/o A (SHREC’17 Track) 1.34M 91.55
TD-GCN w/o Q (SHREC’17 Track) 1.20M 92.98
TD-GCN w/o D (SHREC’17 Track) 1.20M 91.90
TD-GCN w/o H (SHREC’17 Track) 1.36M 93.21
TD-GCN (SHREC’17 Track) 1.36M 93.57
TD-GCN w/o A (NW-UCLA) 1.33M 91.4
TD-GCN w/o Q (NW-UCLA) 1.19M 93.75
TD-GCN w/o D (NW-UCLA) 1.19M 94.40
TD-GCN w/o H (NW-UCLA) 1.35M 94.18
TD-GCN (NW-UCLA) 1.35M 94.82
TD-GCN w/o A (NTU-RGB+D) 1.35M 94.17
TD-GCN w/o Q (NTU-RGB+D) 1.21M 94.93
TD-GCN w/o D (NTU-RGB+D) 1.21M 93.66
TD-GCN w/o H (NTU-RGB+D) 1.37M 94.66
TD-GCN (NTU-RGB+D) 1.37M 95.00

TABLE II
PERFORMANCES OF TD-GCN ON THE SHREC’17 TRACK, NW-UCLA
AND NTU-RGB+D DATASETS WITH DIFFERENT SETTINGS USING PRIOR

KNOWLEDGE.

Method Param. Acc. (%)

CDL w/o A, TDL w/o A (SHREC’17 Track) 1.34M 91.55
CDL w/ A, TDL w/ A (SHREC’17 Track) 1.38M 92.62
CDL w/o A, TDL w/ A (SHREC’17 Track) 1.36M 92.26
CDL w/ A, TDL w/o A (SHREC’17 Track) 1.36M 93.57
CDL w/o A, TDL w/o A (NW-UCLA) 1.33M 91.4
CDL w/ A, TDL w/ A (NW-UCLA) 1.37M 93.97
CDL w/o A, TDL w/ A (NW-UCLA) 1.35M 93.32
CDL w/ A, TDL w/o A (NW-UCLA) 1.35M 94.82
CDL w/o A, TDL w/o A (NTU-RGB+D) 1.35M 94.17
CDL w/ A, TDL w/ A (NTU-RGB+D) 1.39M 94.71
CDL w/o A, TDL w/ A (NTU-RGB+D) 1.37M 94.51
CDL w/ A, TDL w/o A (NTU-RGB+D) 1.37M 95.00

training and the remaining one subject is used for testing. So
this evaluation strategy will be conducted 20 times, with the
average of 20 times used as the �nal recognition accuracy.
NTU-RGB+D is a widely used 3D action recognition dataset
containing 56,880 skeleton sequences. The action samples
are performed by 40 distinct subjects and categorized into
60 classes. The 3D skeleton data is captured by Kinect V2
through three cameras, which are shown in Fig.5 (b). The
original paper [43] recommends two benchmarks: (1) cross-
view (X-view): training data comes from camera 0� (view 2)
and 45� (view 3), and testing data comes from camera - 45�
(view 1). (2) cross-subject (X-sub): training data comes from
20 subjects, and the remaining 20 subjects are used for test-
ing. Northwestern-UCLA (NW-UCLA) dataset contains 1494
video clips covering 10 categories and it is captured by three
Kinect cameras simultaneously from multiple viewpoints. We
follow the same evaluation protocol in [44]: training data from
the �rst two cameras and samples from the other camera are
used for testing.

We adopt ST-GCN [14] as the backbone. All experiments
are conducted on one Tesla V100S-PCIE-32GB GPU and one
Nvidia GeForce RTX 3080TI GPU. We use SGD to train our
TD-GCN model and we use a warm-up strategy [45] to make
the training procedure more stable. We also set the learning
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TABLE III
COMPARISONS OF THE ACCURACY OF TD-GCN WITH DIFFERENT

TEMPORAL CONVOLUTIONAL BRANCH COMBINATIONS. SYMBOL ? AND
SYMBOL � INDICATE EXPERIMENTS ARE PERFORMED ON THE SHREC’17

TRACK AND NW-UCLA DATASETS RESPECTIVELY.

Type Branches Comb. d k Param. Acc. (%)

I 1 A [1] 5 2.51M 92.74?

I 1 A [1] 5 2.50M 93.10�
II 2 A [1,2] 3 1.59M 92.26?

II 2 A [1,2] 3 1.58M 93.53�
III 2 A [1,2] 5 1.85M 92.62?

III 2 A [1,2] 5 1.85M 93.75�
IV 2 A [1,2] 7 2.11M 91.90?

IV 2 A [1,2] 7 2.11M 91.59�
V 4 A [1,2,3,4] 5 1.53M 91.90?

V 4 A [1,2,3,4] 5 1.52M 92.89�
VI 4 A+B [1,2,3] 5 1.44M 92.38?

VI 4 A+B [1,2,3] 5 1.43M 94.61�
VII 4 A+C [1,2,3] 5 1.44M 92.26?

VII 4 A+C [1,2,3] 5 1.44M 93.10�
VIII 4 A+B+C [1,2] 3 1.29M 92.86?

VIII 4 A+B+C [1,2] 3 1.29M 94.61�
IX 4 A+B+C [1,2] 5 1.36M 93.57?

IX 4 A+B+C [1,2] 5 1.35M 94.81�
X 4 A+B+C [1,2] 7 1.43M 92.86?

X 4 A+B+C [1,2] 7 1.42M 93.10�

rate to 0.1 and the momentum to 0.9. For the SHREC’17 Track
and the DHG-14/28 dataset, the training ended in 150 epochs.
We set the batch size to 32, the weight decay to 0.0001, and
let the learning rate decay with a factor of 0.1 at epochs 90
and 130. Besides, we generate random numbers from (-0.01,
0.01) to disturb the hand joint coordinates by applying random
translation for data augmentation in the SHREC’17 Track and
the DHG-14/28 dataset. For the above two datasets, we also
extend the gesture sequence to 180 frames and 150 frames
respectively, and the sequence with less than 180 frames and
150 frames will be padded with 0. For the NTU RGB+D
dataset, the training ended in 65 epochs. We set the batch
size to 64 and resize each sample to 64 frames. We also set
the weight decay to 0.0004, and let the learning rate decay
with a factor of 0.1 at epochs 35 and 55. For the NW-UCLA
dataset, the training ended in 65 epochs. We set the batch
size to 16. We also set the weight decay to 0.0001, and let the
learning rate decay with a factor of 0.1 at epochs 50. Similarly,
we adopt the methods of [15] and [12] to preprocess the NTU
RGB+D dataset and Northwestern-UCLA dataset respectively.

B. Ablation Studies
We conduct ablation experiments on the SHREC’17 Track

dataset with the proposed temporal decoupling graph convolu-
tion. Besides, to demonstrate the robustness and generalization
of our TD-GCN, we also conduct some ablation experiments
on two human action datasets namely NTU-RGB+D and NW-
UCLA dataset, and a detailed comparison is made with the
previous state-of-the-art GCN methods. We also visualize
the learned temporal-dependent topologies and analyze the
parameters and performances of TD-GC.

First, we validate the effects of the prede�ned topology
A, the channel-speci�c correlation matrix Q, the channel-
dependent topologies D, and the temporal-dependent topolo-

TABLE IV
COMPARISONS OF THE ACCURACY OF TD-GC WITH DIFFERENT

SETTINGS.

Method r � Param. Acc. (%)

Baseline - - 1.85M 93.31
A 4 Tanh 1.51M 93.53
B 8 Tanh 1.35M 94.82
C 12 Tanh 1.30M 94.18
D 12 Sigmoid 1.30M 92.24
E 12 ReLU 1.30M 93.53
F 8 Sigmoid 1.35M 92.03
G 8 ReLU 1.35M 93.53

gies H respectively by removing any of them from TD-GCN.
The results in Table I indicate that removing any of the
four topologies reduces the accuracy, where removing the
prede�ned topology A (TD-GCN w/o A) reduces the accuracy
by 2.02% relative to the optimal value on the SHREC’17 Track
dataset. Compared with the optimal value on the NTU-RGB+D
dataset, removing the channel-speci�c correlation matrix Q
(TD-GCN w/o Q) and the channel-dependent topologies D
(TD-GCN w/o D) reduces the number of parameters but also
reduces the accuracy by 0.07% and 1.34% respectively. When
the topologies H is removed (TD-GCN w/o H), the accuracy
drops by 0.36%, 0.64% and 0.34% relative to the optimal
value on three datasets respectively, which indicates that the
temporal-dependent adjacency matrices are calculated by the
temporal decoupling method can improve the modeling ability
of GCN.

Similar to the CDL module, in Table II we explore the
performance of introducing a prede�ned adjacency matrix
A by using prior knowledge in the TDL module. The ex-
perimental results (CDL w/ A, TDL w/ A) on three datasets
show that introducing an adjacency matrix of prior knowledge
into the TDL module will increase parameters and reduce
recognition accuracy. Besides, we also conducted ablation
studies that introduce prior knowledge in the TDL module
and remove prior knowledge in the CDL module (CDL w/o A,
TDL w/ A) on three datasets. Compared with the setting
that only introduces prior knowledge in the CDL module
(CDL w/ A, TDL w/o A), the recognition accuracy of this
setting (CDL w/o A, TDL w/ A) will decrease by 1.31%, 1.5%
and 0.49% on the SHREC’17 Track, NW-UCLA and NTU-
RGB+D datasets respectively.

Then we use the SHREC’17 Track and NW-UCLA datasets
to conduct ablation experiments on the multi-branch temporal
convolution and explore the performance of the three basic
branches in Fig. 4 under different combinations. We design
ten different branch combinations in Table III and explore
the performance differences in parameters and recognition
accuracy while keeping other settings consistent.

The results in Table III show that different combinations of
the three basic branches in Fig. 4 will affect the performance of
our network. The comparison of types II, III, and IV in Table
III shows that reducing the size of the convolution kernel will
reduce parameters, but an excessively small convolution kernel
will cause the model performance to degrade. Besides, when
using a multi-branch temporal convolution module, our model
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(a) (b)

Fig. 6. Visualization of the skeleton and temporal-dependent topologies. (a) The visualization sample of the �tap� gesture. (a-1) Skeleton of frame zero.
(a-2) Skeleton of frame thirteen. (a-3) Skeleton of frame forty-nine. (a-4) Topology of frame zero. (a-5) Topology of frame thirteen. (a-6) Topology of frame
forty-nine. (a-7) Topological difference between frame zero and frame thirteen. (a-8) Topological difference between frame zero and frame forty-nine. (a-9)
Topological difference between frame thirteen and frame forty-nine. (b) The visualization sample of the �expand� gesture. (b-1) Skeleton of frame zero. (b-2)
Skeleton of frame seventeen. (b-3) Skeleton of frame Twenty-eight. (b-4) Topology of frame zero. (b-5) Topology of frame seventeen. (b-6) Topology of frame
Twenty-eight. (b-7) Topological difference between frame zero and frame seventeen. (b-8) Topological difference between frame zero and frame Twenty-eight.
(b-9) Topological difference between frame seventeen and frame Twenty-eight.

TABLE V
COMPARISON OF TD-GC AND CTR-GC ON NTU-RGB+D DATASET

USING DIFFERENT MODALITIES.

Modality X-view (%) X-sub (%)
Joint (CTR-GCN) 94.56 89.66
Joint (TD-GCN) 94:99"0:43 90:16"0:50

Bone (CTR-GCN) 94.67 89.96
Bone (TD-GCN) 94:78"0:11 90:15"0:19

Joint Motion (CTR-GCN) 93.02 88.34
Joint Motion (TD-GCN) 93:03"0:01 87:91#0:43

Bone motion (CTR-GCN) 91.66 87.29
Bone motion (TD-GCN) 91:81"0:15 87:37"0:08

will perform better than using a single-branch module. When
the number of branches is set to four and the hyperparameter
settings follow Type IX, our TD-GCN performs best among
ten different combinations. After considering the performance
and parameters of our model, we take the setting of Type IX
in Table III as the �nal multi-branch module.

We also explore different con�gurations of TD-GC, in-
cluding the reduction rate r of � and the activation function
�. Table IV shows that increasing the reduction rate r can
reduce the number of parameters, but an excessive reduction
rate will lead to a decline in the model’s ability to capture
correlations. Comparing models B, F, and G, the activation
function Tanh performs better than Sigmoid and ReLU and
we argue that non-negative output values of Sigmoid and
ReLU constrain the ability to capture correlations. Considering
ef�ciency and performance, we choose model B as our �nal
model con�guration.

As mentioned above, skeleton-based gesture recognition
can be extended to skeleton-based action recognition. The
two �elds are closely related, and some of their recognition
methods can be shared. To demonstrate the robustness and
generalization of our proposed TD-GCN, we conduct ablation

TABLE VI
COMPARISON OF TD-GC AND CTR-GC ON NW-UCLA DATASET USING

DIFFERENT MODALITIES.

Modality NW-UCLA (%)

Joint (CTR-GCN) 93.1
Joint (TD-GCN) 94:82"1:72

Bone (CTR-GCN) 94.39
Bone (TD-GCN) 93:53#0:86

Joint Motion (CTR-GCN) 91.38
Joint Motion (TD-GCN) 92:67"1:29

Bone motion (CTR-GCN) 89.22
Bone motion (TD-GCN) 89:66"0:44

experiments on the NTU-RGB+D and NW-UCLA human
action datasets. At the same time, we conduct a detailed
comparison with the previous state-of-the-art GCN method,
namely CTR-GCN [16].

We employ CTR-GCN [16] as the baseline, change the
graph convolution method TD-GC in Fig. 4 to CTR-GC,
and ensure fair comparison by controlling the rest of the
modules to be the same. We compare the performance under
the four data modalities and the results are shown in Table
V, VI. We observe that in the NW-UCLA dataset, there are
three modalities with higher classi�cation accuracy than CTR-
GCN. When using the joint modality and the joint motion
modality, the classi�cation accuracy is 94.82% and 92.67%
respectively, which outperforms the CTR-GCN by 1.72% and
1.29%. In the NTU-RGB+D dataset, there are eleven aspects
with higher classi�cation accuracy than CTR-GCN. Among
them, on the benchmark of cross-view, when using the joint
modality and bone motion modality, the classi�cation accuracy
is 94.99% and 91.81%, which outperforms the CTR-GCN by
0.43% and 0.15%. And on the benchmark of cross-subject, the
classi�cation accuracy is 90.16% and 87.37%, which outper-

This article has been accepted for publication in IEEE Transactions on Multimedia. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TMM.2023.3271811



9

(a) (b)

Fig. 7. Visualization of the skeleton and temporal-dependent topologies. (a) The visualization sample of the �salute� action. (a-1) Skeleton of frame zero. (a-2)
Skeleton of frame ten. (a-3) Skeleton of frame �fty. (a-4) Topology of frame zero. (a-5) Topology of frame ten. (a-6) Topology of frame �fty. (a-7) Topological
difference between frame zero and frame ten. (a-8) Topological difference between frame zero and frame �fty. (a-9) Topological difference between frame
ten and frame �fty. (b) The visualization sample of the �stand up� action. (b-1) Skeleton of frame ten. (b-2) Skeleton of frame thirty. (b-3) Skeleton of frame
�fty. (b-4) Topology of frame ten. (b-5) Topology of frame thirty. (b-6) Topology of frame �fty. (b-7) Topological difference between frame ten and frame
thirty. (b-8) Topological difference between frame ten and frame �fty. (b-9) Topological difference between frame thirty and frame �fty.

TABLE VII
COMPARISON OF PARAMETERS AND COMPUTATION COST BETWEEN

CTR-GCN AND TD-GCN ON NW-UCLA AND NTU-RGB+D DATASETS.

Method Param. FLOPs
CTR-GCN (NW-UCLA) 1.43M 1.16G
TD-GCN (NW-UCLA) 1:35M#5:6% 1:10G#5:2%

CTR-GCN (NTU-RGB+D) 1.45M 1.78G
TD-GC (NTU-RGB+D) 1:37M#5:5% 1:69G#5:1%

forms the CTR-GCN by 0.5% and 0.08%. In both datasets,
TD-GCN performs worse than CTR-GCN in two aspects. In
the NW-UCLA dataset, when using the bone modality, the
classi�cation accuracy is 93.53%, which is lower than CTR-
GCN by 0.86%. On the benchmark of cross-subject, when
using the joint motion modality, the classi�cation accuracy is
87.91%, which is lower than CTR-GCN by 0.43%. We infer
that this is due to a �aw that self-in�uence is not considered
when using the self-pair-wise subtraction operation to calculate
the temporal-dependent adjacency matrices and the channel-
dependent adjacency matrices.

Tables V, VI show that our TD-GC adds frame-dependent
topologies through temporal decoupling, which signi�cantly
improves the performance of GCN. We also compared the
parameters and computation cost of CTR-GCN and TD-
GCN on the NW-UCLA dataset and NTU-RGB+D dataset
respectively. The comparison results are shown in Table VII.
We observe that the amount of parameters of our TD-GCN is
reduced by 5.5% and 5.6% on the two datasets respectively.
Compared with CTR-GCN, our TD-GCN also has a signi�cant
improvement in computation cost. On the NW-UCLA dataset,
the TD-GCN reduces the computation cost by 5.2%. Similarly,
our TD-GCN reduces the computation cost by 5.1% on
the NTU-RGB+D dataset. Combining the results in Tables
V, VI, and VII, it can be concluded that our TD-GCN is
superior to CTR-GCN in terms of performance, parameters
and computation cost.

Fig. 8. Visualization of confusion matrices. (a) The confusion matrix of the
SHREC’17 Track dataset when using 14 gesture classes. (b) The confusion
matrix of the SHREC’17 Track dataset when using 28 gesture classes. (c) The
confusion matrix of the DHG-14/28 dataset when using 14 gesture classes.
(d) The confusion matrix of the DHG-14/28 dataset when using 28 gesture
classes.

C. Visualization of Learned Topologies

To visualize the learned temporal-dependent adjacency ma-
trix of TD-GC more intuitively, we select two gesture and
two action samples from the SHREC’17 Track and the NTU-
RGB+D datasets for visualization respectively. We �rst select
three frames of skeleton data from the gesture sample �tap�
and the gesture sample �expand� for visualization respectively,
then we show the learned temporal-dependent topologies of
the gesture samples and their differences in Fig. 6. The values
close to 0 indicate weak relationships between joints and vice
versa. Similarly, we do the same for the action sample �salute�
and the action sample �stand up� in Fig. 7. Our observation
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