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Abstract

Self-supervised skeleton-based action recognition enjoys
a rapid growth along with the development of contrastive
learning. The existing methods rely on imposing invari-
ance to augmentations of 3D skeleton within a single data
stream, which merely leverages the easy positive pairs and
limits the ability to explore the complicated movement pat-
terns. In this paper, we advocate that the defect of single-
stream contrast and the lack of necessary feature transfor-
mation are responsible for easy positives, and therefore pro-
pose a Cross-Stream Contrastive Learning framework for
skeleton-based action Representation learning (CSCLR).
Specifically, the proposed CSCLR not only utilizes intra-
stream contrast pairs, but introduces inter-stream contrast
pairs as hard samples to formulate a better representation
learning. Besides, to further exploit the potential of positive
pairs and increase the robustness of self-supervised repre-
sentation learning, we propose a Positive Feature Transfor-
mation (PFT) strategy which adopts feature-level manipu-
lation to increase the variance of positive pairs. To validate
the effectiveness of our method, we conduct extensive ex-
periments on three benchmark datasets NTU-RGB+D 60,
NTU-RGB+D 120 and PKU-MMD. Experimental results
show that our proposed CSCLR exceeds the state-of-the-art
methods on a diverse range of evaluation protocols.

1. Introduction

Skeleton-based action recognition has always attracted
considerable research interests in the filed of computer vi-
sion, as it plays a significant role in many real-world appli-
cations, such as smart surveillance, human-machine interac-
tion and mixed reality [12, 25, 35, 43]. It aims to recognize
human actions using skeleton keypoints, and shows advan-
tages under dynamic circumstance with complicated back-
ground (e.g. clutter scene, light-conditions) [40, 52]. In the
past years, most existing skeleton-based action recognition

methods are based on supervised learning paradigm, which
requires immense time and manual effort for annotating. In-
stead, self-supervised learning paradigm avoids such limita-
tions, aiming to learn discriminative spatio-temporal action
representations by exploring unlabeled skeleton data.

Several self-supervised approaches formulate the pretext
task in the way of Generative Learning, including recon-
struction of input skeleton sequence [56], solving jigsaw
puzzles [23] and motion prediction [7]. However, the gen-
erative pretext tasks force the model to pay excessive atten-
tion to low-level detailed joint features, while ignoring the
high-level semantic information which is more critical to
downstream tasks. Different from the pretext task in gener-
ative methods, Contrastive Learning typically leverages the
instance discrimination of skeleton sequences in the feature
space. Different augmentations are applied to skeleton se-
quences, thus generating multiple views. Then, contrastive
pairs are constructed based on these views, and the inher-
ent consistency constraints is utilized to attract the positive
pairs and repel negative pairs simultaneously [3,15]. Based
on the high-level semantic features, the contrastive learning
enables the model own its advantage in downstream tasks.

Despite the success of contrastive learning in this area,
previous methods rely on imposing invariance to augmen-
tations of 3D skeleton, and these positive pairs still could
be quite similar in the feature space, i.e., easy positives. As
shown in Figure 1(a), easy positives are distributed closely,
which results in less and less contribution to the loss as
training progresses. Using the easy positive pairs, the con-
trastive pretext task will be easily-accomplished, and thus
limiting the ability to explore the complicated movement
patterns [5, 14, 45]. On contrary, compared with easy pos-
itives, hard positives have longer distance in feature space
and contribute more to the loss. Obviously, the hard posi-
tives, which could make contrastive pretext task tougher in
turn, are expected to promote learning more robust repre-
sentation.

In this study, we mainly focus on handling two impor-
tant issues that lead to high similarity of positive pairs: the
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Figure 1. An illustration of the proposed approach. (a) Easy
positive pairs distribute closely in feature space, while hard posi-
tive pairs are relatively far away from each other. (b) A skeleton
sequence can be augmented to formulate two views, and then joint
and bone stream are decoupled from the two views. (c) Comparing
with typical method, CSCLR enforces not only intra-stream corre-
spondence (easy positive), but correspondence between different
streams (hard positive), e.g. joint stream and bone stream.

defect of single-stream contrast and the lack of necessary
feature transformation. First, among existing works, only
a single skeleton data stream is used for designing contrast
pairs, while other streams are underutilized. Actually, based
on the raw data, multiple streams (e.g. joint, bone and mo-
tion stream) can be obtained. There have been some stud-
ies dedicating to fuse the prediction results of these streams
in the downstream tasks [14, 21, 27, 40, 53]. However, in
contrastive pre-training stage, previous methods generally
overlook the multi-stream scenario and only construct pairs
within a single data stream. The pairs, which are derived
from the same stream, share the similar inherent informa-
tion and tend to be easy positives. Second, conventional
methods typically utilize data augmentations to construct
positive pairs [14, 21, 37, 44, 53], but such data-level oper-
ation of these pairs may not be able to explicitly guarantee
their discrepancy in feature level. At the same time, mul-
tiple sample views can be designed not only based on in-
put data space, but on feature space as well [10, 49, 58].
Compared with data augmentation, feature transformation
offers an explicit solution to design more effective pairs for
training. Thus, by involving the feature-level manipulation,
the similarity of positive pairs are expected to be further re-
duced.

To remedy the issues mentioned above, we propose

CSCLR: a cross-stream contrastive learning framework
with features extracted from multiple data stream. For the
first issue, CSCLR exploits the correspondence between
different skeleton data streams, so as to constructively learn
transferable skeleton representations that benefit to down-
stream tasks. To be specific, as shown in Figure 1(b), we
generate bone stream accompanied with joint stream. And
then, different from typical methods that only conduct intra-
stream contrastive learning, our CSCLR additionally con-
structs inter-stream contrast pairs, i.e., the two embeddings
in each pair come from different source data stream. Since
the inherent information in other data streams are different
from the joint stream, thus the inter-stream contrast pairs
are expected to act as hard positives to formulate a bet-
ter representation learning (see Figure 1(c)). For the sec-
ond issue, we propose the Positive Feature Transformation
(PFT) strategy, which aims to increase the variance of fea-
tures in positive set through feature extrapolation. Inspired
by Mixup [55] and Manifold Mixup [49], PFT applies lin-
ear extrapolation on the paired query and key features and
generate synthetic positive features for contrastive learning.
After PFT, the hardness of these positive samples are en-
hanced, leading to evident gains in representation learning.

The main contributions of this paper can be summarized
as follows:

1. We propose a novel cross-stream contrastive learn-
ing model named CSCLR for self-supervised skeleton-
based action recognition, which contrasts the pairwise
features extracted from different data stream. Com-
pared with existing methods only using intra-stream
contrast, CSCLR is proposed to introduce more hard
samples from other streams, thus resulting in stronger
effect of contrastive learning and better generalization
performance in downstream tasks.

2. To obtain more robust skeleton feature, we design a
positive feature transformation strategy, which manip-
ulates the positive pairs to increase their hardness in
feature-level. A further enhancement of contrastive
learning is achieved with the generated synthetic pos-
itive features, enabling the skeleton encoder to learn
more effective representations.

3. We conduct extensive experiments and ablation study
on three popular benchmark datasets, i.e., NTU-
RGBD-60, NTU-RGBD-120 and PKU-MMD. As a re-
sult, our CSCLR achieves the state-of-the-art perfor-
mance under variety of evaluation protocols, including
linear evaluation, semi-supervised evaluation, and fin-
tuned evaluation.

The rest of this article is organized as follows. Section 2
introduces related works. In Section 3, we introduce our
method with detailed description. Experimental analysis
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and comparison results are shown in Section 4 to verify our
method. Finally, we conclude this paper in Section 5.

2. Related Work
In order to indicate our proposed method, we will re-

view related advances in three research areas in this section,
including contrastive self-supervised representation learn-
ing, supervised skeleton-based action recognition and self-
supervised skeleton-based action recognition.

2.1. Contrastive Self-Supervised Representation
Learning

Contrastive self-supervised learning aims to learn feature
representations from unlabeled data with contrastive loss.
DIM [16] maximizes the mutual information between a re-
gion of input to the encoder and its output. MoCo [5, 15]
builds a dynamic dictionary with a queue and a moving-
averaged encoder for computing the contrastive loss, which
enables building a large and consistent dictionary on-the-
fly that facilitates contrastive unsupervised learning. Sim-
CLR [3, 4] does not adopt memory bank and introduces a
non-linear transformation between the representation and
the loss function. PIRL [28] develops pretext-Invariant
method that learns invariant representations based on pre-
text tasks, and substantially improves the semantic quality
of the learned image representations. InfoCL [50] claims
that non-shared task-relevant information cannot be ignored
and proposes to increase the mutual information between
the representation and input as regularization to approxi-
mately introduce more task-relevant information. Cross-
Point [1] constructs a joint training objective which com-
bines the feature correspondences within and across modal-
ities, thus ensembles a rich learning signal from both 3D
point cloud and 2D image modalities in a self-supervised
fashion. [59] visualizes the similarity score distributions
of pairwise samples in contrastive learning, and generates
more effective contrast pairs for training. Contrastive learn-
ing with multiple inputs, e.g. image + audio [2, 29, 32],
video + sentence [9,36,38], has also achieved favorable ad-
vances recently. The advances in this research area lay a
solid foundation for our work, and show a promising direc-
tion for us to delve into hard contrast pairs based on differ-
ent streams of 3D skeleton data.

2.2. Supervised Skeleton-Based Action Recognition

The input of skeleton-based action recognition is 2D/3D
skeleton data, which is robust to illumination change, scene
variation, and complex backgrounds [40, 52]. Traditional
methods adopt hand-crafted features from raw skeleton se-
quences, such as [47,48,51]. Inspired by the success of deep
learning, numerous methods based on deep neural network
are carried out to extract discriminative skeleton features.
Among these deep learning methods, the most widely-used

networks are recurrent neural networks (RNN), convolu-
tional neural networks (CNN) and graph convolutional net-
works (GCN). RNN-based models [11, 22, 41] usually con-
catenate the coordinates of all joints in each frame as a
vector and then take the sequence of vectors as input of
RNN. Due to the gradient vanishing in RNN-based meth-
ods [17], researchers would pay attention to CNN-based
models. CNN-based methods [19, 20] usually transfer the
raw skeleton sequence into image form, and then adopt con-
volution operations on this image to capture effective repre-
sentation.

Recently, GCN-based methods [6, 8, 27, 40, 52] are pro-
posed to model the skeleton data as graph with nodes and
edges, resulting in great success in this task. ST-GCN
[52] proposes a generic graph-based formulation for mod-
eling dynamic skeletons and introduces several principles
in designing convolution kernels to meet the specific de-
mands. 2s-AGCN [40] is proposed to model first-order and
the second-order information simultaneously with joint and
bone data stream, which shows notable improvement for the
recognition accuracy. We choose to use the widely-used ST-
GCN as the encoder in this paper, and the easily-obtained
data streams (e.g. joint, bone, motion) to facilitate the multi-
stream learning greatly.

2.3. Self-Supervised Skeleton-Based Action Recog-
nition

Inspired by the success of self-supervised learning in im-
age and video tasks [3,15,18,26,33], many self-supervised
methods are proposed to capture effective skeleton repre-
sentations. Previous methods can be divided into two cate-
gories by the input data: single-stream and multi-stream.

The single-stream methods usually only use joint-stream
data as input. For example, LongT GAN [56] proposes a
conditional skeleton inpainting architecture for learning a
fixed-dimensional representation, and utilizes the encoder-
decoder framework to regenerate the skeleton sequence
with a adversarial strategy. MS2L [23] integrates multiple
pretext tasks to learn more general features. P&C [42] pro-
poses a novel training strategy which weakens the decoder
and forces the encoder to learn a more informative repre-
sentation. AS-CAL [37] exploits different augmentations
of unlabeled skeleton sequences to learn action represen-
tations. ISC [44] integrates information between multiple
forms of encoders to learn better features. ST-CL [13] ex-
plores the pretext task with different spatio-temporal obser-
vation scenes and devises a efficient action encoder. Se-
BiReNet [30] considers both the kinematic and geometric
dependencies and design a sequential bidirectional recur-
sive network.

Multi-stream methods fuse the predictions of multiple
data streams in downstream tasks, thus achieving better per-
formance. SkeletonCLR [21] adopts the MoCo pipeline and
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designs a simple baseline for this task. CrosSCLR [21]
proposes a cross-stream knowledge mining strategy to en-
large the positive set for contrastive learning, where poten-
tial positive samples are mined with the reference of feature
similarity in other data streams. AimCLR [14] introduces
the extremely-augmented skeleton sequences and proposes
a nearest neighbor mining to discover the potential positive
sample in the memory bank. However, both single-stream
methods and multi-stream methods are dragged down by
easy positives. For one thing, the positive pairs in these
methods are still constructed within a single data stream, in-
dicating the correspondence between different data streams
is overlooked in contrastive learning. For another, these
works lack of necessary manipulation to enhance the hard-
ness of positive features.

3. Methods
In this section, we first introduce preliminaries in Sec-

tion 3.1. Next, the pipeline of Intra-Stream Contrastive
Learning for Skeleton Representation (IntraCLR) and Inter-
Stream Contrastive Learning for Skeleton Representation
(InterCLR) are described in Section 3.2. Then, we demon-
strate the Positive Feature Transformation (PFT) in Section
3.3. Finally, more details of CSCLR are introduced in Sec-
tion 3.4. Briefly, we take a two-stream case (stream-u and
stream-v) as an example and illustrate the overview of our
method in Figure 2.

3.1. Preliminaries

Initially, we are supposed to be given a skeleton se-
quence x ∈ RT×C×V as input, where T is the temporal
length, C is the number of channels, and V represents the
number of keypoints of human body. Based on the raw
skeleton data x, sample xu and sample xv in stream u and
v are generated by method in Section 3.4. Our aim is to
train a skeleton encoder f in self-supervised manner to be
effectively transferable to down-stream tasks, e.g. skeleton-
based action recognition. Inspired by the great success of
contrastive learning, we develop the self-supervised skele-
ton representation learning framework based on the recent
advanced practice MoCo-v2.

The contrastive learning framework takes skeleton sam-
ples as input, and consists of three components: Data Aug-
mentation, Feature Extraction, and Model Training. We
will introduce the first two components in this subsection,
and the model training of IntraCLR and InterCLR will be
described in the next subsection. In the common contrastive
learning pipeline, a skeleton sample is initially transformed
into different augments, and these augments can be seen as
positive sample pairs. Besides, other augmented samples
transformed by different skeletons are regarded as negative
samples. After extracting features of these samples, an In-
foNCE [31] loss for instance discrimination is introduced

for model training. Below, we take the skeleton data of
stream-u xu as example for elaboration.

Data Augmentations. We utilize a data augmentation
module to transform the raw skeleton sequence xu into dif-
ferent augments xu

q and xu
k , where xu

q represents the query
sample, and xu

k represents the key sample. Due to the same
source of these two augments, xu

q and xu
k are considered to

be positive pairs for training. Both spatial and temporal aug-
mentations are utilized for randomly transforming the input
skeleton data, and the augmentation details are introduced
in Section 4.2.

Encoder. Two GCN-based skeleton encoders fu
q and

fu
k are constructed for extracting deep features of xu

q and
xu
k respectively, depicted as hu

q = fu
q

(
xu
q ; θ

u
q

)
, hu

k =
fu
k (xu

k ; θ
u
k ). We use ST-GCN [52] as the backbone net-

work in practice. In the training process, momentum up-
date is adopted when optimizing key encoder fu

k , and only
parameters in query encoder fu

q is updated with gradient
backpropagation. Denoting the parameters of fu

q as θuq and
those of fu

k as θuk , θuk is updated by:

θuk ← mθuk + (1−m) θuq , (1)

where m ∈ [ 0, 1) is a momentum coefficient. Due to the
momentum update, encoder fu

k is able to avoid the rapid
change and maintain the consistency of key representation.
In the following of skeleton encoder, a simple MLP layer g
with ReLU is utilized to project the hidden vector h into a
low-dimension feature space. For the query and key sample,
the corresponding deep skeleton feature are computed as
zuq = gu

q

(
hu
q

)
, zuk = gu

k (hu
k).

3.2. Intra-Stream and Inter-Stream Contrastive
Learning for Skeleton Representation

In IntraCLR, only a single data stream is taken as input,
the extracted feature of the two augments zuq and zuk are
defined as positive pairs. As for negative pairs, similar to
MoCo [15], a dynamic memory bank Mu = {mu

i }
M
i=1 is in-

troduced to store negative samples. To enlarge the amount
of negative samples, the memory bank consider a dictio-
nary as a queue, where samples xu

k enqueue and dequeue in
each iteration. To facilitate model training, contrastive loss
is used for instance discrimination. If the query data xu

q is
similar to its positive key xu

k , the contrastive loss would be
low. Otherwise, if the query data xu

q is similar to its neg-
ative key in the memory, this loss would be high. Thus,
InfoNCE loss is used to pull the positive pairs close in the
feature space, while push the negative pairs away. The loss
of IntraCLR can be formulated as follows:

Lu
intra = − log

exp
(
zuq · zuk /τ

)
exp

(
zuq · zuk /τ

)
+
∑M

i=1 exp
(
zuq ·mu

i /τ
) ,

(2)
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Figure 2. The Framework of our Cross-stream Contrastive Learning for Skeleton-based Action Recognition. The model takes skeleton
data with different data streams as input, then extracts the query and key features. Next, intra-stream contrastive learning and inter-stream
contrastive learning are adopted for training. Finally, the positive set is adjusted with feature transformation. Synthetic positive pairs are
generated and features are updated to be more dissimilar (different color shades), which enable the model to learn more robust features for
downstream tasks.

where mu
i ∈ Mu, τ is temperature coefficient, and we use

dot product as our similarity function.

In addition to IntraCLR, we demonstrate another con-
trastive objective InterCLR based on the way of inter-stream
learning. To elaborate InterCLR, we first introduce another
stream of skeleton data (stream-v) and extract GCN fea-
ture as IntraCLR, denoted as xv and zv respectively. Sim-
ilarly, both query feature zvq and key feature zvk are gener-
ated for further training. When multiple streams of skeleton
input are involved, the aim of contrastive learning would
be stream-invariant. Specifically, the similarity of positive
pairs from different streams (e.g. stream-u and stream-v)
should be maximized, since they both correspond to the
same raw skeleton data from the source. Compared with
the paired sample within a single stream (zuq and zuk ), the
inter-stream alignment brings in harder positive samples,
and the increasing variance between inter-stream positive
pairs (zuq and zvk) will lead to more implicit information
for contrastive learning. With sample pairs from differ-
ent streams, the query encoder is able to learn more robust
skeleton feature and capture spatial-temporal information of
input skeleton sequence more effectively, which benefits the
knowledge transfer to downstream tasks. After the feature
extraction in both stream-u and stream-v, the inter-stream

loss can be formulated as:

Lu→v = − log
exp

(
zuq · zvk /τ

)
exp

(
zuq · zvk /τ

)
+

∑M
i=1 exp

(
zuq ·mv

i /τ
) ,

(3)

Lv→u = − log
exp

(
zvq · zuk /τ

)
exp

(
zvq · zuk /τ

)
+

∑M
i=1 exp

(
zvq ·mu

i /τ
) .

(4)

As shown in equation 3 and equation 4, the bi-directional
inter-stream loss considers features from different streams
as input. Due to the discrepancy of inherent information
in different streams, positive pairs with lower similarity are
constructed in this way, which facilitates more robust repre-
sentation learning.

Multi-stream Scenario. When a set of streams S =
{Si}Ns

i=1 are taken as input, where Ns represents the number
of data streams, we need to combine both IntraCLR and In-
terCLR losses from all used streams. For IntraCLR, losses
are combined as:

Lintra =
∑

u∈S
Lu
intra. (5)

Also, the objective of InterCLR can be computed as:

Linter =
∑

u∈S

∑
v∈S
Lu→v, (6)
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where u ̸= v.
Finally, we obtain the overall loss function as the com-

bination of Lintra and Linter, where the former imposes
invariance to data augmentations within a single stream,
and the latter injects the correspondence between different
streams.

L = Lintra + Linter. (7)

3.3. Positive Feature Transformation

Except for generating positives with data augmentation
pipeline, we propose to adjust the positive set by Positive
Feature Transformation (PFT). PFT is designed to gener-
ate hard positives through feature extrapolations, which in-
creases the variance of the positive set. In the guarantee
of stable and smooth score distribution and gradient, the
harder positives can be beneficial the transfer performance
of downstream tasks [14, 59].

Figure 3 (a) shows two positive pairs in feature space.
Similarly, we take the input of stream-u as example. In or-
der to encourage the model to generate more robust features,
we manipulate the positive pair zuq and zuk to moderately in-
crease the view variance between them. In other words, we
add reasonable perturbations to the features and generate
synthetic harder positives for contrastive learning.

Inspired by the design of Mixup [55] and Manifold
Mixup [49], we utilize weighted sum to integrate the pos-
itive pairs. As shown in Figure 3 (b), the newly generated
synthetic feature ẑuq and ẑuk are computed as:

ẑuq = λzuq + (1− λ) zuk ,

ẑuk = λzuk + (1− λ) zuq .
(8)

To address our aim of generating harder positives, we
should guarantee that the similarity of ẑuq and ẑuk will be
lower than that of zuq and zuk . Formally, this means ẑuq ẑ

u
k ≤

zuq z
u
k holds, when taking dot product as similarity metric.

Based on Equation (8), we can obtain:

ẑuq ẑ
u
k =

[
λzuq + (1− λ) zuk

] [
λzuk + (1− λ) zuq

]
= 2λ (1− λ)

(
1− zuq z

u
k

)
+ zuq z

u
k ,

(9)

where 0 ≤ zuq z
u
k < 1. From the Equation (9), we can ob-

serve that if λ ≥ 1, then 2λ (1− λ) ≤ 0 and ẑuq ẑ
u
k ≤ zuq z

u
k

holds. Thus, we formulate a beta-like distribution F (α, µ)
as follows and sample the value of λ from it, λ ∼ F (α, µ).

F (α, µ) = Beta (α, α)× µ+ 1, (10)

where α is the parameter of Beta distribution and µ is a
parameter to limits the value of λ. Consequently, this makes
λ ∈ [1, 1 + µ). As shown in Figure 3 (c), a subtle direction
shift is applied to the original positive pairs zuq and zuk . After
that, the angle between transformed feature ẑuq and ẑuk are

Figure 3. An illustration of our proposed PFT. After PFT, the orig-
inal positive pairs are repelled, resulting in increasing view vari-
ance in positive set and more robust self-supervised representation
learning.

Figure 4. The comparison of similarity score distribution zuq z
u
k

and ẑuq ẑ
u
k . After PFT, the hard positives are generated, and the

variation of similarity in the positive set is evidently increased.

larger than the angle between original feature zuq and zuk ,
indicating the larger variance in the positive set.

In contrastive learning, the similarity scores of positive
pairs are defined to be non-negative, while that of negative
pairs are non-positive. Intuitively, the angle between trans-
formed positive feature should be 90◦ at most, which corre-
sponds to the positive area in Figure 3. In case that the simi-
larity score of a few positive pairs are excessively decreased
to negative values after the feature transformation, we do
not adopt PFT on those pairs. Figure 4 shows the similarity
score distribution of zuq z

u
k and ẑuq ẑ

u
k in a randomly-selected

mini-batch. First, the similarity scores between positive
pairs become lower, and the variances in the positive set get
higher after PFT. Second, there is no negative value of ẑuq ẑ

u
k

after adopting the strategy above, which averts the contra-
diction with the definition of positive sample pairs.

3.4. Model Details

Different Data Streams of 3D Skeleton. Except for the
3D joint coordinates x ∈ RT×C×V , multiple data streams
of skeleton are generated as [39, 40], e.g. bone, motion.
Bone is represented as a vector pointing to its target joint
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from its source joint (x:,:,v2 − x:,:,v1 ), which contains not
only the length information, but also the direction informa-
tion. And motion is obtained by computing the displace-
ment between adjacent frames (xt2,:,:−xt1,:,:), which brings
in the temporal shift information. In this paper, we use three
streams: joint, bone and motion in experiments.

Nearest Neighbors Mining (NNM). Similar to Aim-
CLR [14], we also apply NNM and take the mined samples
in memory queue as positives for training. Although these
selected neighbors are stored in the memory queue, they are
quite similar with query zuq . With these mined positives, the
intra-stream objective of contrastive learning could be for-
mulated as follows:

Lu
N−intra = − log

exp
(
zuq · zuk /τ

)
+
∑

i∈Nu
+
exp

(
zuq ·mu

i /τ
)

exp
(
zuq · zuk /τ

)
+
∑M

i=1 exp
(
zuq ·mu

i /τ
) ,

(11)

where Nu
+ is the index set of selected neighbors of zuq in

Mu.
Multi-stage Training Strategy. In the earlier epochs,

the unstable model is not able to provide effective features
for NNM and PFT, so we perform multi-stage training for
CSCLR. The whole training process is divided into three
stages: Basic training, Basic training + NNM, Basic train-
ing + NNM + PFT. In the first stage, we train our model
with the combination of Lintra and Linter. Next, we adopt
NNM to increase the number of positive pairs with reliable
neighbors. Finally, we adopt PFT to generate hard positives
and improve the robustness of representation learning.

4. Experiments and results
In this section, we first introduce datasets in Section 4.1.

Next, the experimental settings for a fair comparison are
described in Section 4.2. Then, the comparison with the
state-of-the-art methods are shown in Section 4.3. Finally,
we demonstrate the results of ablation study in Section 4.4.

4.1. Dataset and Evaluation Metric

NTU-RGB+D 60. The dataset consists of 56,578 skele-
ton sequences with 3D joint coordinate for skeleton-based
action recognition, and these sequences are labeled with 60
action categories. In each skeleton graph, 25 joints through-
out the body are set as nodes, and their 3D coordinates are
obtained by Kinect V2 cameras. There are two suggested
protocols. The first one is Cross-Subject (xsub), where
skeleton sequences in training set and validation set are col-
lected from different subjects. And the other one is Cross-
View (xview), where skeleton sequences in training set and
validation set are collected from different camera views.

NTU-RGB+D 120. The dataset [24] is an extension of
NTU-60, and this large-scale benchmark dataset contains
113,945 skeleton sequences in 120 action categories. There

are two suggested protocols. The first one is Cross-Subject
(xsub), where skeleton sequences in training set and valida-
tion set are collected from different subjects. And the other
one is Cross-Setup (xsetup), where skeleton sequences in
training set and validation set are collected from different
setup IDs.

PKU-MMD Dataset. It contains almost 20,000 action
sequences covering 51 action classes. It consists of two sub-
sets. Part I is an easier version for action recognition, while
part II is more challenging with more noise caused by view
variation. We conduct experiments under the cross-subject
protocol on the two subsets.

4.2. Experiment Settings

All the experiments are conducted on PyTorch [34]. For
data pre-processing, we follow AimCLR [14], Skeleton-
CLR [21] and CrosSCLR [21] for a fair comparison.

Data Augmentation. We use the same data augmen-
tations as AimCLR [14], which includes Normal Augmen-
tations and Extreme Augmentations. Here, we focus on
the cross-stream contrastive learning, so we only introduce
these augmentations briefly.

The Normal Augmentations consists of one spatial aug-
mentation Shear and one temporal augmentation Crop. The
Extreme Augmentations includes four spatial augmenta-
tions: Shear, Spatial Flip, Rotate, Axis Mask and two tem-
poral augmentations: Crop, Temporal Flip and two spatio-
temporal augmentations: Gaussian Noise, Gaussian Blur.

Self-supervised Pre-training. We use the same setting
for contrastive learning as that in AimCLR, SkeletonCLR
and CrosSCLR, the batch size is set to 128, and the size of
memory queue is 32768. In the training process, we use
SGD with momentum (0.9) and weight decay (0.0001). For
the multi-stage training strategy mentioned in Section 3.4,
the model is trained for 150 epochs in the basic training
stage, and then trained for 150 epochs with NNM involved.
Finally, the model is trained for 200 epochs with PFT in-
volved. The learning rate is set as 0.1, and decreases to
0.01 at epoch 250. In NNM, we only take the top-1 near-
est neighbor in the memory queue as positive sample. For
a fair comparison, we use the weights of [0:6; 0:6; 0:4] for
fusing the three-stream predictions like other multi-stream
GCN methods.

Linear Evaluation Protocol. To verify our model, we
adopt linear evaluation for the action recognition task. To be
specific, we train a linear classifier (a fully-connected layer
followed by a softmax layer), and the encoder is frozen in
optimization. The model is trained for 100 epochs with
learning rate 3.0 (decrease to 0.3 at epoch 80).

Finetuned Evaluation Protocol. We append a linear
classifier to the trained encoder, and the whole model (en-
coder and classifier) is optimized for the action recogni-
tion task, to compare it with fully supervised methods. The
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model is trained for 100 epochs with learning rate 0.1 and
weight decay 0.0001.

Semi-supervised Evaluation Protocol. The encoder is
pre-trained with all data in self-supervised manner, and the
whole model is finetuned with only 1% or 10% randomly
selected labeled data.

Competitors. In addition to the self-comparison exper-
iments, we compare the proposed CSCLR method with the
state-of-the-art methods, including single-stream and multi-
stream works. The single-stream setting includes LongT
GAN [56], MS2L [23], P&C [42], SeBiReNet [30], AS-
CAL [37], ST-CL [13] and MG-AL [54], the performance
of joint stream in SkeletonCLR [21], CrosSCLR [21] and
AimCLR [14] are also demonstrated for single-stream com-
parison. For the multi-stream setting, we mainly include 3s-
SkeletonCLR, 3s-CrosSCLR and 3s-AimCLR, where pre-
dictions of three streams (joint, bone and motion) are fused.

Table 1. Linear evaluation accuracy comparisons with the state-of-
the-art methods on NTU-60 dataset. “3s” represents three stream
fusion.“†” means using cross-stream knowledge mining strategy
proposed in 3s-CrosSCLR. The best results is in bold face.

Category Method Year
NTU-60 (%)
xsub xview

Single
Stream

LongT GAN AAAI’18 39.1 48.1
MS2L MM’20 52.6 -
P&C CVPR’20 50.7 76.3

SeBiReNet ECCV’20 - 79.7
SkeletonCLR CVPR’21 68.3 76.4

AS-CAL Info. Sci.’21 58.5 64.8
ST-CL TMM’21 68.1 69.4

MG-AL TCSVT’22 64.7 68.0
AimCLR AAAI’22 74.3 79.7

CSCLR (Ours) - 75.7 81.3

Multiple
Stream

3s-SkeletonCLR CVPR’21 75.0 79.8
3s-CrosSCLR CVPR’21 77.8 83.4
3s-AimCLR† AAAI’22 78.6 82.6
3s-AimCLR AAAI’22 78.9 83.8

3s-CSCLR (Ours) - 80.1 85.2

4.3. Comparison with the State-of-the-art

We compare the proposed method with state-of-the-art
methods on NTU-60, NTU-120 and PKU-MMD datasets
with the corresponding protocol.

Linear Evaluation Protocol Results. Results on NTU-
60, NTU-120 and PKU-MMD are shown in Table 1, Table
2 and Table 3 respectively. For a fair comparison, we report
both single-stream (joint) and multi-stream fusion results.

As can be seen from Table 1, the result of CSCLR sin-
gle stream significantly outperforms the previous methods

Table 2. Linear evaluation accuracy comparisons with the state-of-
the-art methods on NTU-120 dataset. The best results is in bold
face.

Category Method Year
NTU-120 (%)
xsub xsetup

Single
Stream

P&C CVPR’20 42.7 41.7
AS-CAL Info. Sci.’21 48.6 49.2
ST-CL TMM’21 54.2 55.6

SkeletonCLR CVPR’21 56.8 55.9
MG-AL TCSVT’22 46.2 49.5
AimCLR AAAI’22 63.4 63.4

CSCLR (Ours) - 64.5 64.3

Multiple
Stream

3s-SkeletonCLR CVPR’21 60.7 62.6
3s-CrosSCLR CVPR’21 67.9 66.7
3s-AimCLR† AAAI’22 68.0 68.7
3s-AimCLR AAAI’22 68.2 68.8

3s-CSCLR (Ours) - 69.2 70.2

Table 3. Linear evaluation accuracy comparisons with the state-
of-the-art methods on PKU-MMD dataset. The best results is in
bold face.

Category Method Year
PKU-MMD (%)
part I part II

Single
Stream

LongT GAN AAAI’18 67.7 26.0
MS2L MM’20 64.9 27.6

SkeletonCLR CVPR’21 80.9 -
AimCLR AAAI’22 83.4 -

CSCLR (Ours) - 85.3 31.8

Multiple
Stream

3s-SkeletonCLR CVPR’21 84.9 21.2
3s-AimCLR† AAAI’22 87.4 39.5
3s-AimCLR AAAI’22 87.8 38.5

3s-CSCLR (Ours) - 89.3 45.1

with joint-stream data on NTU-60. For the fusion results,
our CSCLR still maintains the advantage over the previous
methods under both x-sub and x-view protocols. Compared
with 3s-CrosSCLR, the CSCLR gains 2.3% and 1.8% ac-
curacy improvements under x-sub and x-view respectively.
When comparing with 3s-AimCLR, CSCLR outperforms it
by 1.2% and 1.4% respectively. It is worth mentioning that
the performance of 3s-AimCLR are decreased when using
cross-stream knowledge mining strategy in 3s-CrosSCLR,
while better performance are boosted when adopting the
proposed CSCLR. The improved performance proves that
our method is able to take the advantage of correlating in-
formation between different data streams and inherit knowl-
edge in positive set.

In Table 2, our CSCLR also enjoys evident accuracy im-
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provement over existing self-supervised methods on NTU-
120. Under single-stream setting, CSCLR-joint signifi-
cantly surpasses the advanced ST-CL (64.5% vs 54.2% on
xsub and 64.3% vs 55.6% on xsetup). For fusion results,
the accuracy of CSCLR is also higher than that of 3s-
AimCLR (69.2% vs 68.2% on xsub and 70.2% vs 68.8% on
xsetup). The advantages in Table 2 indicates the competi-
tiveness of CSCLR when conducting experiments on large-
scale datasets.

As demonstrated in Table 3, the proposed CSCLR
outperforms all compared state-of-the-art self-supervised
methods on PKU-MMD. Specifically in part I and part
II subsets, our method achieves accuracy of 85.3% and
31.8% with single data stream, and gains accuracy of 89.3%
and 45.1% respectively with multi-stream fusion. Notably,
CSCLR leads 3s-AimCLR 6.6% under the part II subset,
which indicates that the trained CSCLR model significantly
benefits the downstream task on more challenging and noisy
dataset.

Table 4. Finetuned evaluation accuracy comparisons with the
state-of-the-art methods on NTU-60 and NTU-120 dataset. The
best results is in bold face.

Method
Year NTU-60 (%) NTU-120 (%)

xsub xview xsub xsetup
SkeletonCLR CVPR’21 82.2 88.9 73.6 75.3

AimCLR AAAI’22 83.0 89.2 76.4 76.7
CSCLR (Ours) - 84.7 90.4 76.9 77.6

3s-ST-GCN AAAI’18 85.2 91.4 77.2 77.1
3s-CrosSCLR CVPR’21 86.2 92.5 80.5 80.4
3s-AimCLR AAAI’22 86.9 92.8 80.1 80.9

3s-CSCLR (Ours) - 87.0 93.6 80.2 81.6

Finetuned Evaluation Protocol Results. We compare
the CSCLR with other methods under finetuned evaluation
protocol, and both single-stream and multi-stream fusion re-
sults are represented in Table 4. All the competitors are de-
veloped based on the same encoder, ST-GCN. Similar to re-
sults in linear evaluation protocol, our CSCLR outperform
ST-GCN and other self-supervised methods on both NTU-
60 and NTU-120 dataset, indicating the efficacy of our pro-
posed method.

Semi-supervised Evaluation Protocol Results. To fur-
ther evaluate the self-supervised model, we demonstrate the
semi-supervised evaluation results with 1% and 10% la-
beled data on NTU-60 and PKU-MMD. As shown in Table
5, our CSCLR performs better than the previous competi-
tors in most cases. The improvements on semi-supervised
evaluation also indicate that CSCLR has positive effect of
increasing the robustness of representation learning with ex-
tremely limited labeled data.

Qualitative Results. To evaluate our proposed method
qualitatively, we apply t-SNE [46] with fixed settings to
show the embedding distribution of the advanced AimCLR
and our CSCLR on NTU-60-xview dataset. Figure 5 shows
the comparison between results of CSCLR and AimCLR, it
can be seen that the features from CSCLR performs bet-
ter to enlarge the margin among the inter-class samples
and reduce the intra-class distance at the same time, which
demonstrates CSCLR is conducive to learn more discrimi-
native features when transferring to downstream tasks.

4.4. Ablation Study

To verify the effectiveness of the proposed method, we
conduct ablation studies and provide the experimental re-
sults as follows. We follow the self-supervised pre-training,
the linear evaluation and finetuned evaluation protocol.

The Effectiveness of CSCLR. To verify the effective-
ness of the proposed CSCLR, we first reproduce the Aim-
CLR and conduct multiple experiments in all used datasets.
Both reproduced results and the results reported in the pa-
per are introduced for comparison, three streams (joint,
bone and motion) are utilized for experiments. As shown
in Table 6, the proposed CSCLR achieves better perfor-
mance than both AimCLR and AimCLR (Repro.), which
validates the effectiveness of the CSCLR model. For single-
stream results, CSCLR outperforms the AimCLR in all used
stream, and especially achieves significant improvements in
bone and motion stream. For the multi-stream fusion re-
sults, CSCLR also performs better than AimCLR in all used
dataset.

The Effectiveness of Inter-stream Contrastive Learn-
ing. To further verify the proposed components in CSCLR,
we conduct ablation studies on NTU-60 dataset and show
the three-stream fusion results. As shown in Table 7, when
only utilizing the intra-stream contrastive learning (w/ In-
tra.), we can achieve the recognition accuracy of 78.4%
and 83.1% on xsub and xview respectively. After adding
the inter-stream contrastive learning (w/ Inter.), the perfor-
mances are boosted, reaching 79.2% and 84.1%. This il-
lustrates that the inter-stream alignment of hard positive
pairs benefits the transfer accuracy of downstream recog-
nition task. Similar to linear evaluation results, the per-
formances of finetuned evaluation are also improved. The
baseline accuracies (w/ Intra.) are 85.4% and 91.2%, then
they are boosted up to 86.2% and 91.9% respectively. Be-
sides, the specific improvements on different streams and
the fusion result on NTU-60-xview dataset are shown in
Figure 6. When using the combination of intra-stream and
inter-stream contrastive learning, the linear evaluation accu-
racy of each stream is obviously boosted, the improvements
on these streams are 2.7%, 2.1% and 5.5% respectively. The
general improvements on all used streams confirm the effec-
tiveness of the proposed inter-stream contrastive learning
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(a) AimCLR-joint (b) AimCLR-bone (c) AimCLR-motion

(d) CSCLR-joint (e) CSCLR-bone (f) CSCLR-motion

Figure 5. The t-SNE visualization of embedding distributions on NTU-60-xview dataset. Embeddings from 10 categories are sampled and
visualized with different colors. AimCLR and our CSCLR results in all used streams (joint, bone, motion) are showed from left to right
respectively.

Table 5. Semi-supervised evaluation results on NTU-60 and PKU-MMD dataset. 1% and 10% indicate that we use 1% and 10% labeled
data for training the action recognition model. The best results is in bold face.

Method Year
NTU-60-xsub NTU-60-xview PKU-MMD I PKU-MMD II

1% 10% 1% 10% 1% 10% 1% 10%

LongT GAN AAAI’18 35.2 62.0 - - 35.8 69.5 12.4 25.7
MS2L MM’20 33.1 65.2 - - 36.4 70.3 13.0 26.1
ISC MM’21 35.7 65.9 38.1 72.5 37.7 72.1 - -
3s-CrosSCLR CVPR’21 51.1 74.4 50.0 77.8 49.7 82.9 10.2 28.6
3s-Colorization ICCV’21 48.3 71.7 52.5 78.9 - - - -
3s-AimCLR AAAI’22 54.8 78.2 54.3 81.6 57.5 86.1 15.1 33.4
3s-CSCLR (Ours) - 55.4 78.6 57.1 81.8 58.0 86.1 18.0 38.6

method.

The effectiveness of Positive Feature Transformation.
From Table 7, we can observe that when adopting positive
feature transformation (w/ PFT), the linear evaluation accu-
racy on xsub and xview are further improved by 0.9% and
1.1%. A similar improvement can be observed when us-
ing the finetuned evaluation protocol, the accuracy are im-
proved by 0.8% and 1.7%. Also, the specific improvements
of PFT on each used skeleton data stream are shown in Fig-
ure 6. The improvements on joint, bone and motion stream

are 1.2%, 1.2% and 0.3% respectively. Due to that the orig-
inal positive pairs in motion stream have already been dis-
similar, the gains of PFT in this stream is slightly inferior to
that in other streams. The improvement shows that the pro-
posed PFT can enforces model to learn more robust feature
for downstream tasks by generating harder positive samples
with reasonable feature transformation.

Skeleton Activation Map. To show how CSCLR works,
we utilize CAM (Class Activation Map) [57] to calculate
the activation map of skeleton sequence, and the activated
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Table 6. Linear evaluation results compared with AimCLR on NTU-60, PKU-MMD I and NTU-120 dataset. “Repro.” means the repro-
duced results. The best results is in bold face.

Method Stream
NTU-60(%) PKU-MMD(%) NTU-120(%)

xsub xview part I part II xsub xsetup

AimCLR joint 74.3 79.7 83.4 - 63.4 63.4
AimCLR (Repro.) joint 74.5 77.4 83.1 30.2 63.3 63.9
CSCLR (Ours) joint 75.7 81.3 85.3 31.8 64.5 64.3

AimCLR bone 73.2 77.0 82.0 - 62.9 63.4
AimCLR (Repro.) bone 72.3 76.8 81.9 28.2 61.2 64.7
CSCLR (Ours) bone 76.3 80.1 83.3 39.2 64.8 65.1

AimCLR motion 66.8 70.6 72.0 - 57.3 54.4
AimCLR (Repro.) motion 64.5 71.2 72.2 29.9 53.5 55.9
CSCLR (Ours) motion 72.3 76.7 81.2 31.0 59.2 59.6

3s-AimCLR joint+bone+motion 78.9 83.8 87.8 38.5 68.2 68.8
3s-AimCLR (Repro.) joint+bone+motion 78.6 83.2 86.9 35.0 67.9 69.5
3s-CSCLR (Ours) joint+bone+motion 80.1 85.2 89.3 45.1 69.2 70.2

Table 7. Ablation study results on NTU-60 dataset. The best re-
sults is in bold face.

Protocol w/ Intra. w/ Inter. w/ PFT
NTU-60 (%)
xsub xview

Linear
Eval.

✓ 78.6 83.2
✓ ✓ 79.2 84.1
✓ ✓ ✓ 80.1 85.2

Finetuned
Eval.

✓ 85.4 91.2
✓ ✓ 86.2 91.9
✓ ✓ ✓ 87.0 93.6

joints in several frames are displayed in Figure 7. From this
figure, we can observe that CSCLR is able to concentrate on
the informative joints and thus achieve better performance.
For example, the arms and hands are relatively informative
for the action of brushing hair and hand waving. Compared
with AimCLR, CSCLR pays higher attention to these infor-
mative body parts. The differences of skeleton activation
map verify that CSCLR is conducive to learn effective fea-
tures for downstream tasks.

Choice of streams in InterCLR. To explore the impact
of streams used in InterCLR, we further conduct experi-
ments for comparion. We first set the method which only
utilizes IntraCLR as a baseline for comparison, and then
add InterCLR loss with different streams. The comparison
follows linear evaluation protocol, and the detailed exper-
iment results on NTU-60 are shown in Table 8, in which
“2s” and “3s” represent two-stream and three-stream re-

Figure 6. Linear evaluation results with different data stream on
NTU-60-xview dataset.

spectively. From this table, we can observe that the accu-
racy performances are obviously boosted when adding 2s-
InterCLR. When replacing 2s-InterCLR with 3s-InterCLR,
the accuracy performances can be further improved, reach-
ing 80.1% and 85.2% on xsub and xview respectively. The
improvements again demonstrate the effectiveness of our
proposed method.

Choice of Parameters in F (α, µ). As described in Sec-
tion 3.4, λ ∼ F (α, µ) , F (α, µ) = Beta (α, α)×µ+1. To
determine the hyper-parameters α, µ, we study how these
parameters impact the performance of contrastive learning.
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Figure 7. Skeleton Activation Map for sample actions Hand waving and Brush hair. The red joints are activated joints, and the blue joints
are non-activated joints. (Best viewed in color.)

Table 8. Linear evaluation results with different streams which are
used in InterCLR.

Method
Stream in Inter. NTU-60 (%)

joint bone motion xsub xview

Base - - - 78.6 83.2

With
2s-Inter.

✓ ✓ 79.7 84.8
✓ ✓ 79.3 84.5

✓ ✓ 79.0 84.1

With
3s-Inter.

✓ ✓ ✓ 80.1 85.2

As shown in Table 9, we found that the best setting is
α = 2.0, µ = 1.0. When α = 0.5, λ tends to be close
to the upper bound µ or lower bound 1+ µ, the accuracy of
recognition is invariant to the choice of µ. When α = 2.0, λ
is sampled to be 1+ µ/2 with high probability, better accu-
racy are obtained. Therefore, we choose α = 2.0, µ = 1.0
as default setting.

5. Conclusion

In this paper, we advocate the significant effect of inter-
stream contrast pairs, and therefore propose a Cross-Stream
Contrastive Learning framework for skeleton-based action

Table 9. Results of CSCLR-joint with various α, µ on NTU-60
dataset. The best results is in bold face.

α µ
NTU-60-joint (%)
xsub xview

0.5
1.0 75.0 80.9
1.2 74.9 80.8
1.5 74.9 80.9

2.0
1.0 75.7 81.3
1.2 75.0 81.1
1.5 75.2 81.0

Representation learning (CSCLR). Except for utilizing easy
contrast pairs within a single data stream, CSCLR addition-
ally introduces inter-stream contrast pairs as hard samples
to formulate a better representation learning. Besides, to
conduct in-depth study on positive samples, we propose
a Positive Feature Transformation (PFT) strategy which
adopts feature-level manipulation to increase the variance
of positive pairs. Extensive experiment results on NTU-
RGB+D 60, NTU-RGB+D 120 and PKU-MMD demon-
strate that CSCLR achieves superior classification accu-
racy on linear evaluation, finetuned evaluation and semi-
supervised evaluation. The ablation study demonstrates that
both the inter-stream hard contrast pairs and the PFT strat-
egy can promote more robust representation learning. In
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the future work, we will continue to explore the design
of contrast pairs specified for skeleton-based tasks. The
unified data augmentations are used for different skeleton
data streams, which ignore the discrepancy between them.
Thus, with the customized data augmentations for each data
stream, the performance of downstream tasks would be fur-
ther improved.
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