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Abstract

Contrastive learning has achieved great success in skeleton-
based action recognition. However, most existing approaches
encode the skeleton sequences as entangled spatiotemporal
representations and confine the contrasts to the same level
of representation. Instead, this paper introduces a novel con-
trastive learning framework, namely Spatiotemporal Clues
Disentanglement Network (SCD-Net). Specifically, we inte-
grate the decoupling module with a feature extractor to derive
explicit clues from spatial and temporal domains respectively.
As for the training of SCD-Net, with a constructed global an-
chor, we encourage the interaction between the anchor and
extracted clues. Further, we propose a new masking strategy
with structural constraints to strengthen the contextual associ-
ations, leveraging the latest development from masked image
modelling into the proposed SCD-Net. We conduct exten-
sive evaluations on the NTU-RGB+D (60&120) and PKU-
MMD (I&II) datasets, covering various downstream tasks
such as action recognition, action retrieval, transfer learn-
ing, and semi-supervised learning. The experimental results
demonstrate the effectiveness of our method, which outper-
forms the existing state-of-the-art (SOTA) approaches signif-
icantly. Our code and supplementary material can be found at
https://github.com/cong-wu/SCD-Net.

1 Introduction
Skeleton-based action recognition focuses on identifying
human actions via skeleton sequences, which has wit-
nessed significant advancements in recent years. On one
hand, deep networks, such as Graph Convolutional Net-
work (GCN) (Yan, Xiong, and Lin 2018), have been in-
vestigated and successfully applied for the task at hand.
On the other hand, several large-scale datasets, e.g., NTU-
RGB+D (Shahroudy et al. 2016), have been proposed, pro-
viding an experimental foundation for further development
of the area. However, like most visual tasks, the train-
ing of a high-performance model typically requires a mas-
sive amount of high-quality labelled data. This requirement
poses a significant challenge in data collection and anno-
tation. Fortunately, self-supervised learning has emerged as
a solution to address this challenge by leveraging inherent
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associations instead of relying on annotations. In particu-
lar, recent investigations (Dong et al. 2023) have demon-
strated that contrastive learning, owing to its interpretabil-
ity and transferability, has emerged as a front-runner in self-
supervised skeleton-based action recognition.

However, several crucial aspects are disregarded by exist-
ing approaches. First, the encoder is responsible for mapping
the input into a latent space where the contrast can be con-
ducted. While most previous methods (Zhang et al. 2022a;
Franco et al. 2023) concentrate on obtaining unified infor-
mation through commonly used spatiotemporal modelling
networks. Their designs result in the complete entangle-
ment of information, failing to provide clear indications for
subsequent contrastive measures. There have been sporadic
attempts (Dong et al. 2023) aiming to extract absolutely
isolated spatial or temporal information. But repeated evi-
dence has shown that complete isolation of spatiotemporal
information is suboptimal for action recognition (Kay et al.
2017; Lin, Gan, and Han 2019). More importantly, most ap-
proaches focus on constructing contrast pairs at same level
of representation (Guo et al. 2022) during optimisation; Or
attempt to force the interaction between information flows,
overlooking the gap between domains (Dong et al. 2023).
In addition, existing techniques (Thoker et al. 2021) often
limit themselves to scale transformation, which results in not
fully capitalising on the potential of data augmentation. Here
we introduce a novel contrastive learning framework that
focuses on disentangling spatiotemporal clues, and exploits
masking in data augmentation to provide more discrimina-
tive inputs, thereby prompting the model to learn more ro-
bust interactions.

To leverage the intricate features present in skeleton se-
quences, we propose a dual-path decoupling encoder to gen-
erate explicit representations from spatial and temporal do-
mains. Our encoder comprises two main subsystems: a fea-
ture extractor and a decoupling module. The role of the
feature extractor is to extract fundamental spatiotemporal
features from skeleton sequences as the intermediate rep-
resentations. Since lacking an overall grasp of the skeleton
sequence, it is difficult to obtain a picture of the features
simply by modelling from a certain perspective. Next, we
generate token embeddings by projection and refine the se-
quence features with a transformer-based module. The de-
coupling modules are instrumental to deriving disentangled

The Thirty-Eighth AAAI Conference on Artificial Intelligence (AAAI-24)

5949



N60XS
N60XV

N120XS

N120XE

PKUI

N60XS
N60XV

N120XS

N120XE

PKUI -PKUII

N60XS-1%

N60XS-10%Previous SOTA
Ours

86.6

81.1

91.7

88.676.9

72.8

74.1
80.1

PKUII

89.3
91.9

49.4

54.0

N60XS -PKUII

N60XV-1%

N60XV-10%

53.4
56.3

68.3

84.8

56.6

59.1

54.4

73.0

54.8

78.3

85.8

66.8

82.2

69.1

65.7

59.8

86.876.2
67.5

62.7

N: NTU-RGB+D
PKU: PKU-MMD
XS: Cross-Subject
XV: Cross-View
XE: Cross-Set

Red: Action Recognition
Purple: Action Retrieval
Black: Transfer Learning
Orange : Semi-supervised Learning

Figure 1: A comparison of the proposed method with HiCo-
Transformer (Dong et al. 2023), using multiple evaluation
metrics. (Better view in colour.)

joint-based and frame-based representations, leading to en-
hanced interpretability of the learned representations.

The principle underlying contrastive learning lies in
achieving that the encoded query exhibits similarity with its
corresponding key while showing dissimilarity with other
keys from the backup queue (He et al. 2020). Here we extend
contrastive loss to measure discrimination among represen-
tations of multiple spatiotemporal granularities. We strategi-
cally incorporate a global view of spatiotemporal represen-
tation as an anchor and evaluate its correlation with other
representations obtained from an alternate encoder. To elab-
orate further, we fuse and project the cues derived from the
encoder into the contrastive space to create a global repre-
sentation. Our aim is to establish a bridge that facilitates the
interaction of information across different domains through
the utilisation of this anchor.

Furthermore, to prompt the model to learn more robust in-
teractions, we propose an innovative mask-based data aug-
mentation in a structurally-constrained manner. Specifically,
we mask the adjacent area of the randomly selected region in
the spatial domain and construct cube-based random mask-
ing in the temporal domain. This structured masking strat-
egy serves to significantly increase the variety of training
data. Moreover, it enables the model to implicitly capture
spatiotemporal contextual relationships within the skeleton
sequence.

We perform extensive experiments to demonstrate the ef-
fectiveness of the proposed method. As shown in Figure 1,
the results indicate that our approach surpasses the main-
stream methods in all downstream tasks, demonstrating its
superior capabilities in skeleton-based action understanding.

2 Related Work
2.1 Skeleton-based Action Recognition
Skeleton-based action recognition has garnered significant
attention by the research community (Ke et al. 2017; Gupta
et al. 2021; Wu et al. 2023). In earlier approaches (Du,
Wang, and Wang 2015; Chen et al. 2006), customised
techniques were employed to classify skeletons via tradi-
tional feature extraction methods. Recently, GCN-based ap-

proaches (Yan, Xiong, and Lin 2018; Li et al. 2019; Liu
et al. 2020) have gained prominence in the field. The gen-
eral paradigm initially models the skeleton sequence as a
spatiotemporal graph and subsequently employs information
aggregation and updating techniques. Inspired by the no-
table achievements of transformer (Dosovitskiy et al. 2020;
Liu et al. 2022), some recent methods (Zhang et al. 2021,
2022b) have explored its powerful sequence modelling ca-
pability for skeleton-based tasks.

2.2 Contrastive Learning
Contrastive learning is a typical solution for self-supervised
learning. Unlike generative learning (Zhu et al. 2020; Huang
et al. 2022), contrastive learning does not involve explicit
generation or reconstruction of the input. Instead, it focuses
on learning discriminative representations through a con-
trastive loss. Most contrastive learning methods (Chen et al.
2020; Grill et al. 2020) operate on the principle of pulling
positive pairs closer to each other, while simultaneously
pushing dissimilar pairs farther apart within a projection
space. By exploring the internal properties within the data,
contrastive learning enables learning more generalised and
robust representations, resulting in remarkable performance
on downstream tasks (Wang and Liu 2022).

2.3 Contrastive Learning for Skeleton-based
Action Recognition

Contrastive learning has also been successfully employed
in skeleton-based action recognition. Thoker et al. (Thoker
et al. 2021) proposed the intra-skeleton and inter-skeleton
contrastive loss, achieving promising results in several
downstream tasks. Dong et al. (Dong et al. 2023) utilised
down-sampling operations at different stages of the encoder
to obtain multi-scale features for constructing a hierarchi-
cal contrastive learning framework. Franco et al. (Franco
et al. 2023) proposed a novel approach that involves project-
ing the encoded features into a hyperbolic space, which is a
non-Euclidean space that allows more efficient modelling of
complex association. Despite these advances, most existing
studies overlook the crucial step of extracting and disentan-
gling spatial and temporal clues from skeleton sequences,
not to mention the failure of considering the interactions
among representations of different domains.

For contrastive learning, data augmentation processes the
training sample to obtain positive input pairs with certain
differences. Thoker et al. (Thoker et al. 2021) used vari-
ous spatiotemporal augmentation techniques, including pose
augmentation, joint jittering, and temporal crop-resize, to
generate different inputs for the query and key encoders.
While most methods follow similar scale transformation
paradigms, Zhou et al. (Zhou et al. 2023) proposed a strat-
egy of masking selected nodes and frames, which greatly
extends the augmentation to ”destroy” the data structure.
However, unlike image data, skeleton sequences have strong
physical associations, meaning that even if a certain node or
frame is corrupted, it can easily be corrected using the in-
formation from adjacent areas (Cheng et al. 2020). Incorpo-
rating the structural constraints, we expand the point-based
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(b) The framework of SCD-Net.

Figure 2: Our model benefits from three innovations: a dual-
path encoder for distinct spatiotemporal information decou-
pling; a bespoke cross-domains contrastive loss promoting
the information interaction; a structurally-constrained mask-
ing strategy for efficient data augmentation.

masking approach to area-based masking. This extension
aims to prevent potential data leakage and enhance the learn-
ing capabilities of SCD-Net.

3 The Proposed SCD-Net
In this section, we will initially present the overall frame-
work of SCD-Net, followed by a detailed introduction to
each of its components in the subsequent sections.

3.1 The Overall Framework
The overall pipeline of the proposed method consists of
two branches, as shown in Figure 2 (b). Each branch has
the same components, including data augmentation and en-
coder. For any input data, we link the outputs obtained by
the encoder and momentum encoder to form contrast pairs.

To elaborate further, the input of the network is defined
as a sequence of human body key points, denoted as X ∈
RC×T×V , where T is the length of the sequence, C is the
physical coordinate defined in a 2D/3D space, V is the num-
ber of key points. In SCD-Net, we first apply data augmen-
tation to generate the augmented views for the encoders.
Second, for each encoder, we deploy feature extraction and
(spatial/temporal) decoupling operations to generate spatial
feature zs ∈ RC2 and temporal feature zt ∈ RC2 from the
entangled information. Third, we project these clues into the
same semantic space to obtain the final representations.

The loss function, Lθ,ξ, is defined as a measure of interac-
tions of these representations. The parameters θ and ξ spec-
ify the architecture corresponding to the encoder and the mo-
mentum encoder. During the optimisation, the loss is back-
propagated only through the encoder, while the parameters
of the momentum encoder are updated using a momentum
update strategy. So the final optimiser is:
θ ← optimizer(θ,∇θLθ,ξ, r), ξ = ξ ∗m+ θ ∗ (1−m), (1)
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clean spatial and temporal representations of a skeleton se-
quence.

where r and m are the learning rate and decay rate.

3.2 The Dual-path Decoupling Encoder
In general, the features extracted from a skeleton sequence
are characterised as complex spatiotemporal associations
describing an action. However, we argue that this paradigm
is not suitable for contrastive learning. As the information
is greatly entangled, it is difficult to provide clear guidance
for the subsequent comparison. In SCD-Net, we advocate a
dual-path decoupling encoder to extricate clear and multiple
discriminative cues from the complex sequence information.
Such clues provide clear instructions for a subsequent con-
trast quantification. More importantly, a reliable assessment
of the contrast between different domains is likely to provide
stronger discrimination.

For brevity, we generally denote the augmented input
for the encoder as X . As demonstrated by the existing
studies, completely isolating the information flow is sub-
optimal (Lin, Gan, and Han 2019; Wang et al. 2021). Given
that, we apply a spatiotemporal modelling network to extract
the intermediate features. Inspired by the excellent perfor-
mance in modelling skeleton sequences (Yan, Xiong, and
Lin 2018), we use a lg-layer GCN, consisting of spatial-
GCN (S-GCN) and temporal GCN (T-GCN), to obtain uni-
fied representations Y ∈ RC1×T×V . This can be expressed
as a process of aggregation and updating of adjacent fea-
tures. Specifically, for any Xti ∈ RC , where t and i are
the frame and joint index, the newly generated features
Yti ∈ RC1 can be expressed as:

Yti =
∑

Xuj∈B(Xti)

1

Zti(Xuj)
· Xuj · w(lti(Xuj)), (2)

where B(Xti) denotes the kernel of the graph convolution
operation on Xti, Z(·) represents normalisation, w(·) is the
weight function, and l(·) maps adjacent nodes to the corre-
sponding subset index.

Given the intermediate spatiotemporal representation Y ,
the following step is decoupling operation, which involving
projection and refinement, as shown in Figure 3. Specifi-
cally, we perform a dimension transformation on Y to de-
rive Yrs ∈ RV×(C1T ) and Yrt ∈ RT×(C1V ). These trans-
formed representations are then projected to higher seman-
tic space to obtain the corresponding spatial and temporal
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embeddings. For instance, the spatial embedding operation
is defined as:

Ys =Ws2 ∗ ReLU(Ws1 ∗ Yrs + Bs1) + Bs2, (3)

where W and B are the trainable weights and bias, Ys ∈
RV×C2 . However, the current embedding is still a rough rep-
resentation as the current features lack explicit interactions
within points or frames. While the feature extraction op-
eration incorporates significant spatiotemporal interactions,
these interactions often become intertwined. Hence, it re-
mains crucial to address the interaction of individual spa-
tial and temporal embeddings. Here we use a lt-layer self-
attention network to construct the self-correlation informa-
tion extraction process that refines the spatial and temporal
representations, as shown in Figure 3. The transformer ar-
chitecture used in this method has two main components:
self-attention and feed-forward modules. For instance, we
obtain zs ∈ RC2 as follows:

Ẑsi = SoftMax

[
Fqi(Ys) · (Fki(Ys))T√

di

]
· (Fvi(Ys)) ,

Ẑs = LN(Fc(Concat[Ẑs1, .., Ẑsi, ..., Ẑsh]) + Ys),

zs = MaxPooling(LN[FFN(Ẑs) + Ẑs]), (4)

where F represents feature projection, implemented by fully
connected layer, with Concat denoting the concatenation
operation, LN and FFN means layer normalisation and
Feed-Forward Networks, h signifying the number of heads.
zt ∈ RC2 can also be obtained by similar operations.

3.3 Cross-domain Contrastive Loss
With the decoupled spatial and temporal representations, as
shown in Figure 2, we first obtain the final representations
by:

qs = Fs(zs), qt = Ft(zt), (5)

where Fs, Ft are the corresponding projection functions,
which can be defined by two fully connected layers, simi-
lar to Eq. (3). As we discussed earlier, there is an obvious
gap between spatial and temporal domains, for which we in-
troduce a global perspective qg compatible with both as a
intermediary for contrasts.

qg = Fg[zt, zs], (6)

where Fg are the corresponding projection function. The
outputs (ks, kt, kg) of the corresponding key encoder, can
also be obtained by a similar process.

Based on these candidate features, we define a new cross-
domain loss. The core of our design lies in anchoring the
global representation and building its association with other
representations obtained by another encoder. The loss func-
tion is defined as,

Lθ,ξ , λ1 · L(qg,ks) + λ2 · L(qg,kt)+
λ3 · L(qs,kg) + λ4 · L(qt,kg),

(7)

where λ is the mixing weight of the sum operation. Specifi-
cally, for any given contrast pair u and v, L(u,v) evaluates

the correlation between u and v. The objective is to min-
imise the distance between positive pairs from the query and
key encoders, while maximising the distance from the other
features.

To achieve this, we employ the contrastive loss based on
InfoNCE (Oord, Li, and Vinyals 2018) as follows:

L(u,v) = − log
h(u,v)

h(u,v) +
∑

m∈M h(u,m)
, (8)

where h(u,v) = exp(u · v/τ) is the exponential similarity
measurement. We denote the first-in-first-out queue of the
previously extracted features, containing lm negative sam-
ples, by M .

3.4 Data Augmentation
By imposing structural constraints, our approach applies the
masking operation within a local region around the current
randomly selected joints or frames instead of relying only
on isolated points or frames. In this way, we substantially
eliminate explicit local contextual associations, and force the
encoders to model robust contextual relationships through
interactive contrastive learning.

Structurally Guided Spatial Masking Considering the
physical structure of skeleton, when a certain joint is se-
lected for masking, we simultaneously mask the points in
its adjacent area. Let us represent the adjacency relationship
using the matrix P. Pij = 1, if joints i and j are connected,
otherwise Pij = 0. We denote D = Pn, where n is the
exponent. The element Dij in D represents the number of
paths that can be taken to reach node j from node i by walk-
ing n steps. Note that reversal and looping are allowed. To
impose a structural constraint, when node i is selected, we
perform the same augmentation operation on all nodes j for
which Dij 6= 0. The only undesirable artefact of this opera-
tion is that it may give rise to a variable number of candidate
joints. To avoid this, for several randomly selected nodes,
the actual augmentation is applied only to a fixed number
(k) of points exhibiting the highest overall response on D.

Cube-based Temporal Masking The sequence follows a
linear relationship in time. To avoid information leakage be-
tween adjacent frames (Tong et al. 2022), we construct a
cube, defined by a selected segment and its adjacent frames.
Specifically, we start by dividing the input sequence into s
cubes of equal length. Next, we randomly select r cubes as
the candidates for masking.

We denote the data augmentation candidates as T . Given
a skeleton sequence X , the augmented view is obtained by:

X a , tn(X an , pn) · · · , t1(X a1 , p1), (9)

where X a1 = X , t1, . . . , tn ∼ T , and if p = False, t degen-
erates into an identity map.

4 Experiments
4.1 Experimental Settings
Datasets We evaluate the proposed method on four bench-
marking datasets, NTU-RGB+D (60&120) (Shahroudy et al.
2016) and PKU-MMD (I&II) (Liu et al. 2017).
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Method Encoder NTU-60 NTU-120 PKU-MMD I PKU-MMD II
x-sub x-view x-sub x-setup x-sub x-sub

Encoder-decoder
LongT GAN (AAAI’18) GRU 52.1 56.4 - - 67.7 26.5

EnGAN-PoseRNN (WACV’19) LSTM 68.6 77.8 - - - -
H-Transformer (ICME’21) Transformer 69.3 72.8 - - - -

SeBiReNet (ECCV’20) GRU - 79.7 - - - -
Colorization (ICCV’21) GCN 75.2 83.1 - - - -

GL-Transformer (ECCV’22) Transformer 76.3 83.8 66.0 68.7 - -
Hybrid learning

MS2L (ACMMM’21) GRU 52.6 - - - 64.9 27.6
PCRP (TMM’21) GRU 54.9 63.4 43.0 44.6 - -

Contrastive-learning
CrosSCLR (CVPR’21) GCN 72.9 79.9 - - 84.9 21.2
AimCLR (AAAI’22) GCN 74.3 79.7 63.4 63.4 87.8 38.5
ISC (ACMMM’21) GRU&CNN&GCN 76.3 85.2 67.1 67.9 80.9 36.0
HYSP (ICLR’23) GCN 78.2 82.6 61.8 64.6 83.8 -

SkeAttnCLR (IJCAI’23) GCN 80.3 86.1 66.3 74.5 87.3 52.9
ActCLR (CVPR’23) GCN 80.9 86.7 69.0 70.5 - -

HiCo-Transformer (AAAI’23) Transformer 81.1 88.6 72.8 74.1 89.3 49.4
SCD-Net (Ours) GCN&Transformer 86.6 91.7 76.9 80.1 91.9 54.0

Table 1: A comparison of the proposed method with the mainstream methods in action recognition. Bold and underlined fonts
indicate the highest and second highest results, respectively.

Implementation Details For the input data, 64 frames
are randomly selected for training and evaluation. We per-
form data augmentation operations, including rotate, flip and
shear, as well as the proposed structural spatial masking and
temporal masking, on the selected sequence. Each operation
has a 50% chance of being executed. For masking, we set
n = 2, k = 8, s = 16, r = 6. For the encoder, we refer
to MoCo (He et al. 2020) and build a query encoder and the
corresponding key encoder. The two encoders have exactly
the same structure as shown in Figure 3. For feature extrac-
tor, we borrow the structure from CTR-GCN (Chen et al.
2021) as the basic operation. For network optimisation, we
set the queue length of M to 8192 (except 2048 for PKU-
MMD I), moco momentum to 0.999, softmax temperature
to 0.2, and λ to 1.

More details are presented in supplementary material.

4.2 Comparison with the SOTA Methods
We compare SCD-Net with several SOTA methods, in-
cluding: (1) Encoder-decoder based methods: LongT
GAN (Zheng et al. 2018), EnGAN-PoseRNN (Kundu et al.
2019), P&C (Su et al. 2020), H-Transformer (Cheng et al.
2021), SeBiReNet (Nie, Liu, and Liu 2020), Coloriza-
tion (Yang et al. 2021), GL-Transformer (Kim et al. 2022);
(2) Hybrid learning based methods: ASSL (Si et al. 2020),
MS2L (Lin et al. 2020), PCRP (Xu et al. 2021), HI-
TRS (Chen et al. 2022); (3) Contrastive-learning based
methods: CrosSCLR (Li et al. 2021), MCC (Su et al.
2021), AimCLR (Guo et al. 2022), ISC (Thoker et al.
2021), HYSP (Franco et al. 2023), SkeAttnCLR (Hua
et al. 2023), ActCLR (Lin, Zhang, and Liu 2023), HiCo-
Transformer (Dong et al. 2023). To evaluate the merits of
the proposed SCD-Net, we construct multiple downstream
tasks, including action recognition, action retrieval, transfer
learning and semi-supervised learning.

Method NTU-60 NTU-120
x-sub x-view x-sub x-setup

LongT GAN 39.1 48.1 31.5 35.5
P&C 50.7 76.3 39.5 41.8

AimCLR 62.0 - - -
ISC 62.5 82.6 50.6 52.3

SkeAttnCLR 69.4 76.8 46.7 58.0
HiCo-Transformer 68.3 84.8 56.6 59.1
SCD-Net (Ours) 76.2 86.8 59.8 65.7

Table 2: A comparison with the mainstream methods in ac-
tion retrieval.

Action Recognition Here we adopt the linear evaluation
method, which involves fixing the pre-trained parameters
and training only a fully connected layer for label predic-
tion. Table 1 presents a comparison of our approach with
other SOTA methods on several popular datasets. The results
demonstrate that our method outperforms all the existing ap-
proaches by a large margin. Specifically, we achieve 5.5%
and 3.1% improvements over the previous best method on
NTU-60 x-sub and x-view, respectively. On NTU-120, our
approach surpasses the previous SOTA by 4.1% and 5.6%
on x-sub and x-set, respectively. Again, SCD-Net achieves
91.9% on PKU-MMD I and 54.0% on PKU-MMD II, which
are much higher than the existing SOTA results.

Action Retrieval Referring to (Thoker et al. 2021), we use
the KNeighbors classifier (Cover and Hart 1967) for action
retrieval while keeping all the pre-trained parameters fixed.
As reported in Table 2, our SCD-Net achieves promising re-
sults on the NTU-60’s x-sub and x-view datasets, with the
accuracy of 76.2% and 86.8%, respectively. Additionally, on
the NTU-120’s x-sub and x-set datasets, our method attains
the accuracy of 59.8% and 65.7%, surpassing all the existing
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Method Transfer to PKU-MMD II
PKU-MMD I NTU-60

LongT GAN 43.6 44.8
MS2L 44.1 45.8

IS 45.1 45.9
HiCo-Transformer 53.4 56.3
SCD-Net (Ours) 62.7 67.5

Table 3: A comparison with the mainstream methods in
transfer learning.

Method x-sub x-view
1% 10% 1% 10%

LongT GAN 35.2 62.0 - -
MS2L 33.1 65.2 - -
ASSL - 64.3 - 69.8
ISC 35.7 65.9 38.1 72.5

MCC - 60.8 - 65.8
Colorization 48.3 71.7 52.5 78.9
CrosSCLR - 67.6 - 73.5

HI-TRS - 70.7 - 74.8
GL-Transformer - 68.6 - 74.9

HiCo-Transformer 54.4 73.0 54.8 78.3
SCD-Net (Ours) 69.1 82.2 66.8 85.8

Table 4: A comparison with the mainstream methods in
semi-supervised learning.

methods by a significant margin.

Transfer Learning For transfer learning, follow (Dong
et al. 2023), we apply the knowledge representation learned
from one domain to another domain. Specifically, we load
the pre-trained parameters from the PKU-MMD I and NTU-
60 datasets respectively, and fine-tune the model on the
PKU-MMD II dataset, following the cross-subject evalua-
tion protocol. The results presented in Table 3 demonstrate
that our SCD-Net brings a performance improvement of
9.3% and 11.2%, as compared with the current SOTA re-
sults.

Semi-supervised Learning For semi-supervised learning,
we first load the pre-trained parameters and then fine-tune
the entire network on a partially labelled training set. In our
experiment, we randomly select limited of labelled samples
from the NTU-60 dataset for further training. The results in
Table 4 show that even when only 1% of the labels are avail-
able, our method achieves the accuracy of 69.1% and 66.8%
on x-sub and x-view, respectively. With 10% of the labelled
data available, the performance of our model is further im-
proved to 82.2% and 85.8%.

4.3 Ablation Study
In this part, we verify all the innovative components of the
proposed SCD-Net. All the experimental results are focused
on the action recognition task using cross-subject evaluation
on the NTU-60 dataset.

The Decoupling Encoder The primary role of our novel
encoder is to extract crucial spatial and temporal represen-
tations. In Table 5, when we discard the feature extractor,

Extractor Decoupling Accuracy
Top-1 Top-5

None Projection & Refinement 80.0 94.9
Non-Shared Projection & Refinement 86.6 97.6

Shared Projection & Refinement 85.2 96.0
Non-Shared None 63.7 89.6
Non-Shared Projection 84.0 97.1

Table 5: Ablation experiments with the decoupling encoder.

GCN Trans Accuracy
Layer Channel Layer Head Channel Top-1

2 64 1 8 2048 85.4
3 64 1 8 2048 86.6
4 64 1 8 2048 86.6
3 32 1 8 2048 86.4
3 128 1 8 2048 85.8
3 64 2 8 2048 86.4
3 64 1 4 2048 86.2
3 64 1 16 2048 85.7
3 64 1 8 1024 85.7
3 64 1 8 4096 85.1

Table 6: The details of the encoder. The bold part in black
indicates the best performance.

the performance drops a lot. This shows that the way of ex-
tracting completely isolated information flow is not feasible
in the current task, which is also in line with our expecta-
tion. It is worth noting that using non-shared feature extrac-
tors for the two branches leads to better performance than
using a shared one. When we attempt to discard decouple
module, compared with the default setting, the accuracy is
decreased from 86.6% to 63.7% as the output is impacted
by the spatiotemporal entanglement. This situation improves
after converting spatiotemporal representations into tempo-
ral and spatial domain-specific embeddings, resulting in an
accuracy of 84.0%. However, it was still inferior to the de-
sign with the refinement model. This is because refinement
provides powerful sequence modelling capabilities, thereby
refining the current rough representations.

Encoder Parameters In Table 6, we investigate the im-
pact of the parameter settings on the model performance.
Overall, the optimal performance is achieved when we use
a 3-layer GCN block, 64 as the number of output channels,
and set the transformer with 1 layer, 8 heads, and 2048 out-
put channels. The results also demonstrate that changing the
parameters does not significantly affect the model’s perfor-
mance, indicating the stability of our approach. Addition-
ally, we can see that the network size does not necessarily
improve the performance, suggesting that it is not dependent
on the network size.

Loss Function We report the results of different configu-
rations of the loss function in Table 7. We can see that the
interactive loss performs better than the traditional instance
loss, leading to 0.7% and 1.6% performance boost. When
using all three granularities jointly, the model achieves opti-
mal performance. This is because there is a significant gap
between the nature of the video information conveyed by
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Granularity Loss Type Accuracy
Top-1 Top-5

S-T Instance Loss 84.6 97.1
S-T Interactive Loss 85.3 97.2

S-T-G Instance Loss 85.0 97.5
S-T-G Interactive Loss 86.6 97.6
S-T-G Interactive & Instance Loss 86.5 97.6

Table 7: A comparison of different loss functions. ’S’, ’T’,
’G’ represent Spatial, Temporal and Global representations.

Data Augmentation Strategy Accuracy
Conventional Masking Top-1 Top-5

None None 70.1 91.1
X None 85.4 97.4
X Ours 86.6 97.6
X Random 85.6 97.4
X Spatial Only 86.2 97.5
X Temporal Only 83.7 96.7

None Ours 76.0 93.6

Table 8: A comparison of different data augmentation strate-
gies.

the spatial and temporal features, although they describe the
same action. The global anchor provides more comprehen-
sive representations, which bridge this gap and enhances the
discriminative ability. It is worth noting that the use of both
loss functions jointly does not improve the performance fur-
ther. This could be attributed to the fact that the supervisory
information across the information flow already provides ad-
equate guidance, and further guidance mechanisms are un-
necessary.

Data Augmentation Here we investigate the impact of
different data augmentation strategies on the model perfor-
mance. The results are reported in Table 8. Without any aug-
mentation, the performance drops by more than 16%, com-
pared to the default setting. When using only the conven-
tional augmentation methods, including rotation, flipping,
and shearing, the model achieves an accuracy of 85.4%. Af-
ter introducing the proposed structurally guided spatiotem-
poral augmentation, the performance of the model increases
1.2% further. Even with random masking, the performance
is still lower than the default setting.

It is worth noting that discarding either spatial or tem-
poral masking leads to a performance degradation. Also,
when only masking is used, the performance of the model is
mediocre, even far worse than using only the conventional
data augmentation methods. That is because our method
performs a compensation, instead of replacement. A proper
masking further improves the diversity of the input data and
promotes the model in learning more robust spatiotemporal
context associations. When combining all these techniques,
the performance of the model is the best.

Visualisation of The Decoupled Clues As shown in Fig-
ure 4, we use t-SNE (Van der Maaten and Hinton 2008) to
analyse the decoupled clues from SCD-Net. We select three
groups of data with different emphases for comparison. The

(a) (b) (c)

(d) (e) (f)

Figure 4: Visualisation of decoupled clues. Spatial clue: (a)
’throw’ vs ’clapping’; (b) ’brush teeth’ vs ’brush hair’; (c)
’drop’ vs ’pick up’. Temporal clue: (d) ’throw’ vs ’clapping’;
(e) ’brush teeth’ vs ’brush hair’; (f) ’drop’ vs ’pick up’;

first row represents the spatial clue and the second one is the
temporal clue. We can notice that from (a) and (d), ’throw’
and ’clapping’ have great separability on spatially and tem-
porally. From (b) and (e), ’brush teeth’ vs ’brush hair’ are
more separable on spatial domain, because the most signifi-
cant difference is the object. According to (c) and (f), ’drop’
and ’pick up’ are more separable on temporal domain, while
showing certain entanglement on the spatial domain, as they
are in reverse order in temporally. More importantly, the re-
sults demonstrate that our encoder successfully decouples
the corresponding features, which makes the specificity be-
tween different cues correspond to the same samples.

5 Conclusion
In this paper, we presented a new contrastive learning frame-
work for unsupervised skeleton-based action recognition.
The key innovation is the design of spatiotemporal clue ex-
traction mechanism. In the proposed method, we first used
a spatiotemporal modelling network to encode an action se-
quence, followed by a decoupling module for obtaining pure
spatial and temporal representations. An cross-domain loss
was proposed to guide the learning of discriminative repre-
sentations conveyed by different representations. The train-
ing of the system was facilitated by a novel data augmenta-
tion method tailored for the proposed unsupervised learning
framework. This method imposes structural constraints on
action data perturbations to enhance the efficacy of contex-
tual modelling and increase the diversity of the data. Ex-
tensive experimental results obtained on widely used bench-
marking datasets demonstrated the merits of the proposed
method that defines a new SOTA of the area.
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