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a b s t r a c t
The skeletal data has been an alternative for the human action recognition task as it provides more compact and distinct information compared to the traditional RGB input. However, unlike the RGB input, the
skeleton data lies in a non-Euclidean space that traditional deep learning methods are not able to use
their fullest potential. Fortunately, with the emerging trend of Geometric deep learning, the spatialtemporal graph convolutional network (ST-GCN) has been proposed to deal with the action recognition
problem from skeleton data. ST-GCN and its variants fit well with skeleton-based action recognition and
are becoming the mainstream frameworks for this task. However, the efficiency and the performance of
the task are hindered by either fixing the skeleton joint correlations or providing a computational expensive strategy to construct a dynamic topology for the skeleton. We argue that many of these operations
are either unnecessary or even harmful for the task. By theoretically and experimentally analysing the
state-of-the-art ST-GCNs, we provide a simple but efficient strategy to capture the global graph correlations and thus efficiently model the representation of the input graph sequences. Moreover, the global
graph strategy also reduces the graph sequence into the Euclidean space, thus a multi-scale temporal filter is introduced to efficiently capture the dynamic information. With the method, we are not only able to
better extract the graph correlations with much fewer parameters (only 12.6% of the current best), but we
also achieve a superior performance. Extensive experiments on current largest 3D datasets, NTU-RGB+D
and NTU-RGB+D 120, demonstrate the ability of our network to perform efficient and lightweight priority
on this task.
Ó 2021 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY license (http://
creativecommons.org/licenses/by/4.0/).

1. Introduction
Human action recognition is a valuable but challenging topic
which has attracted substantial attention from different research
areas in recent years, since it provides significant insights into
many valuable fields like action surveillance, human behavior
analysis, pedestrian tracking, and robotics. Recently, skeleton data
has become the mainstream input for action recognition. Compared to the traditional RGB video data, the skeleton data is more
compact, leading to reduced computational costs, yet better performance can be seen when the background is complicated.
Besides, skeleton data, as a simple kind of non-Euclidean data, also
provides an appropriate way to investigate and analyze structured
data, e.g., graph topology (Fig. 1).
Here, we focus on 3D human action recognition task. Just like in
other computer vision areas, deep neural networks [1] have
become the main tools for this task. Generally, most previous studies have used deep models in the following two ways. Firstly,
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rearranging the structured data such that the resulted tensor is
adapted to the fundamental neural networks, like the traditional
recurrent neural networks (RNN) and convolutional neural networks (CNN). Representative works include [2–6]. The motivations
are straightforward. In this way, the already well known and well
developed network architectures can be easily utilized. Nonetheless, though substantial improvements have been seen in action
recognition, the capability of deep learning is still constrained as
there is no natural notion of locality in the skeleton data. Secondly,
elaborating a customized neural network to adapt to the structured data. One of the most successful representative works in
skeleton-based action recognition is spatial-temporal graph convolutional network, i.e., ST-GCN [7]. To exploit the underlying structure of skeleton data, this work introduces Graph Convolutional
Networks (GCN) [8,9] to model the graph representation of each
skeleton and a succeeding temporal filter to capture the dynamic
temporal information. ST-GCN and its variants have already
achieved many encouraging results [10,7,11–14] and have become
one of the most frequently used frameworks for the task. Work in
[13] further improves the ST-GCN based on the observation that a
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and the complexity of the architecture by presenting a brand
new architecture for this task. This model, which is called
Spatial-temporal Global Graph network, ST-GGN, totally discards
the manual pre-defined topology constraint and is able to learn
the global joint correlations automatically. In this work, a multihead global graph representation learning strategy is provided to
benefit from not only the graph correlations but also the efficiency
of neural networks in Euclidean space. However, capturing global
graph at each layer requires a very large filter with the same size
as the number of nodes. We ingeniously avoid this by the proposed
tensor rotation. Specifically, the dimension of the graph node is
rotated to the channel dimension, thus a simple 1  1 filter can
be used to capture the global information. Besides, we divide the
temporal filters into several branches with different temporal perception fields such that the ST-GGN is able to capture richer temporal information, as well as further reduce the number of the
model parameters. As a consequence, we provide a compact and
efficient network for this task. To evaluate the proposed method,
we perform comprehensive experiments on two large scale datasets, NTU RGB+D [2] and NTU RGB+D 120 [16]. Results show that
our model is robust to subjects and view variations and achieves
the state-of-the-art performance on both datasets. The contributions of this paper are presented as follows:
 We theoretically and experimentally analyze the most commonly used method, ST-GCN and its variants, for skeletonbased action recognition, and present a novel architecture for
this task.
 Our method provides a simple but efficient way to capture global graph representation for small scale graph data, which does
not require the pre-defined topology matrix and even make the
method much more convenient. This method can be utilized as
an alternative to the current GCNs.
 Extensive experiments are conducted on two current largest
benchmarks. Comparison results not only show our superiority
but also present its effectiveness since its model size is only
12.6% of the current best method, i.e., NAS-GCN [15].

Fig. 1. Illustration of modeling skeleton with ST-GCNs. Like the yellow joint,
every node in this skeleton will learn a feature representation via the message
passing paradigm of ST-GCNs. At the same time temporal information(black arrow)
is also learned by ST-GCNs. Different ST-GCNs provide different ways to involve the
physical topology information(orange arrow) and semantic correlations(purple
arrow). Thus, it is challenging to learn a distinguished node feature by message
passing while at the same time keep its own characteristic feature. Here, we explore
a simple but efficient way to extract graph representations.

pre-defined graph with fixed topology constraint ignores the
implicit joint correlations. Therefore, by adding the fixed graph
with an adaptive one based on the node similarity, the work of
[13] involves multiple joint correlations into consideration. Peng
et al. took this idea one step further by automatically providing a
layer-wise dynamic matrix generation strategy with neural architecture searching [15]. In this work, they explored an automatic
way to employ more correlation matrices, including higher-order
connections and context-based dynamic matrices to improve the
performance.
However, it spends so much computational resource to add
these matrices. We doubt whether it is truly necessary to introduce
such complicated strategies to learn the graph correlations. The
following observations raise up our concern about these works.
Firstly, the graph topology is not complicated since the graphs at
different time steps share identical topology(ies), as the graphs
are used to model the human body. Even there are hundreds of
graphs in each sample, it is still reasonable and efficient to introduce this assumption. Besides, many of the ST-GCNs [15,13] in
the mainstream follow this observation as well. Secondly, the GCNs
are far from being efficient for small-scaled graph tasks. Generally,
these methods will first find the neighbor to build a local perceptive field, then a neural network is constructed. However, for such
a small graph, adaptively capturing the global graph information is
much more efficient. Thirdly, the graph sequence can be treated as
data lies in the Euclidean space from a global graph level. Each
sample (graph sequence) lies in a non-Euclidean space only when
observe from topology perspective. However, once the graph is
processed from global level, it can be treated as a point. Thus the
graph sequence will simply be a 1D vector lies in the Euclidean
space. This will again let the network benefits from the welldeveloped neural network in Euclidean space.
Therefore, based on the previous observations, in this paper, we
focus on reducing the manual efforts of building neural networks

2. Related work
Skeleton-based Action Recognition. In human action recognition, skeleton data has increasingly attracted more attention due to
its robustness against changes in body scales, viewpoints and backgrounds. Earlier approaches have focused on manually designing
hand-crafted features and joint relationships, which are limited
to lower-level information and the important semantic connectivity of the human body is ignored. To benefit from the great representation ability of deep learning, conventional methods tend to
rearrange the skeleton data into grid-shaped structure and feed it
directly into a classical RNN [2–4] or CNN [5,6] architectures. However, as mentioned in [17], the graph constructed by skeleton lies
in a non-Euclidean space, which traditional CNNs and RNNs are
not able to directly utilize since there is no natural locality information. Therefore, current works tend to use GCNs [7,10,44,45]
since their operators are defined in the non-Euclidean space. Yan
et al. and Li et al. are the first to use GCN for skeleton-based action
recognition [7,10]. Shi et al. gave a two-stream GCN architecture, in
which the joints and the second-order information (bones) are
both used. With the help of Neural Architecture Search [18], Peng
et al. provided an automatic way to design a GCN for this task [15].
With the layer-wise topology generation mechanism, it achieves
the current best result. Our method can also be treated as variant
of GCNs, but we explore a better way to capture the graph information with a more compact model.
Graph Convolutional Networks. Graph convolutional networks (GCNs), which generalize convolution to structured data,
46
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(2) are set to 1 and 2, respectively. In this way, a first-order approximation of spectral graph convolutions is formed. Combining all,

has been successfully applied on many irregular data like social
networks, and biological data. Generally, given a graph topology,
previous works explored to propagate node features based on the
spectral domain or the spatial domain. The spectral-domain methods [9,8] model the representation in the Fourier domain based on
eigen-decomposition, which potentially leads to large computational costs. The spatial domain methods, also called Nodaldomain methods [17,19] directly implement operators on the
graph node and its neighbors. However, it is difficult to model
the global structure. To further improve the performance of GCN,
attention mechanisms have also been introduced to GCN [19,20].
For instance, Velickovic et al. leveraged attention mechanism for
graph node classification and achieved state-of-the-art performance [19]. Our ST-GGN can also be thought of as a variation to
the spatial GCN, in which the multi-head global graph information
is captured effortlessly by the proposed tensor rotation. Besides,
our model is more compact and more efficient than other GCN
methods.



Y ¼ h00 X þ h01 ðL  In ÞX ¼ h00 X  h01 D1=2 AD1=2 X:

Likewise, h0k can also be approximated with a unified parameter
h, which means h ¼ h0 ¼ h1 . All the approximation errors are
expected to be adapted by the training process, then



Y ¼ h In þ D1=2 AD1=2 X:

L ¼ In þ D1=2 AD1=2 with self-loop. Thus, Eq. (5) could be rewritten
as:

Y ¼ LXh:

In this section, we give a detailed explanation of our spatial
temporal global graph network, ST-GGN. To make the paper selfcontained, we briefly review how to model a spatial graph with
GCNs first. Then, a uniform formulation is given to describe the
mainstream ST-GCNs for skeleton-based action recognition.
Finally, we will introduce our method and provide the corresponding neural architecture.

Though there are several variations of ST-GCNs for the skeletonbased action recognition, we can accordingly provide a uniform
formulation for them. Here, we focus on three ST-GCN variants,
including ST-GCN [7], 2S-AGCN [13], and NAS-GCN [15]. In fact,
these works can be summarised as constructing different mathematical models to capture different joint correlations, including
fixed topology correlations, underlying implicit node correlations,
k-hop node correlations, and independent adaptive correlations.
Although these methods are very different, the ideas can be summarized as a uniform formulation of constructing the correlation
topologies L in Eq. (6) to help the message passing. That is

The input for skeleton-based action recognition is a graph
sequence. Here, we define an undirected graph G ¼ fV; E; Ag composed of n ¼ jVj nodes, and jEj edges. The node connections are
encoded in the adjacency matrix A 2 Rnn . The attribute of each
node will be presented as follows. To make it simple, let X 2 Rn
be the input representation of G and xi 2 X be the feature for its
i-th node. In order to model the representation of G, a Fourier
transform is conducted on the graph so that the transformed signal, as in the Euclidean space, could then be dealt with formulation
of fundamental operations such as filtering. To this end, a graph
Laplacian L, of which the normalized definition is
P
L ¼ In  D1=2 AD1=2 and Dii ¼ j Aij , is used for Fourier transform.
The procedure that a graph filtered by operator g h , parameterized
by h, can be formulated as

L ¼ f ðg 1 ð AÞ; g 2 ð X ÞÞ:

ð1Þ

where Y is the extracted graph feature. U is the Fourier basis which

 
L X;
h0k T k b

3.2.1. ST-GCN
Spatial temporal Graph Convolutional Networks, ST-GCN [7],
provides one of the most commonly used frameworks for
skeleton-based action recognition. This method utilizes a simple
way to construct the topology. Specifically,

ð2Þ

L ¼ A½0 þ A½1 þ A½2

r¼0

ð8Þ

with f being the summation operation performed on the topology of
the current node and the topologies of its two neighbors. Basically,
they will also introduce self-loops with an identity matrix. We can
also get that g 1 ð AÞ ¼ A and g 2 ð X Þ ¼ 0. In this case, the authors manually build three different topologies. However, there are mainly
two problems for these methods. First, they need extra labor to
manually design these topologies. Second, different datasets have
various encoding rules. Thus, an adaptive way is much preferred.

of which h0k denotes the Chebyshev coefficients. The Chebyshev
 
L is recursively defined as
polynomial T k b

 
 
 
L ¼ 2b
LT k1 b
L  T k2 b
L
Tk b

ð7Þ

In Eq. (7), the function f provides different ways of combining
multiple sets of topology information. Possible option can be summation with self-loops. g 1 and g 2 can be different ways to construct
the topology matrices based on either adjacency matrix A or graph
context X. The g 1 function is the operations on the pre-defined
topology, which could simply utilize the topology information,
involving with k-hop connections by Chebyshev polynomials, etc.
The g 2 function automatically computes the topology matrices by
the context information. Options can be Gaussian similarity function. Based on this uniform formulation, we give the analysis of
the aforementioned three ST-GCNs.

is a set of orthonormal eigenvectors for L so that L ¼ U KU T with the
K as its corresponding eigenvalues. However, this involves a matrix
multiplication with the eigenvectors, which is computationally
expensive [9]. Suggested by [21], a Chebyshev polynomial is a computational friendly strategy to approximate the filter.
K
X

ð6Þ

3.2. Uniform formulation of the ST-GCNs

3.1. GCN preliminaries

Y¼

ð5Þ

The computational cost of Eq. (5) is much cheaper than Eq. (4).
Thus, GCN built by Eq. (5) is widely utilized in the ST-GCNs. One
can stack multiple GCN layers to get a high-level graph feature.
In the aforementioned setting, the representation of the input xi
is simply treated as a 1D point. In practice, X 2 RnC is with
multi-channels.
In
the
following
sections,
we
set

3. Methodology

Y ¼ g h ðLÞX ¼ Ug h ðKÞU T X;

ð4Þ

ð3Þ

with T 0 ¼ 1 and T 1 ¼ b
L. Here b
L ¼ 2L=kmax  In is normalized to [1,1]. Following the work in [8], the parameters K and kmax in Eq.
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Nevertheless, extracting node representations from 25 nodes is
still not trivial. Employing a fully connected layer or introducing a
filter with a kernel size of 25 is not a good option. Here, we provide
an simple way to deal with this. We rotate a tensor, including input
tensor and latent feature tensor, such that the node dimension is
changed to the channel dimension. In this way, a simple 1  1 filter
can be applied to capture the global graph information. Therefore,
the function f in our method is also a summation function with
self-loops. The g 1 ð AÞ ¼ 0, since we do not need any pre-defined
matrix. And g 2 ð X Þ ¼ hR Rotationð X Þ, which is used to capture the
global graph information by using hR , a 1  1 filter after rotating
the tensor. This simple operation avoids all the unnecessary and
expensive projections. To involve more information, we add
multi-heads into g 2 ð X Þ, just as shown in Fig. 2. After we extracting
the global graph information for this module, we will rotate back
the tensor, such that like the conventional network, the tensor will
be learned by filters (here a convolutional filter with size of 1  1)
in Euclidean space.
Another observation is that, in all of the previous ST-GCNs mentioned, the GCNs are succeeded with a temporal filter of the size
9  1. Here, we turn to a more sophisticated way to get more temporal information with fewer parameters. As illustrated in Fig. 2,
the temporal filter in our model is called Multi-Scale Temporal filter, MST. The MST is inspired by work [23]. There are several
branches in this filter. We uniformly group the inputs into each
branch such that the model is able to capture richer temporal
information with fewer parameters. For branches with the kernel
size 3, we utilize different dilation settings such that they have different temporal windows to capture multi-scale information.
Finally, all the outputs from different branches are concatenated
together as the output from the temporal filter. Compared to the
Multi-Scale Temporal convolutional filter (MS-TCN) in work [23],
our MST is more compact since we remove the projection function
before each branch (dilated filter). We will compare to this module
in the next section.

3.2.2. 2S-AGCN
Two-Stream Adaptive Graph Convolutional Networks, 2S-AGCN
[13], is a variant of ST-GCN. Instead of only providing a fixed physical topology, they compute the semantic-level graph correlations
at the same time. Besides, they also involve a learnable matrix with
the size of A. Therefore, they totally introduce nine matrices, which
means that

L ¼ A þ B þ C;

ð9Þ

where each matrix A; B, and C, consist of three sub matrices. Thus, f
is also a summation function with self-loops. Then
g 1 ð AÞ ¼ A þ Bh ð AÞ, where Bh ð AÞ is a learnable matrix with the same
size of A. And g 2 ð X Þ ¼ C for the entry C i;j of the C is

C i;j ¼

e/ðhðxi ÞÞwðhðxj ÞÞ
:
n
X
e/ðhðxi ÞÞwðhðxj ÞÞ

ð10Þ

j¼1

 
Here,  represents the matrix multiplication. hðxi Þ and h xj are
the representation of node i and node j from X. Here, the authors
also introduce two projection functions / and w to map features
to another feature space, where the Gaussian similarity can be
used to measure the node correlation strength. In practice, the projection functions / and w are implemented by the channel-wise filters. All of these will increase the computational complexity.
3.2.3. NAS-GCN
Peng et al. have provided an automatic way to build a GCN for
this task, which is named as NAS-GCN [15]. This work not only provides an involvement of higher order connections, but also computes a layer-wise dynamic graph based on the semantic
information. All of these matrices are determined by an automatic
method, i.e., NAS. Besides, they also involve a learnable matrix with
the size of A. Here, we discuss the searched GCN architecture
instead of the searching method. From the provided searched
architecture, we know that they introduces different kinds of
topology matrices for different layers. In total, there are four kinds,
which means that

L ¼ A2 þ A4 þ B þ C:

4. Experiments
In this section, we carry out comparative experiments on two
large-scale skeleton datasets, i.e., NTU RGB+D [2] and NTU RGB+D
120 [16], to evaluate the performance of our model on the action
recognition task. Firstly, we briefly describe the datasets and the
corresponding experimental settings. Then, we provide an ablation
study. Finally, we will give all the comparison results with the
state-of-the-art methods and a corresponding analysis.

ð11Þ

This method involves more topology matrices compared to previous ST-GCNs. Here, f is also a summation function with selfloops. But g 1 ð AÞ ¼ A2 þ A4 , which introduces k-hop connections
by Chebyshev polynomials. Matrix B is the learnable matrix just
like that in 2S-AGCN while g 2 ð X Þ ¼ C, using different projection
functions / and w to compute the Gaussian similarity. These functions are implemented by spatial filters, temporal filters, and also
spatial-temporal filters, which will again largely increase the computational complexity. In total, the method computes fifteen
matrices for each layer.

4.1. Datasets and metrics
NTU RGB+D. [2] is currently the most widely used indoorcaptured action recognition dataset. There are four modalities, as
shown in Fig. 3, in this dataset. Here, we focus on skeleton data,
which contains a total of 56,880 3D skeleton video clips. The clips
are captured from three cameras with different settings. All video
clips contain a total of 60 human action classes including both
single-actor and two-actor actions. The maximum frame number
of a video clip is 300 and 25 joints coordinates are captured for
each actor skeleton. The skeleton topology is illustrated at the second one of Fig. 3. Original work [2] suggests two benchmark evaluations, which are Cross-Subject (CS) and the Cross-View (CV)
evaluations. In the CS evaluation, the dataset is divided into training and testing sets according to the subjects. The training set contains 40,320 videos from 20 subjects, and the rest 20 subjects with
16,560 video clips are used for testing. In the CV evaluation, dataset
is divided by the camera ID number. The 37,920 videos captured
from camera two and three are used in the training and the

3.2.4. Our global graph network
With the aforementioned information, we can observe that
when GCNs involve more matrices to encode the topology information, hopefully they can get some benefits for the skeleton-based
action recognition. However, we argue that it is unnecessary to
introduce such complicated operations, i.e., different g functions,
for computing these matrices. Following the mainstream
approaches of this field, all the graphs in each sample will share
an identical set of topology matrices. Therefore, we have sufficient
reasons to involve all the nodes in each graph to capture global
graph information, since there are only 25 nodes in each graph.
In this way, we do not need to manually design a physical topology
graph. In addition, we do not need to utilize expensive projection
functions to compute the Gaussian similarity.
48
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Fig. 2. Illustration of our framework. We stack several of our ST-GGN blocks to model the graph representation such that accurately providing an action prediction. For each
of our ST-GGN block, there are mainly two parts, i.e, Global graph network, GGN, and the multi-scale temporal model, MST. Thus, the ST-GGN block is constructed by one GGN
and three MSTs. In each GGN model, the core operation is the tensor rotation. By this way, we change the node dimension to the channel dimension, Then, the global graph
information can be easily captured by utilizing a channel-wise filter. In order to involve more graph information, we introduce a multi-head strategy. Here, we keep all the V
nodes. and a residual connection is employed to analogue to the self-loop in the spectral GCN. In the temporal filter, inspired by the Inception module [22], we adopt a multiscale temporal filter via dividing the model into six branches, and each branch is assigned with convolutional filter 1  1; 3  1 with different dilation sizes to capture multiscale information, and also max pooling.

Fig. 3. Illustration of the NTU datasets [2]. There are four modalities, including RGB, skeleton (shows in RGB + skeleton for better visualization), depth, and IR modalities of a
sample frame. Here, we only focus on skeleton data.

frames. We test on this noisy 2D dataset to evaluate the robustness
of our model. During comparison, both the Top-1 and Top-5 recognition accuracies are reported since this task is much harder due to
its great variety.
The skeleton in Fig. 3 is the pre-defined skeleton typologies for
NTU datasets. It shows the common way to encode the skeleton for
the two benchmarks, though there are different encoding strategies with different joint numbers for the skeletons, like for the
Kinetics-Skeleton dataset. Note that the positions of joints in the
topology is different from that in the data tensor. which means
the neighbors in the tensor may not be their real neighbors in
the topology. We do not introduce the manually defined topology
information into our model. Instead, we let the network, ST-GGN,
automatically capture the correlations by their context.

18,960 videos from camera one are used for testing. We report the
Top-1 accuracy on both of the two benchmarks. For inputs with
more than one stream, e.g., bones, a score-level fusion result is
reported.
NTU RGB+D 120. [16] is the extended version of the NTU RGB+D
dataset and it is much bigger than previous one. Besides, the new
dataset is much more challenging since it involves more subjects
and action categories. There are a total of 114,480 samples captured from people in a wide range of age distribution. The subjects
increase from the previous 40 to 106 distinct subjects. Besides, the
action categories also increase from 60 to 120. But the skeleton
topology is still the same. According to [16], this dataset also suggests two evaluation metrics. These two evaluation protocols are
Cross-Subject (CS) and the Cross-Setup (CST). The former one splits
subjects in half to training and testing parts while the Cross-Setup
metrics divides the samples based on the camera setup IDs. There
are 32 different camera set-ups with different camera height and
distance and for each set-up, they give a set-up ID. Thus, the dataset is divided into training part with even setup IDs and odd setup
camera IDs for testing (16 setups). Consistent with the benchmark
method, we report Top-1 accuracy on the two benchmarks with
only one stream. One can definitely improve the performance by
introducing two input streams.
Kinetics-Skeleton. is estimated from the action dataset Kinetics [24]. There are approximately 300 000 video clips, covering 400
kinds of human actions and being collected from YouTube. The
original Kinetics-Skeleton dataset is provided by Yan et al. in their
ST-GCN [7]. They employed the open source toolbox OpenPose [25]
to estimate the 2D joints location (18 coordinates) of each frame.
This dataset is very noisy. For frames which contain more than
two persons, only the top-2 persons are selected based on the average joint confidence. The released data pad every clips to 300

4.2. Experiment settings
4.2.1. Data preparation
We keep the data preprocessing consistent with the previous
best methods [13,15] for fair comparison. All the skeleton
sequences are unified to 300 frames with two actors for each
frame. For the single-actor data, we add the second body by padding the values with zeros. Thus, there are a total of 600 graphs
with 15000 nodes in each input graph sequence. For works using
two-stream networks [15,13], we also compute the second-order
information to train the second architecture, and report the
score-level fusion results just as they do.
4.2.2. Model settings
The architecture is shown in Fig. 2. Our ST-GGN has three blocks
for three learning stages. Each GGN block is followed by three
multi-scale temporal filters (MSTs). For each MST, we set four
49
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different kinds of dilations, which means it can capture temporal
information with the temporal windows from three (when dilation
is one) to nine (when dilation is four). Stacking three MSTs will
make the maximum of temporal windows size to 27. We also
reduce the video frames by a factor of two at the first and the second stages. This reduces the input from 300 frames to 150 and then
to 75 frames. At the same time, we double the channels once we
reduce the temporal length. This is just like CNN increases the
channel numbers when reducing the resolutions. In our ST-GGN,
the feature maps are learned from the original three to 96, and
then it been doubled to 192 at the second stages. Then it doubled
again at the third stages. Thus, after the third stage, we get 384 feature maps which encodes the entire 25 nodes. A succeeding fully
connected layer and a softmax are utilized for the final classification. Like previous works [7,13,15], the last 384 feature maps are
averaged to a 384 dimensional vector and then is used for the final
class prediction. There are two tensor rotations in each of our
block. We add a batch normalization layer after the second rotation
since the feature will be changed again after the tensor rotated
back if we add it after the first one. There are nine and fifteen
topology matrices in 2S-AGCN and NAS-GCN, respectively. In fact,
multiple topology matrices provide multiple different ways to
aggregate the node features. Similarly, our multi-head GCN also
provided different ways to propagate the information. Inspired
by this, we empirically set the number of multi-head in GGN to
thirteen. Even though, comparing to the two methods, we do not
increase many parameters, which will be shown in the ablation
experiment part.

Table 1
Ablation Experiment. Here, the comparisons are preformed on NTU RGB+D under the
CS evaluation.
Methods

Params(M)

Acc. (%)

ST-GCN [7]
2S-AGCN [13]
NAS-GCN [15]

3.141
3.450
6.567

81.5
86.8
87.4

Ours(GGN-T9)
Ours(2S-MST)
Ours(MS-TCN)
Ours

1.982
1.609
0.891
0.829

84.6
86.9
88.1
88.2

We also want to know the contribution of each part. Thus we
replace the GGN and the MST with previous modules. Here, 2SMST is built by replacing our GGN with GCN from 2S-AGCN. It
can be seen from Table 1 that the accuracy drops about 1.3%, which
proves the effectiveness of our GGN module. Here, we do not use
the GCN from NAS-GCN since they provide different GCNs for different layers. To verify the effectiveness of the MST, we replace it
with a temporal filter with a 9  1 kernel, which the temporal filter
for the aforementioned three ST-GCNs, and build the GGN-T9
model. When compare it with our model, we can see the superiority since it drops the performance by 3.6% with two times of the
parameters. All of these ablation studies prove the effectiveness
of our method.
4.4. Comparison with the state-of-the-art methods
In this section, we will compare our ST-GGN with the State-ofthe-art (SOTA) methods on two current most challenging 3D datasets, i.e., NTU RGB+D [2], and the NTU RGB+D 120 [16].
NTU RGB+D dataset: We follow the original benchmark and
evaluate on NTU RGB+D dataset under the CS and CV metrics. Here,
we compare with 14 state-of-the-art skeleton-based action recognition approaches, including both handcrafted and deep learning
methods. Specifically, the hand-crafted method is from [27]. Deep
learning methods include reinforcement learning based method
[28], CNN-based method [5], RNN-based methods [2–4,29,30]
and current famous GCN-based methods [10,7,11,14,13,15]. All
the comparison results are listed in Table 2. In this task, like
[13,15], we build two stream networks and report the best result
after performing the score-level fusion on joint and bone data.
It can be seen from Table 2 that our model achieves the best
performance in terms of both evaluation metrics. Specifically, our
model gets the current best result 90.1% and 95.9% on CS and CV
evaluations, respectively. Note that, when compared to the current
best method, NAS-based GCN method [15], our model also outperforms it in accuracy while the model in [15] is about eight times
larger than our model. All these results prove the effectiveness
of our method.
NTU RGB+D 120 dataset: NTU RGB+D 120 dataset is more challenging than previous dataset since it involves more subjects and
more action categories. On NTU RGB+D 120 dataset, we compare
with 14 skeleton-based action recognition approaches under CS
and CST evaluation metrics. The comparison methods include a
hand-crafted method [27], conventional deep learning methods
[2,31–34,6,35–39], and current commonly used GCN-based methods [7,14,40,41]. Here, like the original work [16], we report the
best result on joint data. Definitely, one can further improve the
current performance by using two stream architectures, just like
for the NTU RGB+D dataset. All the comparison results are listed
in Table 3.
We can see from Table 3 that our model outperforms most of
the compared approaches under both CS and CST metrics. And it
is able to get comparable results when compared to more

4.2.3. Training details
All the experiments are performed on the PyTorch [26] deep
learning framework. We conduct 70 epochs for the NTU RGB+D
dataset while 80 epochs for NTU RGB+D 120 dataset since the latter one is larger than the former. During the training process, the
cross-entropy loss is utilized to optimize the networks. A stochastic gradient descent (SGD) with Nesterov momentum (0.9) is
applied in the optimization algorithm for the networks. The weight
decay is set to 0.0005. The learning rate is set as 0.05 and is
decreased by a factor of 0.2 when the training phase reaches at
the 30th epoch, 50th epoch, and 60th epoch.
4.3. Ablation experiments
In this section, we will evaluate the effectiveness of our method
on the NTU RGB+D dataset under the Cross Subject evaluation.
Here, we compare with the three ST-GCNs [7,13,15], in terms of
the model parameters (Params), and the accuracy (Acc.). There
are mainly two parts in our ST-GGN, namely GGN and MST. We
would like to investigate the contribution of each part. Thus, we
replace our MST with identical temporal filters, which is a 2D convolutional filter with a size of 9  1. In this way, we prove the effectiveness of the temporal module. To verify the capability of the
GGN, we replace it by the GCN module from 2S-AGCN [13] to test
whether the performance will drop or increase.
The results are listed in Table 1. It can be seen that on the NTU
RGB+D dataset under the Cross Subject evaluation, our method not
only achieves the best result when compared with the mainstream
ST-GCNs [7,13,15], as well largely reduces the model parameters.
Specifically, we improve the accuracy by 6.7% when compared to
ST-GCN. We also compared to the MS-TCN in work [23], since
our MST module is inspired by this module. From Table 1, we
can see that when compared to MS-TCN, our method achieves
superior performance with a more compact model. Besides, the
most encouraging result is that we can also outperform the current
best method NAS-GCN by 0.8% with only 12.6% of its parameters,
which sufficiently proves the effectiveness of our approach.
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Table 2
Comparisons on NTU RGB+D with 14 state-of-the-art methods. Here, we report the results for both CS and CV metrics. It can be seen that our method can get the current best
results under any given metrics.
Methods

CS(%)

CV(%)

FLOPs (G)

Dynamic Skeleton [27]
P-LSTM [2]
STA-LSTM [3]
TCN [5]
VA-LSTM [4]
Deep STGCK [10]
ST-GCN [7]
DPRL [28]
SR-TSL [29]
STGR-GCN [11]
AS-GCN [14]
2S-AGCN [13]
2sAGC-LSTM [30]
NAS-GCN [15]

60.2
62.9
73.4
74.3
79.2
74.9
81.5
83.5
84.8
86.9
86.8
88.5
89.2
89.4

65.2
70.3
81.2
83.1
87.7
86.3
88.3
89.8
92.4
92.3
94.2
95.1
95.0
95.7

16.356
35.532
37.224
54.4
108.82

Ours

90.1

95.9

5.46

advanced methods, like shift-GCN [40] and MixD [41]. Specifically,
when compared to the current best CNN-based method [37], GCNbased methods are able to get more than 10% improvements on
average, which tells the reason why the graph convolutional networks are much welcomed for this task. The comparison among
the GCN-based methods, ST-GCN [7] and AS-GCN [14], also show
the outstanding of our approach. For instance, when compared to
the AS-GCN [14], which is the previous best model for this task,
we can both get 2.8% improvements under the CS and CST evaluation metrics. Since the new comparison methods, shift-GCN [40]
and MixD [41], introduce more advanced techniques, like hyperbolic space [42] and shift GCN, the classification accuracy is further
improved. However, our method still gets a comparable even
though not the best result, with much lighter computational cost.
Besides, just as mentioned before, the number of parameters in
our model is much less than the other ones. All of these proves
the effectiveness of our method.
Kenetics-skeleton dataset:Here, to test the robustness of our
model, we evaluate on the Kenetics-skeleton dataset. We compared to eight state-of-the-art skeleton-based action recognition
approaches, including one hand-crafted method [43], two conventional deep methods [2,5], and four GCN-based methods
[7,14,13,15]. All the comparison results are listed in Table 4. Like
[13,15], we report the best results after performing the scorelevel fusion on joints and bones.
This task is much challenging since the skeleton data is estimated by third-party source, OpenPose [25] and there are much
more classes (400 classes). It can be seen from Table 4 that our

Table 4
Performance comparison on Kenetics-skeleton with the third-party estimated
joint inputs. Note that the provided skeletons are 2D noisy ones. Here, we compare to
eight state-of-the-art methods and report both the Top-1 and Top-5 results.

Methods

CS (%)

CST (%)

Source

50.8
25.5
55.7
58.2
58.3
58.4
60.3
61.2
36.3
62.2
64.6
72.4
59.9
77.7
80.5
80.9

54.7
26.3
57.9
60.9
59.2
57.9
63.2
63.3
44.9
61.8
66.9
71.3
62.4
78.9
83.2
83.2

CVPR2015
CVPR2016
ECCV2016
TIP2017
CVPR2017
CVPR2017
PR2017
TIP2017
TPAMI2018
TIP2018
CVPR2018
AAAI2018
TPAMI2019
CVPR2019
ACM MM2020
CVPR2020

Ours

80.5

81.7

Methods

Top-1(%)

Top-5(%)

Source

Feature [43]
P-LSTM [2]
TCN [5]
ST-GCN [7]
AS-GCN [14]
2S-AGCN [13]
STGR-GCN [11]
NAS-GCN [15]

14.9
16.4
20.3
30.7
34.8
35.1
33.6
35.5

25.8
35.3
40.0
52.8
56.5
57.1
56.1
57.9

CVPR2015
CVPR2016
CVPRW2017
AAAI2018
CVPR2019
CVPR2019
AAAI2019
AAAI2020

Ours

33.1

55.2

-

model achieves the Top-1(33.1%) and Top-5(55.2%) performance
on Kinetics-Skeleton dataset, which presents the score-level fusion
from joint and bone. We can get a comparable, but not best result
when compared to the current best method [15]. However, our
model is only one eighth of the current best model, which proves
the effectiveness of our method.
5. Conclusions
In this paper, we present an efficient and compact spatial temporal global graph network, ST-GGN, to deal with the skeletonbased action recognition task. The ST-GGN ingeniously provides a
global graph information capturing strategy by tensor rotation.
With this strategy, the learning of the graph embedding does not
need any pre-defined topology matrix. Besides, the graph information can be easily extracted in the Euclidean space. This not only
improves the efficiency of the learning procedure of the graph
topology, but also largely reduces the model parameters. To capture more temporal dynamic information with less parameters,
we build multi-branch temporal filters with different time windows. We finally construct our ST-GGN model by combining these
two parts. Extensive experiments are conducted to evaluate STGGN on current largest 3D skeleton-based action recognition datasets, including NTU RGB+D, and NTU RGB+D 120. Comparison
results to many state-of-the-art methods proves its efficiency
and presents superior performance in both accuracy and model
size.

Table 3
Comparisons on NTU RGB+D 120 with 14 state-of-the-art methods. Here, we report
the results under the CST and CS evaluation metrics.

Dynamic Skeleton [27]
P-LSTM [2]
Spatio-Temporal LSTM [31]
Internal Feature Fusion [32]
GCA-LSTM [33]
MT Learning Network [34]
Skeleton Visualization [6]
2S Attention LSTM [35]
Soft RNN [36]
MT-CNN-RotClips [37]
Pose Evolution Map [38]
ST-GCN [7]
FSNet [39]
AS-GCN [14]
MixD [41]
Shift-GCN [40]

Source
CVPR2015
CVPR2016
AAAI2017
CVPRW2017
CVPR2017
AAAI2018
AAAI2018
CVPR2018
ECCV2018
AAAI2019
CVPR2019
CVPR2019
CVPR 2019
AAAI2020
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