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Abstract

Spatial-temporal graph convolutional networks (ST-GCNs)
showcase impressive performance in skeleton-based human
action recognition (HAR). However, despite the develop-
ment of numerous models, their recognition performance
does not differ significantly after aligning the input set-
tings. With this observation, we hypothesize that ST-GCNs
are over-parameterized for HAR, a conjecture subsequently
confirmed through experiments employing the lottery ticket
hypothesis. Additionally, a novel sparse ST-GCNs genera-
tor is proposed, which trains a sparse architecture from a
randomly initialized dense network while maintaining com-
parable performance levels to the dense components. More-
over, we generate multi-level sparsity ST-GCNs by integrat-
ing sparse structures at various sparsity levels and demon-
strate that the assembled model yields a significant en-
hancement in HAR performance. Thorough experiments on
four datasets, including NTU-RGB+D 60(120), Kinetics-
400, and FineGYM, demonstrate that the proposed sparse
ST-GCNs can achieve comparable performance to their
dense components. Even with 95% fewer parameters, the
sparse ST-GCNs exhibit a degradation of < 1% in top-1
accuracy. Meanwhile, the multi-level sparsity ST-GCNs,
which require only 66% of the parameters of the dense ST-
GCNs, demonstrate an improvement of > 1% in top-1 accu-
racy. The code is available at https://github.com/
davelailai/Sparse-ST-GCN .

1. Introduction
Human action recognition (HAR) is an essential topic in
video understanding and has a wide range of applications in
intelligent surveillance systems[26], and human-computer
interaction[27]. Recently, spatial-temporal graph convolu-
tion networks (ST-GCNs) [10, 11, 33, 40, 43, 51, 53] have
gained significant popularity. Compared with other meth-
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Figure 1. Model comparisons across the NTURGB+D bench-
marks. ’Dense’ means dense backbone, the deviations of Top-1
Acc across all the four NTURGB+D benchmarks remain below
2%, and the results are independent of the model size. ‘80%
Sparse’ means 80% parameters are masked out, and the sparsity
model shows a slight or no degradation in Top-1 Acc when com-
pared with the corresponding dense model. ’Assemble’ means
multi-level sparsity ST-GCNs by incorporating the sparse struc-
ture at different sparsity levels, the results show a significant im-
provement compared with the corresponding dense model.

ods [3, 16, 21, 28, 31, 46, 48, 54] that rely on RGB image
sequence [5] or optical flow analysis [44], the ST-GCNs use
body pose and movement information directly, and can ef-
fectively capture the interactions between body joints, mak-
ing it more robust against variations of camera viewpoint
and video appearance.

Although there are many ST-GCN variants with their
own merits, their recognition performance does not vary
much after aligning the model setting [20]. As depicted
in Figure 1, the deviations of top-1 Acc across all four
NTURGB+D benchmarks [32, 37] remain below 2% when
considering four different backbones [10, 18, 43, 51], and
the result is independent of the model size. On the other
hand, the model assembling has demonstrated promising
improvements in HAR performance [1, 13–15, 29, 42, 47,
47]. However, these approaches typically yield larger mod-
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els with more parameters, posing challenges for deployment
on devices with constrained hardware resources.

Observing these, we hypothesize that: 1) ST-GCNs
are potentially over-parameterized for HAR. 2) Sparse ST-
GCNs may enhance the practical application of assembling
models by reducing overall model size. We then substanti-
ated and extended these hypotheses through practical exper-
imentation, and generated a multi-level sparsity ST-GCNs
model. This model integrates identical backbones at multi-
ple sparsity levels and demonstrates improved HAR perfor-
mance without increasing parameters.

Inspired by lottery ticket hypothesis (LTH) [12, 22, 23,
36, 55], which states that an independent trainable sub-
network exists in a randomly initialized dense model, whose
performance is compared to the fully-trained network, we
substantiate these hypotheses through practical experimen-
tation in Section 4.2. Our findings reveal that sparse ST-
GCNs extracted from fully-trained dense networks achieve
comparable performance, even after masking 80% of the
parameters. Additionally, we uncover two notable draw-
backs of the sparse ST-GCNs obtained directly from the
original LTH [23]: (1) the performance heavily relies on
the initial network weights, and (2) a mask characterized by
a high sparse ratio leads to a substantial loss of information,
resulting in performance collapse.

Thus, to address the above drawbacks and obtain stable
sparse ST-GCNs from random initial weights, we proposed
a sparse ST-GCNs generator for the sub-networks extraction
from dense ST-GCNs. Firstly, to reduce the reliance on the
initial states, the masks in our method are randomly selected
or predefined and then kept fixed, while the convolution ker-
nel weights are subject to learning during training. This
process enables the conversion of parameters within the ran-
domly selected sub-network into a trainable state. Secondly,
to alleviate the loss of information and retain the advantage
of the dense network structure, an information compression
loss based on the group lasso penalty[34] was proposed.
This penalty loss was utilized to facilitate the information
transformation from weights that have been masked to the
intended sparse structures.

Furthermore, based on the proposed sparse ST-GCNs
generator, we generated multi-level sparsity ST-GCNs by
integrating the same models at various sparsity levels.
The assembled models have demonstrated a substantial
enhancement in HAR performance without parameter in-
creases. This introduces a novel way to improve the overall
performance of the assembling ST-GCNs while addressing
the challenges of model size. By leveraging sparsity, this
approach offers flexibility in model design and implementa-
tion, allowing for deployment in diverse scenarios and hard-
ware constraints without compromising efficiency or accu-
racy.

We summarize our contributions as follows:

• We successfully substantiated that ST-GCNs exhibit a sig-
nificant degree of over-parameterization by experiments
based on the LTH. To the best of our knowledge, this
is the first time to demonstrate a notable degree of over-
parameterization in ST-GCNs.

• We proposed a sparse ST-GCNs generator, which can
train stable sparse ST-GCNs from their randomly initialed
dense network. Thorough experiments have verified its
efficiency across various ST-GCN backbones. The ob-
tained sparse ST-GCNs demonstrate comparable perfor-
mance to their fully trained dense counterparts.

• Based on the sparse ST-GCNs generator, we demon-
strated that multi-level sparsity ST-GCNs, incorporating
backbones at different sparsity levels, enhance HAR per-
formance while reducing parameters, offering a novel ap-
proach to optimizing assembling ST-GCNs’ overall per-
formance and addressing model size concerns.

2. Related Works

2.1. ST-GCNs for skeleton-based HAR
GCNs have been widely used for skeleton-based HAR
[10, 11, 18, 33, 40, 43, 49–51, 53]. Yan et al. [51] intro-
duced a pre-defined skeleton graph according to the human
body’s natural link and proposed the ST-GCN to capture
the spatial and temporal patterns from the graph structure.
Upon this baseline, some spatial adaptive graph genera-
tion methods based on no-local mechanisms were proposed
to increase the flexibility of the skeleton graph structure
[10, 11, 18, 40, 53]. Instead of only applying the fixed graph
structure, these methods learned other adaptive graphs to
boost the GCNs’ representation ability. For instance, the
2S-AGCN [40] learned a data-driven adaptive graph for
all feature channels, and CTR-GCN citechen2021channel
learned an adaptive graph for each individual feature chan-
nel. Meanwhile, the multi-scale and shift GCN were pro-
posed [11, 33] to address the over-smooth problem in graph
long-distance transfer. In the temporal pattern, multi-scale
temporal convolution was proposed to boost the information
aggregation in temporal space [10, 18].

2.2. Lottery Ticket Hypothesis
First proposed by Frankle and Carbin [23], the lottery
ticket hypothesis (LTH) states that there exists a sparse sub-
network (called a winning ticket) in a randomly initialized
dense network, whose performance is comparable to the
fully-trained dense network. Furthermore, several exten-
sions [2, 12, 24, 36, 55] have been proposed to enhance
its effectiveness. These techniques have observed the ex-
istence of untrained sub-networks within randomly initial-
ized convolutional neural networks (CNNs). Remarkably,
these sub-networks can achieve comparable accuracy to a
fully trained network, even without any updates to the net-



work’s weights. Chen et al. [9] firstly expended the LTH to
the graph content. They introduced a unified GNN sparsi-
fication (UGS) framework, demonstrating the effectiveness
of LTH across various GNN architectures. While LTH has
found applications in various fields [6–9, 25, 35], our work
is the first attempt to formulate the LTH in ST-GCNs per-
spective. Moreover, we extend the LTH to be specifically
tailored for ST-GCNs while preserving the advantages of
dense network architecture.

3. Method
3.1. Preliminaries
Notations. The human skeleton in a video is repre-
sented as a spatial-temporal graph and is denoted as G =
(V,Es, Et, X), where V is the set of joints, X is the joints
feature, Es and Et is the spatial and temporal graph respec-
tively. Consider V = {vti|t = 1, ..., T, i = 1, ..., N},
where N is the number of body joints in each frame, and
T is the number of video frames. Here, vti represents the
nth body joints in tth frames. Let X ∈ RN×T×d represent
the joint coordinates as the node feature, where d is the fea-
ture dimension. As for Es, an adjacent matrix A ∈ RN×N

was defined to describe the overall spatial graph topology,
and the edges are formulated as the intro-body connection.
The Et is constructed by connecting the same joints along
consecutive frames. ST-GCNs can be divided into two
parts: a spatial-GCN (S-GCN) works on the spatial graph
Gs = (V,Es, X), and a temporal-GCN (T-GCN) works on
the Gt = (V,Et, X).

Spatial-GCN. The S-GCN works on a spatial graph Gs,
and the main operation is to update the node features by
aggregating information from its neighborhood within the
same frame as Equation 1.

XS = Φ(X,Es, θ), (1)

where XS represents the outputs of S-GCN, and θ the pa-
rameters of the mapping function. To achieve this, rewrit-
ing the input features as X = {Xt ∈ RN×d|t = 1, ..., T},
and outputs XS = {Xt

S ∈ RN×C |t = 1, ..., T} of S-GCN
can be formulated as Equation 2, where C is output feature
channels.

Xt
S = f(AXt, θ), t = 1, ..., T, (2)

where f is an updating function with learnable parameters
θ.

Temporal-GCN. The T-GCN works on the Gt, and the
key idea is to update the joints’ features at the current frame
by aggregating the features from its K-neighbor frames as
Equation 3.

XT = Ψ(X,Et, ω), (3)

where XT represents the outputs of T-GCN, ω is the param-
eters of the mapping function Ψ. To achieve this, rewriting

X = {Xn ∈ RT×d|n = 1, ..., N} as the input feature of
T-GCN, the output XT = {Xn

T ∈ RT×d|n = 1, ..., N} of
T-GCN can be formulated as Equation 4.

XTn
t
=

l∑
k=−l

ωk ∗Xn
t+k, n = 1, ..., N, t = 1, ..., T, (4)

where XTn
t

represent nth point in the tth frame, l is the
window size of temporal convolution; ω ∈ R2l−1 is the
learnable weights for feature aggregating.

Spatial-Temporal GCN. A spatial-temporal GCN is
generated by operating an S-GCN and a T-GCN sequen-
tially as Equation 5.

X
′
= Ψ(XS , Et, ω) = Ψ

(
Φ(X,Es, θ), Et, ω

)
. (5)

During the dense ST-GCNs training, let D = (x, y)
be the training data, where x is the samples, and y is the
corresponding labels. A dense ST-GCN is represented as
F(x, θ, ω) with parameters (θ, ω), and θ and ω are updated
based on the Equation 6.

θ
′
, ω

′
= argmin

θ,ω
L
(
F(x, θ, ω), y

)
, (6)

where (θ
′
, ω

′
) is the optimized parameters for the networks

and L is the classification loss function.

3.2. Lottery Ticket Perspective of Sparse ST-GCNs
As illustrated in Figure 2 (a), a learnable mask m =
(ms,mt) is introduced, where ms is the mask for the pa-
rameters θ in S-GCN, and mt is the mask for the parame-
ters ω in T-GCN. The process of sparse ST-GCNs can be
formulated as Equation 7.

X
′
= Ψ

(
Φ
(
X,Es,S(ms)⊙ θ

)
, Et,S(mt)⊙ ω

)
, (7)

where ⊙ represents element-wise multiplication. S is the
binary operation that controls the sparsity level, S(ms) and
S(mt) represent the binary mask that is utilized for sparse
ST-GCNs generation. Thus, the sparse ST-GCNs can be
trained following Equation 8

m
′

s,m
′

t = argmin
ms,mt

L
(
F
(
x,S(ms)⊙ θ,S(mt)⊙ ω

)
, y
)
,

(8)

the threshold of S is determined as the Sth smallest element
within m = [ms,mt], based on the degree of sparsity.

3.3. Sparse ST-GCNs Generator
Despite the feasibility of obtaining sparse ST-GCNs
through the algorithm introduced in Section 3.2, two draw-
backs remain apparent (see Section 4.2): (1) the perfor-
mance heavily relies on the initial network weight, as the
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Figure 2. The framework of sparse ST-GCNs generator. (a) represents the Lottery Ticket Perspective of Sparse ST-GCNs, where the weights
W in ST-GCNs are fixed, and a learnable mask m is learned. The S(m) represents the binary operation. (b) and (c) represent the two
stages of sparse ST-GCNs generator, where the weights W in ST-GCNs are learnable and the mask is pre-defined and kept fixed. During
the Warm-up Stage in (b), all the parameters W are involved in training, and the masked parameters W ∗ with M = 0 are constrained by
penalty loss. During the Fine-Tuning Stage in (c), only the parameters with M = 1 are engaged in training.

sparse ST-GCNs derived from randomly initialled exhibit
considerable performance degradation in comparison to
those extracted from pre-trained networks; (2) a mask char-
acterized by a high sparse ratio leads to a loss of informa-
tion, resulting in performance collapse.

In order to solve these two limitations, we proposed a
sparse ST-GCNs generator. Different from Section 3.2,
where the sparse ST-GCN is achieved by training masks
for the network’s weights, our proposed sparse ST-GCNs
generator maintains a static mask while allowing the net-
work weights to be trainable. At the onset of the proposed
sparse ST-GCNs generator training, a mask is randomly ini-
tialized and then kept constant, while the network’s weights
are adapted to align with the intended sparse structure. Ad-
ditionally, to leverage the advantages of the dense archi-
tecture, we divided the whole training process into two
stages: warm-up and fine-tuning, and proposed an informa-
tion compression penalty loss, denoted as Lc. During the
warm-up stage, all network parameters (θ, ω) are optimized
and the Lc is incorporated to extract relevant information
from the masked portion and then direct it toward the desig-
nated sparse network. During the fine-tuning stage, only the
parameters selected by the predefined mask are optimized.

Specifically, let M = (Ms,Mt) be a randomly selected
mask where Ms is the mask for parameters θ in S-GCN,
and Mt is the mask for parameter ω in T-GCN, and the pa-
rameters masked by M = 0 as W ∗ = (θ∗, ω∗), and those
masked by M = 1 as Ŵ ∗ = (θ̂∗, ω̂∗). During the warm-up
stage, Lc is applied to shrink W ∗ close to zero, signifying
that these parameters have a limited impact on the network
and can be eliminated to obtain the final sparse network.
Considering there are multi-layers in the whole ST-GCNs

Algorithm 1 Sparse ST-GCN Generator

Require: : (x, y), M = (Ms,Mt), warm-up, epoch, W =
(θ, ω)

Ensure: : Ms and Mt keep fixed
if epoch < warm-up then
W ∗ = W ⊙ (1−M),

θ
′
, ω

′
= argmin

θ,ω

(
L
(
F (x, θ, ω), y

)
+

λ
∑n

i=1 ∥W ∗
i ∥2

)
else
θ
′
, ω

′
= argmin

θ,ω
L
(
F
(
x,Ms ⊙ θ,Mt ⊙ ω

)
, y
)

end if

structural (normally ten layers), with W ∗ = (W ∗
i , ...,W

∗
n)

where n is the number of ST-GCN layers, a group lasso
penalty over the entire set of W ∗ can be calculated by Equa-
tion 9

Lc = ∥W ∗∥2 =

n∑
i=1

∥W ∗
i ∥2 (9)

Thus during the warm-up stage, the ST-GCNs can be trained
following Equation 10

θ
′
, ω

′
= argmin

θ,ω

(
L
(
F(x, θ, ω), y

)
+ λ

n∑
i=1

∥W ∗
i ∥2

)
,

(10)

where λ is a hyper-parameter to balance the two loss items
and set as 1 in our experiments.

During the fine-tuning, only the parameters in the in-
tended sparse structure are involved in training, and the



sparse ST-GCNs can be trained by following Equation 11.

θ
′
, ω

′
= argmin

θ,ω
L
(
F
(
x,Ms ⊙ θ,Mt ⊙ ω

)
, y
)
, (11)

where Ms and Mt are randomly initiated and kept fixed dur-
ing the training. Thus, the overall pipeline of the sparse
ST-GCN generator can be illustrated as Algorithm 1

4. Experiments
In this section, joint coordinates were utilized as input fea-
tures. By extracting the subnet from the fully pre-trained
dense ST-GCNs and verifying that the subnet yields com-
parable results to the original ST-GCNs, we confirmed
Hypotheses 1 regarding the over-parameterization of ST-
GCNs. Then we verified the advantages of the proposed
sparse ST-GCNs generator on four backbones [10, 19,
43, 51] using the NTU-RGBD dataset [32, 37]. Finally,
we proved that multi-level sparsity ST-GCNs can enhance
HAR performance with fewer parameters. Training details
can be found in Supplementary

4.1. Datasets
Four commonly-used datasets were utilized: NTU RGB+D
60 [37], NTU RGC+D 120 [32], Kinetics-400 [5], and Fin-
eGYM [38]. The details can be found in Supplementary.

4.2. Evidence of Over-parameterized in ST-GCNs
To prove that the dense ST-GCNs are over-parameterized
for HAR, we employed the LTH in fully trained ST-GCN
[51] and CTR-GCN [10]. By extracting the subnet from
the pre-trained dense network, we observed that the sparse
network achieves a comparable result to the full dense net-
work. As shown in Figure 3, even when masking out 80%
of the parameters from the pre-trained dense network, there
is a slight or no degradation in performance.

Let’s look at the two drawbacks of sparse ST-GCNs
based on LTH. From Figure 3, it can be observed that the
ST-GCN with the randomly initiated shows a significant
degradation when compared with that pre-trained. On the
other hand, As illustrated in Figure 3, both ST-GCN and
CTR-GCN show a significant degradation in performance
when the sparsity ratio exceeds 95%. These two drawbacks
are effectively tackled by our sparse ST-GCNs generator.

4.3. Experiments for Sparse ST-GCNs Generator
Effectiveness of Sparse ST-GCNs Generator. To validate
the effectiveness of the proposed sparse ST-GCNs gener-
ator, four different backbones [10, 19, 43, 51] were em-
ployed, considering two datasets [32, 37]. The networks
were initialized randomly, and sparsity levels of 0.6, 0.8,
0.95, and 0.99 were applied. The performance of the sparse
ST-GCNs made by the proposed generator is shown in Ta-
ble 1. Across all four backbones, the sparse network with

80% of parameters masked out exhibits only a slight or no
degradation in performance (< 1%).

When evaluating the performance of sparse ST-GCNs
under model-size constraints, it is clear that the optimal
sparsity level varies for each backbone. As illustrated in
Table 1, the performance degradation in sparse structures
is associated with the model size in a way. Specifically,
as the model size increases, the optimal sparsity level also
increases. Comparing the AA-GCN (model size: 3.47M)
and DG-STGCN (model size: 1.31M), it can be observed
that the performance shows a smaller decline in the AA-
GCN than in the DG-STGCN when setting the sparse level
as the same. For instance, at 99% sparsity, AA-GCN’s per-
formance degradation in sparse structure is less than 2%,
which is lower than DG-STGCN’s degradation (> 3%).

Comparing the performance of sparse ST-GCNs in each
dataset. It is clear that the ideal sparsity level relies on the
size of the dataset. As shown in Table 1, at the same sparse
level, NTU60 demonstrates less performance degradation
compared to NTU120 for all four backbones. Taking the
CTR-GCN as an example, when setting the sparse level to
0.99, the performance on NTU60-Xsub experiences a 1.1%
degradation, while both NTU120 witness a degradation of
over 4%. This suggests that the optimal sparsity level tends
to be lower in larger datasets.

Ablation of The Penalty Loss. In order the validate
the influence of the penalty loss in the warm-up stage, the
sparse ST-GCN was trained in two settings, with penalty
loss and without penalty loss. The result is shown in Fig-
ure 4, it is evident that the inclusion of the information com-
pression penalty loss in the sparse ST-GCNs generator con-
sistently led to improved performance when compared to
training without it. This effect was especially notable at
higher sparse levels, where the performance gap became
quite substantial. Certainly, considering the performance
in NTU120-Xset, the difference in performance between
training with the penalty and without it exceeds 10%. Ab-
lation of The Warm-up Stage. To verify the importance
of the warm-up stage, we trained the sparse ST-GCN gen-
erator using two strategies: train the sparse model without a
warm-up stage and train the sparse model with a warm-up
stage. The results are shown in Figure 5. It can be observed
that the warm-up stage plays an important role in the sparse
ST-GCNs generator, particularly at higher sparse levels. At
the sparse levels below 0.8, the sparse ST-GCNs generator
operates stably even without the warm-up stage, but there is
a noticeable degradation in performance when compared to
the configurations with the warm-up stage. Meanwhile, as
sparsity levels increase significantly, some backbones (AA-
GCN, CTR-GCN, and DG-STGCN) without the warm-up
stage may suffer performance collapse, while this issue can
be mitigated with the warm-up stage.

Based on the definition in CTR-GCN [10], four back-



Figure 3. Results for LTH in sparse ST-GCNs. Sparse level means the percentage
of masked parameters. The sparse ST-GCNs extracted from pre-trained dense net-
works can achieve results comparable to the fully trained dense network. which
indicates the over-parametrization of the ST-GCNs. However, a notable degrada-
tion in the top-1 accuracy is observed at high sparse levels, and the sparse ST-GCN
fails to compare favourably with the baseline in the case of the randomly initiated.

Figure 4. Ablation study of the penalty loss.
‘Yes’ means training the warm-up stage with
the information compression penalty, and ‘No’
means without. It is obvious that the penalty loss
had a positive influence on the performance of
sparse ST-GCNs.

Table 1. Performance of the sparse ST-GCNs generator. The names of datasets are represented as NTU60-Xsub(60-sub), NTU60-Xview
(60-view), NTU120-Xsub (120-sub), NTU120-Xset (120-set).

Model ST-GCN (Paras:3.10M) AA-GCN (Paras: 3.47M)
Sparse Base 0.6 0.8 0.95 0.99 Base 0.6 0.8 0.95 0.99
60-sub 88.0 88.3(+0.3) 88.2(+0.2) 87.8(-0.2) 87.5(-0.5) 89.4 89.3(-0.1) 89.3(-0.1) 89.5(+0.1) 88.6(-0.8)
60-view 94.5 94.8(+0.3) 94.6(+0.1) 94.1(-0.4) 93.1(-1.4) 95.1 95.4(+0.4) 95.1(+0.0) 95.0(-0.1) 94.1(-1.0)
120-sub 82.2 82.1(-0.1) 82.4(+0.2) 82.1(-0.1) 80.1(-2.1) 83.7 83.0(-0.7) 83.9(+0.2) 83.2(-0.5) 82.2(-1.5)
120-set 85.8 85.3(-0.5) 85.6(-0.2) 85.2(-0.6) 82.1(-3.7) 85.6 86.0(+0.4) 85.8(+0.2) 85.4(-0.2) 84.1(-1.5)
Model CTR-GCN (Paras: 1.45M) DG-STGCN (Paras: 1.31M)
Sparse Base 0.6 0.8 0.95 0.99 Base 0.6 0.8 0.95 0.99
60-sub 88.8 89.4(+0.6) 88.4(-0.4) 88.7(-0.1) 86.7(-1.1) 90.4 90.5(+0.1) 90.1(-0.3) 89.4(-1.0) 87.4(-3.0)
60-view 96.2 95.7(-0.5) 95.7(-0.5) 95.4(-0.8) 92.8(-3.4) 96.4 95.8(-0.6) 95.5(-0.9) 94.9(-1.5) 91.4(-5.0)
120-sub 83.6 83.4(-0.2) 83.1(-0.5) 83.1(-0.5) 79.2(-4.4) 85.3 84.7(-0.6) 84.0(-1.3) 83.2(-3.2) 80.7(-4.6)
120-set 85.8 84.9(-0.9) 85.3(-0.5) 85.2(-0.6) 80.7(-5.1) 87.2 86.1(-1.1) 86.5(-0.7) 86.2(-1.0) 82.3(-4.9)

bones can be divided into two types: the graph adaptive-
based method (AA-GCN, CTR-GCN, and DG-STGCN)
where the skeleton graph is adaptable based on the no-local
mechanism, and the graph fixed-based method (ST-GCN),
where the skeleton graph is predefined and fixed. Consider-
ing performance in the context of model type, it is notable
that without a warm-up stage, models employing adaptive
skeleton graphs are prone to performance collapse under
high sparsity levels. For instance, both sparse CTR-GCN
and sparse DG-STGCN encounter failure when the spar-
sity level surpasses 0.8. However, with the warm-up stage,
these sparse ST-GCNs achieve results comparable to those
of the fully trained dense network, even with 95% parame-
ters masked out. Meanwhile, in the case of the graph fixed-
based method (ST-GCN), the introduction of a warm-up
stage resulted in a consistent increase in performance com-
pared to training without a warm-up stage. This effect was
particularly pronounced at higher sparse levels, where the
performance gap became substantial.

4.4. Experiments for Multi-level Sparsity ST-GCNs

Inspired by the multi-stream fusion framework [42], we
constructed a multi-level sparsity ST-GCNs incorporating
the backbones in multiple sparsity levels. Specifically, we
trained four backbones with sparse levels set at 0.6, 0.8,
0.95, and 0.99, and the results for multi-level sparsity ST-
GCNs were obtained by aggregating predictions from all
sparse structures, as outlined in Table 2. It is clear that,
for each backbone, the assembled module, yields a signif-
icant improvement, but only requires only 66% of the pa-
rameters compared to the dense networks. This presents a
novel approach to enhance performance without increasing
the model parameters.

To delve into classification performance, we conducted
a detailed analysis of the classification distribution across
the entire dataset. Utilizing the maximum prediction prob-
ability for each sample, rather than the predicted label, we
generated violin plots to depict the distribution of classi-
fication results. In the first row of Figure 6, it’s evident



Figure 5. Ablation experiment of the warm-up stage. ‘Yes’ means training the sparse ST-GCNs with the warm-up stage, and ‘No’ means
training the sparse ST-GCNs without the warm-up stage, Four backbones were utilized on the NTU RGB+D dataset.

Figure 6. Analysis of the classification distribution for each backbone. ’Base’ means the backbone, and ’Assemble’ represents the multi-
level sparsity structure. The max probability of each sample was utilized as the final result, in the first row, the samples with max probability
ranging from 0 to 1 were analyzed. In the second row, the samples with a max probability lower than 0.5 were analyzed. From left to right,
the performance of the four backbones is analyzed.

that the distribution for the proposed assemble models is
more concentrated around 1, indicating the superiority of
the multi-level sparsity ST-GCNs. Moreover, to ensure the
results’ validity, we set a threshold of 0.5 to define the con-
fidence range. Samples with a maximum prediction proba-
bility lower than 0.5 were then utilized to generate another
set of violin plots. In the second row of Figure 6, we ob-
serve a significant reduction in the number of samples with
a maximum prediction probability lower than 0.5 in multi-
level sparsity ST-GCNs compared to their backbones. This
suggests that the proposed algorithm can confidently clas-
sify indistinguishable samples more effectively.

4.5. Comparisons with the State-of-the-art
To ascertain the effectiveness of the sparse ST-GCNs gen-
erator within the multi-modalities fusion framework [42],
we employed the DG-STGCN [18] as the backbone and
set the sparse level as 0.6, 0.8, 0.95 and 0.99, the sparse

models are represented as DG-STGCN(S*). Following this,
we trained the sparse DG-STGCN on four distinct input
modalities: joints (j), joint motion (jm), bone (b), and bone
motion (bm). The final result was obtained by aggregat-
ing the predictions from all streams. The performance of
the sparse DG-STGCN was compared with state-of-the-art
methods on NTURGB+D [32, 37], Kinetics-400 [5], and
FineGYM [38] in Table 3. It can be found that the sparse
DG-STGCN can obtain a comparable result to the SOTAs.
The multi-level sparsity DG-STGCN (represented as DG-
STGCN(A)), which requires only 66% of the parameters of
the dense DG-STGCN, obtained the SOTA in 3 datasets and
has comparable results in the other three.

5. Discussion

In this paper, we empirically demonstrated the over-
parameterization of ST-GCNs in skeleton-based HAR. We



Table 2. Experiments for multi-level sparsity ST-GCNs. The ‘Baseline’ is the result of fully trained dense networks, and the ‘Assemble’ is
the result of the multi-level sparsity ST-GCNs incorporating the backbones in multiple sparsity levels (0.6, 0.8, 0.95, 0.99 here).

Module ST-GCN AA-GCN CTR-GCN DG-STGCN
type Baseline Assemble Baseline Assemble Baseline Assemble Baseline Assemble

NTU60-Xsub 88.0 89.8 89.4 90.8 88.8 90.5 90.4 91.3
NTU60-Xview 94.5 95.4 95.1 96.2 96.2 96.5 96.4 96.6
NTU120-Xsub 82.2 84.6 83.7 85.7 83.6 85.4 85.3 86.2
NTU120-Xset 85.8 87.4 85.6 87.8 85.8 87.1 87.2 88.3

Table 3. Comparison with SOTAs. Dataset names are abbreviated as NTU60-Xsub (60-sub), NTU60-Xview (60-view), NTU120-Xsub
(120-sub), and NTU120-Xset (120-set). DG-STGCN(S∗) denotes sparse DG-STGCN with different sparsity levels. DG-STGCN(A0.66)
represents the multi-level sparsity version. Results marked with ∗ are reported by [21], and those marked with o are reported by us.

Module 60-sub 60-view 120-sub 120-set Kinetics-400 FineGYM
ST-GCN [43] 81.5 88.3 70.7 73.2 30.7 25.2*

SGN [53] 86.6 93.4 - - - -
AS-GCN [30] 86.8 94.2 78.3 79.8 34.8 -
RA-GCN [45] 87.3 93.6 78.3 79.8 34.8 -
2s-GCN [40] 88.5 95.1 - - - -
DGNN [39] 89.9 96.1 - - - -
FGCN [52] 90.2 96.3 85.4 87.4 - -
ShiftGCN [11] 90.7 96.5 85.9 87.6 - -
DSTA-Net [41] 91.5 96.4 86.6 89.0 - -
MS-G3D [33] 91.5 96.2 86.9 88.4 38.0 92.6*

CTR-GCN [10] 92.4 96.8 88.9 90.6 - -
ST-GCN++ [17] 92.6 97.4 88.6 90.8 49.1 -
PoseConv3D [21] 94.1 97.1 86.9 90.3 47.7 94.3
SKE2GRID [4] 93.8 98.6 87.3 90.8 - -
DG-STGCN [18] 93.2 97.5 89.6 91.3 40.3 95.1o

DG-STGCN(S0.6) 92.7 97.3 89.1 90.8 48.4 95.3
DG-STGCN(S0.8) 92.8 97.3 89.0 90.7 47.4 95.1
DG-STGCN(S0.95) 92.8 97.1 88.7 90.4 46.8 94.8
DG-STGCN(S0.99) 90.5 94.9 85.3 90.4 42.0 92.2
DG-STGCN(A0.66) 92.9 97.4 90.4 91.4 47.5 95.3

showed that sub-networks extracted from fully trained
dense ST-GCNs perform comparably to their dense coun-
terparts. Leveraging this insight, we proposed a sparse
ST-GCNs generator to learn sparse architectures from ran-
domly initialized dense networks. The generator allows for
predefined or randomly initiated sparse structures. Exten-
sive ablation experiments across various backbones con-
firmed the generalization of our approach, with sparse ST-
GCNs achieving comparable performance to dense compo-
nents, even at high sparsity levels. Additionally, we gen-
erated multi-level sparsity ST-GCNs by combining back-
bones at different sparsity levels, resulting in significant
HAR performance improvements with fewer parameters.

Notably, our generic generator offers a novel approach for
future model applications. However, there are avenues for
future work. On one hand, the sparsity level is manually
set in the current method. Thus, it’s imperative to develop
mechanisms for automatically learning an optimal sparsity
level for various structures. On the other hand, the multi-
level sparsity model is currently generated by assembling
the model after single-model training. In the future, explor-
ing an end-to-end training approach for multi-level sparsity
models is warranted.
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