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 A B S T R A C T

Self-supervised, skeleton-based techniques have recently demonstrated great potential for group activity 
recognition via contrastive learning. However, these methods have difficulty accommodating the dynamic and 
complex nature of spatio-temporal data, weakening the ability to conduct effective modeling and extract crucial 
features. To this end, we propose a novel Frequency-Aware Group Activity Recognition (FAGAR) network, 
which offers a comprehensive solution by addressing three key subproblems. First, the challenge of extracting 
discriminative features is further exacerbated by pose estimation algorithms’ limitations under random 
spatio-temporal data augmentation. To mitigate this, a frequency domain passing augmentation method that 
emphasizes individual collaborative changes is introduced, effectively filtering out noise interference. Second, 
the fixed connections in traditional relation modeling networks fail to adapt to dynamic scene changes. To 
address this, we design an adaptive frequency domain compression network, which dynamically adjusts to 
scene variations. Third, the temporal modeling process often leads to a loss of focus on key features, reducing 
the model’s ability to assess individual contributions within a group. To resolve this, we propose an amplitude-
aware loss function that guides the network in learning the relative importance of individuals, ensuring it 
maintains the correct learning direction. Our FAGAR achieves state-of-the-art performance on several datasets 
for self-supervised skeleton-based group activity recognition. Code is available at https://github.com/WGQ109/
FAGAR.
1. Introduction

Group Activity Recognition (GAR) aims to analyze the behavior pat-
terns and interrelationships of multiple individuals within a team [1,2]. 
It has crucial value in numerous fields such as public safety [3,4], 
intelligent transportation [5], and sports analysis [6].

In the early stage, GAR relied on manual rules to capture the 
relationships among actors. The researchers manually designed rules 
to describe behavior patterns [7,8]. For example, Liu et al. [9] judged 
the types of group behavior based on geometric features such as the 
crowd density threshold and the consistency of individual movement 
directions. However, the limitations of these methods are quite obvious. 
The manually designed features are too simple to cope with complex 
and changeable real-world scenarios.

Due to the progress of pose estimation algorithms and motion cam-
eras [10,11], skeleton data is widely used in group behavior analysis. 
It emphasizes the position of human joint points, decreasing data 
redundancy. Nevertheless, the reliance on manual annotation of joint 
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point positions for each frame presents a significant obstacle. This 
process demands a substantial investment of time and effort, which not 
only slows down the overall analysis but also increases the potential for 
human error.

Consequently, self-supervised learning methods are of particular 
importance for skeleton-based GAR [6,14,15]. The contrastive learn-
ing paradigm has been proven to be the most effective among these 
methods [16,17]. However, previous contrastive methods shown in Fig. 
1(a) always have the following three drawbacks: (1) Previous methods 
carried out randomized data augmentation on skeleton data. This 
included randomly cropping and shuffling skeleton sequences in the 
temporal dimension [12], shearing skeleton sequences with random di-
rectional perturbations [18], and using the DMix strategy of randomly 
mixing skeleton sequences with different data augmentations [13]. 
However, in a volleyball spiking scenario, only the movements of the 
key points of the hands and legs of the spiker and the defender at the 
critical moment are crucial. Randomized data augmentation methods 
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Fig. 1. (a) The general methods involve applying single-person augmentations, followed by a fixed network to generate representations in the time domain. (b) Our FAGAR utilizes 
multi-person augmentations and an adaptive network to produce representations in both the frequency and time domains, which is capable of effectively adapting to the dynamic 
and complex nature of spatio-temporal data.
Fig. 2. (a) The original data with possible errors (red circle) in pose estimation algorithms. (b) A time-domain single-person data augmentation method 𝑆ℎ𝑒𝑎𝑟 proposed in 
CrosSCLR [12] fails to deal with errors. (c) A time-domain multi-person data augmentation method 𝐹𝑀𝑖𝑥 proposed in AHNet [13] fails to deal with errors. (d) Our frequency-
domain method calculates the motion intensity among actors and uses it as the weight basis for filtering, which effectively resolves the error estimation.
cannot locate those key features of group skeletons. In addition, the 
input group skeleton data is obtained through a pose estimation algo-
rithm. When there are obvious estimation errors in the pose estimation 
algorithm as shown in Fig.  2, randomized data augmentation cannot 
solve this problem. This also poses challenges to the subsequent fea-
ture learning process. (2) Previous approaches relied on manually 
constructed networks, employing static relational modeling that 
failed to capture evolving actor dynamics [19]. AHNet [13] have 
tried to use a fixed hypergraph network constructed based on the 
positions of individuals and offensive strategies when modeling the 
relationships between actors. However, this fixed network structure 
makes it difficult to automatically learn new position and strategy pat-
terns from the individuals, thus limiting its ability to extract features. 
Due to the rigidity of the network structure, the model performs poorly 
when facing new tactical changes and cannot flexibly adapt to different 
game scenarios. (3) Previous methods modeled contrastive learning 
of skeleton data from the temporal domain perspective to learn 
data augmentation [15,18,20]. However, in multi-person scenarios, 
overlapping actions on the time axis (e.g., players’ limbs intertwining 
during a pick-and-roll) modeling make it challenging to effectively 
distinguish individual action patterns.

To this end, a Frequency-Aware Group Activity Recognition (FA-
GAR) network shown in Fig.  1(b) is designed to better learn discrimina-
tive representations. Specifically, the Frequency Domain Passing (FDP) 
data augmentation method calculates the motion intensity between 
participants and uses it as the weight basis for frequency domain filter-
ing. It enables the model to capture the collaborative changes between 
individuals, solving the problem that randomized data augmentation 
cannot understand the interaction relationships among individuals. 
Meanwhile, the Frequency Compression Network (FCN) designs a learn-
able cosine window function, enabling it to conduct adaptive learning 
in the complex domain. Finally, we extract the spectral amplitudes of 
key individuals to complement temporal domain contrastive learning 
for better capture of individual action characteristics.
2 
Extensive experiments conducted on the Volleyball [7], Collective 
Activity [8], NTU-60 [21], NTU-120 [22], and PKU-MMD [23] datasets 
show that our FAGAR achieves state-of-the-art performance. The main 
contributions are summarized as follows:

• A network named FAGAR is proposed to perform self-supervised 
learning on group skeleton data from the frequency domain per-
spective, effectively recognizing activities in dynamic and com-
plex scenarios.

• In terms of relation modeling, we introduce a frequency domain 
passing data augmentation method to capture the collaborative 
changes among individuals in the group.

• For key actor capture, we propose the amplitude-based loss to 
guide the frequency compression network to adaptively learn the 
importance of individuals to group behaviors in the frequency 
domain.

• Extensive experiments on the five datasets show that our FAGAR 
has a lower computational cost, and its performance is better than 
other state-of-the-art self-supervised methods.

2. Related work

2.1. Group activity recognition

Group Activity Recognition (GAR) refers to analyzing the behavior 
patterns exhibited by a group composed of multiple individuals. Early 
GAR methods were mainly based on RGB data [24,25]. For example, 
SBGAR [26] first generates video frame captions using LSTM and then 
predicts the activity category based on the captions. Subsequently, 
ARG [27] constructs a flexible and efficient actor relation graph by 
using two different graph convolutional networks, namely spatial local 
and temporal random ones. This method has improved the ability 
to model relationships among individuals within the group to a cer-
tain extent, but it is still limited by the insufficient expression of 
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individual detailed features in RGB data. With the development of 
technology, skeleton-based methods have gradually emerged [28–30]. 
Zoom Transformer [31] captures the details of interaction relations by 
simultaneously modeling the spatio-temporal graph and the attention 
relationship graph among multiple people. MP-GCN [32] takes the 
trajectories of interacting objects as an auxiliary modality, further 
enhancing the effect of skeleton-based GAR. However, all of the above 
methods are fully-supervised learning methods, which rely on a large 
amount of manually labeled data. In real-world applications, it is dif-
ficult and costly to obtain such data. Therefore, we propose to explore 
self-supervised methods which extract group behavior features from 
unlabeled data.

2.2. Skeleton-based self-supervised learning

Skeleton-based self-supervised GAR learning aims to mine the in-
trinsic structure in unlabeled data [33]. It mainly includes generative 
methods and contrastive methods. In generative methods, AAGCM [14] 
cleverly makes the model focus on the spatio-temporal positions among 
different actors by designing a proxy task of discriminating the group 
occupancy order. However, contrastive methods can focus more pre-
cisely on key feature differences in the data in the skeleton field, 
which has gradually gained more favor [12,34]. GL-Transformer++ [1] 
combines multiple semantic granularities according to the multi-level 
characteristics of human actions, enabling the model to comprehen-
sively learn the features of different degrees of actions. Con-RPM [6] 
conducts contrastive learning between individuals and groups, striving 
to analyze the unequal contribution relationships of key individuals 
to the overall behavior. AHNet [13] designs a knowledge-guided hy-
pergraph masking network, effectively dealing with the situation of 
changes in the number of actors and enhancing the universality and 
flexibility of the model. Nevertheless, all the above methods start from 
the time-domain perspective, which are easily interfered by noise, 
making the trajectories of joint positions chaotic. Therefore, we con-
sider exploring skeleton-based learning from the frequency-domain 
perspective to further improve the reliability of GAR.

2.3. Frequency domain learning

The Fourier transform decomposes a complex signal according to 
its frequency components. Currently, it is widely used in fields such 
as pose estimation [35], low-light action recognition [36], and object 
detection [37]. For example, PoseFormerV2 [35] utilizes the compact 
representation in the frequency domain to expand the receptive field. 
This enables it to achieve good results in the 3D pose estimation 
work. FAFA [37] trains a frequency-aware flow-based pose estimator 
on synthetic data for underwater object detection. FRAGRANT [36] 
prioritizes informative object regions to accurately characterize action 
and motion in low-light conditions, while effectively suppressing noise 
caused by poor illumination. However, there are few works that at-
tempt to conduct self-supervised analysis of group skeletons within the 
frequency domain. Since the time-domain skeleton data is easily inter-
fered by noise, resulting in measurement errors of joint positions [10]. 
Therefore, we design the FAGAR network to overcome the drawbacks 
of the time domain and improve the performance of self-supervised 
analysis of group skeletons.

3. Preliminaries

Fourier Analysis. Given the group skeleton sequence 𝑥, we could 
execute Discrete Fourier Transform (DFT) denoted as  (⋅) to transform 
𝑥 to the frequency domain: 

𝑋[𝑘] =  (𝑥[𝑖]) =
𝑁−1
∑

𝑥[𝑖]𝑒−𝑗(2𝜋∕𝑁)𝑘𝑖 (1)

𝑖=0

3 
where 𝑋[𝑘] is the spectrum of 𝑥[𝑖] at the frequency 2𝜋𝑘∕𝑁 .  (⋅) is DFT, 
and 𝑗 is the imaginary unit. Due to the conjugate symmetric property 
in the frequency domain [35], only half of the spectrum is used. Thus, 
 ∶ R𝑁 → C𝐿 and 𝐿 = ⌈𝑁∕2⌉ + 1. In this paper, we apply the Fast 
Fourier Transform (FFT) [37] to efficiently compute the DFT, reducing 
time complexity from (𝑁2) to (𝑁 log𝑁). The Inverse Fast Fourier 
transform (IFFT) works similarly.

Barlow Twins. We propose to use the Barlow Twins [17] frame-
work for self-supervised GAR, which includes the following steps: 
Firstly, two augmented views, namely 𝑥1 and 𝑥2, are separately gen-
erated respectively from the skeleton sequence 𝑥. Subsequently, these 
two views are fed into the network to obtain the corresponding rep-
resentations 𝑧1 and 𝑧2. Finally, the cross-correlation matrix 𝐶 of two 
views is utilized in the following manner: 

𝐶𝑖𝑗 =

∑

𝑏 𝑧
𝑏
1,𝑖𝑧

𝑏
2,𝑗

√

∑

𝑏

(

𝑧𝑏1,𝑖
)2

√

∑

𝑏

(

𝑧𝑏2,𝑗
)2

, (2)

where the element 𝐶𝑖𝑗 of the cross-correlation matrix 𝐶 is calculated as 
the ratio. This ratio is obtained by dividing the sum of the products of 
𝑧𝑏1,𝑖 and 𝑧𝑏2,𝑖 over all batch samples 𝑏. In symbolic form, it can be written 
as: 
 =

∑

𝑖

(

1 − 𝐶𝑖𝑖
)2 + 𝜆

∑

𝑖

∑

𝑗≠𝑖
𝐶2
𝑖𝑗 , (3)

where the first term aims to drive the diagonal elements of the cross-
correlation matrix 𝐶 towards the value of 1. This has the effect of 
ensuring that the representations remain invariant with respect to the 
augmentations applied. The second term functions to minimize the 
redundancy between the embeddings. It achieves this by pushing the 
off-diagonal elements of the cross-correlation matrix 𝐶 towards 0. The 
hyperparameter 𝜆 serves to regulate the balance or trade-off between 
these two terms of the loss function.

4. FAGAR

4.1. Overview

As illustrated in Fig.  3, we propose a frequency-aware network em-
ployed for skeleton-based self-supervised group behavior recognition. 
Firstly, the input sequence is passed through the Frequency Domain 
Passing (FDP) data augmentation method in (a) to obtain different 
views for the input model. Then, the generated views and the orig-
inal input sequence are both sent to the backbone, where it deeply 
analyzes the original sequence and its views to mine valuable feature 
information. After feature extraction, the model further activates the 
Frequency Compression Network (FCN), with the aim of adaptively 
identifying the potential key persons in the group sequence. Once the 
key persons are determined, the network enters the contrastive learning 
stage. Besides performing contrastive learning between features in the 
temporal domain, the model also carries out the same operation in 
the amplitude domain of the frequency. Moreover, this contrastive 
learning covers the individual level and the group level, fully mining 
the behavior information of key persons from different aspects.

4.2. Frequency domain passing augmentation

Most of the self-supervised GAR methods have been limited to data 
augmentation in the time domain [13,14]. Differently, we propose a 
Frequency Domain Passing (FDP) data augmentation method, which 
can effectively break through the limitations of time-domain methods 
mentioned in Section 1.

As shown in Fig.  4, velocity attention scores are first calculated for 
input skeleton sequence data 𝑥. Concretely, the inter-frame velocity 
computation quantifies motion dynamics through skeletal coordinate 
differences between consecutive frames. For each actor 𝑛 at time step 



G. Wang et al. Pattern Recognition 167 (2025) 111710 
Fig. 3. Overview of the proposed FAGAR. (a) In the data augmentation stage, the original skeleton sequence and the sequence generated by the frequency conduction augmentation 
strategy are input into two different branches. (b) In the feature extraction stage, the two branches share the GCN skeleton network but use separate frequency domain compression 
networks to learn relationships between individuals. (c) In the contrastive learning stage, features from both branches are transformed from the time domain to the frequency 
domain, and multi-granularity contrastive learning is performed in both the time and frequency domain feature spaces.
Fig. 4. Overview of the Frequency Domain Passing Augmentation. The frequency domain passing augmentation includes steps like velocity guided masking, DFT and adaptive low 
passing to produce the augmented skeleton sequence. It can effectively relieve the error in pose estimation.
𝑡, the velocity is calculated as: 𝑣𝑡;𝑛 = 𝑥𝑡+1;𝑛 − 𝑥𝑡;𝑛, 𝑡 = 1, 2,… , 𝑇 − 1, 
where 𝑥𝑡;𝑛 denotes the skeleton coordinates and 𝑇  represents the total 
frame count. This step captures the temporal changes in the skeleton 
sequence. Next, the motion energy is computed as the squared velocity 
to emphasize larger motion changes, which are often more signifi-
cant in capturing meaningful motion patterns: 𝑒𝑡;𝑛 = 𝑣2𝑡;𝑛. Temporal 
attention scores are obtained by averaging the motion energy across 
actors, joints, and spatial dimensions. These scores highlight frames 
with significant motion changes, which are crucial for identifying key 
frames that represent the most informative parts of the sequence: 

𝑚𝑡 =
1

𝑁 ⋅ 𝑉 ⋅𝑀

𝑁
∑

𝑛=1

𝑉
∑

𝑣=1

𝑀
∑

𝑚=1
𝑒𝑡;𝑛,𝑣,𝑚, (4)

where 𝑁 is the batch size, 𝑉  is the number of joints, and 𝑀 is the 
number of persons. The temporal attention scores are normalized using 
the sigmoid function to ensure that the attention scores are scaled to 
a range of [0, 1], making them suitable for further processing: 𝑚̂𝑡 =
𝜎(𝑚𝑡), where 𝜎(⋅) denotes the sigmoid function. The skeleton sequence 
is transformed into the frequency domain using the Fast Fourier Trans-
form (FFT). Transforming the data into the frequency domain allows 
for the analysis and manipulation of its spectral properties, which is 
particularly useful for noise reduction and feature enhancement: 𝑋 =
 (𝑥), where  represents the FFT operation. A frequency attention 
mask is applied based on the normalized temporal attention scores. This 
mask retains low-frequency components for frames with lower motion 
energy and allows higher frequencies for frames with higher motion 
energy, adapting the filtering process to the motion dynamics: 

mask𝑡;𝑚 =

{

1, if 𝑚 ≤ 𝑚̂𝑡 ⋅ 𝐿
0, otherwise,

(5)

where 𝐿 is the number of frequency components. Finally, the masked 
frequency domain data is transformed back to the time domain using 
the Inverse Fast Fourier Transform (IFFT). This step reconstructs the 
filtered skeleton sequence in the time domain, enhancing meaningful 
motion patterns while reducing noise: 𝑥filtered = −1(𝑋 ⊙ mask), 
where −1 represents the IFFT operation, and ⊙ denotes element-wise 
multiplication. This pipeline adaptively modulates frequency responses 
according to motion saliency, preserving kinetically significant features 
while attenuating irrelevant components.
4 
Fig.  5 intuitively shows the effect of this method. The first row 
shows the original skeleton sequence, which reflects the initial state 
of the group skeleton. The second row presents the sequence after 
frequency passing in the low-frequency range. It can be observed that 
after the low-frequency passing, the main movement trend of the 
orange key person is highlighted, and the fit with the overall movement 
is higher. Meanwhile, for people like those in gray and blue, their 
movements are not obvious in the original frames. After the low-
frequency passing, they also show relevant movement states following 
the overall movement trend, which helps to grasp the overall movement 
situation at the group level.

However, the effect of the skeleton sequence after high-frequency 
passing augmentation in the third row is not satisfactory. Due to the 
influence of the pose estimation algorithm, the green person does not 
truly reflect the characteristics of the essence of the movement. The 
high-frequency signal contains a large amount of chaotic information. 
This makes the model learn from the wrong perspective. In contrast, 
the low-pass smooths the differences caused by the pose estimation 
algorithm, enabling the model to focus more on the main trends and 
key features of the group movement.

4.3. Frequency compression network

Previous methods [13,15] have been relying on fixed network con-
nection structures to learn the fixed relations among individuals. To 
this end, an intuitive solution is to reassign weights to each actor by 
calculating the correlations of different individual actions on the time 
dimension. However, as the number of network layers increases, this 
correlation-based reassignment leads to excessive mixing of informa-
tion [38]. From the perspective of information theory, the self-attention 
operation in each layer reduces the information entropy, making the 
output information distribution approach a more uniform (but with 
lower information content) distribution. This means that the unique-
ness of individual actions is gradually lost during the time-domain 
processing, ultimately resulting in the homogenization of action fea-
tures.

To overcome the homogenization problem of the self-attention 
mechanism, learnable cosine filters shown in Fig.  6 are used to capture 
key actors. It can be adaptively adjusted according to the inherent 
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Fig. 5. Illustration of the frequency domain passing data augmentation. The first row shows the original skeleton sequence, the second row shows the low-pass filtered result, and 
the third row shows the high-pass filtered result. Orange highlights the key person’s behavior, blue and gray enhance the features of individuals with less prominent motion, and 
green indicates that pose estimation errors are effectively corrected by low-pass filtering but amplified by high-pass filtering. (For interpretation of the references to color in this 
figure legend, the reader is referred to the web version of this article.)
Fig. 6. The frequency compression network first applies a discrete Fourier transform to the input features, then decouples the resulting frequency domain features into different 
frequency bands. These decoupled features are filtered using a cosine filter 𝐺𝑓𝑖𝑙𝑡𝑒𝑟, and the filtered features are then coupled. The MLP is used to learn features from the real 
and imaginary parts. Next, an inverse Fourier transform is applied to convert the frequency domain features back to the time domain. Finally, the Top-K key individuals with the 
highest scores are selected for contrastive learning.
frequency structure of group movements. Specifically, we introduce a 
specially designed filter bank 𝐾 = [𝑘1, 𝑘2,… , 𝑘𝑘], where 𝑘 represents 
the number of filters: 

𝐺𝑓𝑖𝑙𝑡𝑒𝑟 =
𝑘
∑

𝑖=1

1
𝐿

|𝐺|

2 ⊙ 𝑘𝑖𝑐𝑜𝑠(
(2𝑖 − 1)𝜋

2𝑘
), (6)

where |𝐺|

2 denotes the power spectrum of 𝐺 and it reflects the energy 
intensity of a signal in each frequency component. 𝐿 denotes the length 
of 𝐺, and ⊙ means the element-wise multiplication. As a modulation 
factor, 𝑐𝑜𝑠( (2𝑖−1)𝜋2𝑘 ) performs frequency-selective modulation on different 
filters.

Each filter has specific frequency response characteristics, and they 
work together to perform multi-dimensional and multi-level screening 
and compression on the spectrum, so that the finally retained spectrum 
information can screen the important features of key actors to the 
greatest extent.

After the data is processed by the learnable cosine filters, 𝐺𝑓𝑖𝑙𝑡𝑒𝑟 is 
divided into the real part and the imaginary part. They are input into 
the Multi-Layer Perceptron (MLP) respectively. The MLP captures the 
unique information in the imaginary part data, which complements the 
features reflected by the real part. They jointly construct a more com-
plete description of group behavior features and get the hidden features 
𝐻 . However, not all individuals’ features are of equal importance for 
the understanding and judgment of the overall behavior. Therefore, 
we retain the features corresponding to the Top-K individuals. These 
individuals can represent the behavior patterns of the entire group to 
a greater extent.
5 
4.4. Amplitude-guided contrastive loss

To enable the model to focus on the invariance between data 
augmentations and the features corresponding to key persons, we first 
follow AHNet [13] and conduct contrastive learning shown in Fig.  7 at 
both the group–group level and the key person–person level: 
𝐺𝐺𝑇 = (𝐻𝐺

𝑇 ,𝐻
𝐺
𝑇 ) =

∑

𝑖

(

1 − 𝐶𝑔𝑔
𝑖𝑖
)2 + 𝜆

∑

𝑖

∑

𝑗≠𝑖
𝐶𝑔𝑔
𝑖𝑗

2, (7)

𝑃𝑃𝑇 = (𝐻𝑃
𝑇 ,𝐻

𝑃
𝑇 ) =

∑

𝑝∈K
(
∑

𝑖

(

1 − 𝐶𝑝𝑝
𝑖𝑖
)2 + 𝜆

∑

𝑖

∑

𝑗≠𝑖
𝐶𝑝𝑝
𝑖𝑗

2), (8)

where 𝐶𝑔𝑔
∗  and 𝐶𝑝𝑝

∗  are the cross-correlation matrices of the corre-
sponding sample pairs across the time domain. 𝐻∗ and 𝐻̃∗ respectively 
represent the hidden layer features of the original sequence and the 
frequency-domain augmented sequence. Due to the minor time de-
viations during the data collection process, it can lead to indistinct 
differentiation of group skeleton features and the presence of superpo-
sition phenomena. To this end, the Fourier transform with time-shifting 
property is performed, which can obtain two components namely phase 
and amplitude simultaneously. The phase information reflects the start-
ing position of the signal in time. The differences in the starting times 
will lead to the uncertainty of the phase information. The amplitude 
mainly depends on the scale and degree of change of group skeleton 
actions, rather than the specific starting time of the actions. This 
stability makes the amplitude information more suitable for contrastive 
learning: 
𝑃𝑃𝐴 = (𝐻𝑃

𝐴 ,𝐻
𝑃
𝐴 ) =

∑

(
∑

(

1 − C𝑝𝑝
𝑖𝑖
)2 + 𝜆

∑∑

C𝑝𝑝
𝑖𝑗

2), (9)

𝑝∈K 𝑖 𝑖 𝑗≠𝑖
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Fig. 7. The amplitude-guided contrast and temporal-aware contrast use Top-K matching to generate the group–person level pairs for the key actors capturing. It can help the 
model to focus on the key actors and their relations within the group.
where C𝑝𝑝
∗  are the cross-correlation matrices of the corresponding 

amplitude spectrum pairs across the frequency domain. In addition, 
through contrastive learning between key persons and their data aug-
mentation variants as well as between key persons and group features, 
the model can enhance its perception of the diversity of key person 
features: 

𝐺𝑃𝑇 = (𝐻𝐺
𝑇 ,𝐻

𝑃
𝑇 ) =

∑

𝑝∈K
(
∑

𝑖

(

1 − 𝐶𝑔𝑝
𝑖𝑖
)2 + 𝜆

∑

𝑖

∑

𝑗≠𝑖
𝐶𝑔𝑝
𝑖𝑗

2), (10)

𝐺𝑃𝐴 = (𝐻𝐺
𝐴 ,𝐻

𝑃
𝐴 ) =

∑

𝑝∈K
(
∑

𝑖

(

1 − C𝑔𝑝
𝑖𝑖
)2 + 𝜆

∑

𝑖

∑

𝑗≠𝑖
C𝑔𝑝
𝑖𝑗

2). (11)

It can effectively distinguish key persons under different states and 
grasp the differences in the associations between key person features 
and group features. The final loss with the pre-defined 𝛽 coefficient is 
as follows: 

 = 𝛽1𝐺𝐺𝑇 + 𝛽2𝑃𝑃𝑇 + 𝛽3𝑃𝑃𝐴 + 𝛽4𝐺𝑃𝑇 + 𝛽5𝐺𝑃𝐴. (12)

Through multi-level dual-domain contrastive learning, the model 
can fully utilize the spatio-temporal frequency information in the skele-
ton sequence.

4.5. Model complexity analysis

Lightweight model design is crucial for efficiency [39]. A theo-
retical comparison of time complexity between our model and other 
methods. In the experiments, we select two typical methods for com-
parison: the single-person self-supervised method AimCLR [18] and the 
multi-person self-supervised method AHNet [13].

In AimCLR, the main time cost comes from feature extraction 
in the backbone network. The backbone consists of stacked GCN-
TCN layers. The GCN has two steps: 2D convolution with time com-
plexity (∑𝐿

𝑙=1 𝐶𝑙−1𝐶𝑙𝐾2
𝑙 𝑉𝑀), and adjacency matrix aggregation with 

(
∑𝐿

𝑙=1 𝐶𝑙𝑉𝑀). Here, 𝐶 is the feature dimension, 𝐷 is the final layer’s 
dimension (𝐶𝐿 = 𝐷), 𝑉  is the number of skeleton points, and 𝑀 is the 
number of actors. The TCN uses 1D convolution with (∑𝐿

𝑙=1 𝐶𝑙−1𝐶𝑙𝐾𝑙
𝑉𝑀). Our backbone uses the same architecture but only 3/10 of the 
layers (Our FAGAR 𝐿=3 vs AimCLR 𝐿=10), significantly reducing 
parameters.

For AHNet, the key difference is in the key person selection network. 
AHNet uses a hypergraph and Transformer Encoder. The hypergraph 
has convolution (𝐷2𝐾𝑀) and hyperedge aggregation (𝑀𝐷). The 
Transformer Encoder has (𝑀2𝐷) + (𝐷2𝑀). The total complexity is 
(𝐷2𝐾𝑀)+(𝑀𝐷)+(𝑀2𝐷)+(𝐷2𝑀). Our FAGAR uses a cosine filter 
for key person selection. It has three steps: FFT transform (𝑀 log𝑀 ⋅
𝐷), cosine filtering (𝑁 log𝑀 ⋅ 𝐷) (𝑁 is the number of filters), and 
fully connected weighting (𝐷2). The total complexity for key person 
selection is (𝑀 log𝑀 ⋅ 𝐷) + (𝐷2) + (𝑁 log𝑀 ⋅ 𝐷). Since 𝑁 and 𝑀
are much smaller than 𝐷, our method has much lower complexity than 
AHNet.
6 
5. Experiments and discussions

5.1. Dataset

Volleyball Dataset (VD) [7] provides a multi-level annotation 
system including group activity labels, individual action annotations, 
poses, and position coordinates. By capturing both macro interaction 
patterns and micro individual behaviors in team sports, the annotation 
system covers semantic information from local to global levels, avoid-
ing the one-sided understanding of behaviors that might arise from a 
single annotation level.

Collective Activity Dataset (CAD) [8] has 2481 activity segments, 
which is filmed using handheld devices in unconstrained environments. 
It contains over 40 short videos of complex real-world scenarios: dy-
namic lighting, random angles, moving backgrounds, and pedestrian 
interference. Compared to datasets collected in laboratory settings, its 
natural collection method fully preserves the randomness factors of 
the real world, effectively preventing model overfitting due to overly 
controlled environments and ensuring the robustness of algorithms in 
real-world applications.

NTU RGB+D (NTU-60) [21] holds 60 human activities along with 
the 3D coordinates of 25 joints. We carry out experiments in the 
cross-subject (xsub) and cross-view (xview) scenarios. It employs three 
cameras to capture actions from horizontal, overhead, and oblique 
angles, effectively supporting cross-view generalization research. The 
participation of 40 individuals aged between 10 and 35 enhances the 
diversity of action performances. By incorporating age differences and 
multi-angle data collection, the dataset effectively mitigates biases that 
could arise from a single demographic group.

NTU RGB+D 120 (NTU-120) [22] is an extension of NTU-60 and 
provides cross-subject (xsub) and cross-setup (xset) evaluation proce-
dures. It encompasses 106 participants aged 10–57 from 15 countries, 
combined with 155 camera angles and 96 background environments, 
constructing complex scenes across cultures, ages, and lighting condi-
tions. This dataset significantly reduces model bias caused by regional 
preferences or scene uniformity.

PKU-MMD [23] comprises 51 action classifications. It focuses on 
the temporal modeling of long continuous action sequences, ensuring 
the coherence and complexity of the collected actions. By continuously 
capturing natural action flows, it avoids the over-labeling of action 
boundaries typical of traditional segmented data, reducing temporal 
modeling bias due to manual segmentation.

5.2. Experimental settings

In the process of data pre-processing, we adopt the approach de-
scribed in [24]. Specifically, the HRNet [11] that has been pre-trained 
on the COCO dataset [40] is utilized and adjusted as the pose estimation 
network to acquire group activity skeletons. The size of the mini-batch 
is configured to be 128.

Self-supervised Pretext Training. The default backbone model is 
built based on ST-GCN [28], and the quantity of stages is decreased 
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Fig. 8. Ablation experiments of frequency domain passing data augmentation on the VD dataset (left) and the CAD dataset (right).
Table 1
Ablation evaluation results through linear evaluation.
 ID 1 2 3 4 5 6 7 8  
 FDP 7 4 7 7 4 4 7 4  
 FCN 7 7 4 7 4 7 4 4  
 AGCL 7 7 7 4 7 4 4 4  
 VD 60.65 70.14 68.35 67.32 74.13 73.71 72.27 78.92 
 CAD 56.84 73.96 71.34 75.69 84.32 82.10 82.99 87.72 

to three-tenths of the original setup. In terms of contrastive configu-
rations, we comply with [17] to map features into 6144 dimensional 
embeddings. The parameter 𝜆 within the Barlow Twins loss of each 
stream is assigned a value of 2e-4, and 𝛽 in the aggregate loss of each 
stream is set to 1. The hyperparameter 𝑘 utilized in FCN is set to 3. The 
weight decay is established as 1e-5. For the optimization process, we 
make use of the Adam optimizer and the CosineAnnealing scheduler for 
300 epochs. The model undergoes training with a 10-epoch warmup to 
achieve stable contrastive learning.

Linear Evaluation Protocol. The models undergo verification via 
linear evaluation for the group activity recognition task, using clas-
sification accuracy (ACC) as the performance metric. Specifically, a 
linear classifier is trained while keeping the encoder fixed. The Adam 
optimizer, with an initial learning rate of 0.01 over 50 epochs, is 
utilized for the optimization process.

Finetune Evaluation Protocol. A linear classifier is attached to the 
pre-trained encoder and then train the entire model for the purpose 
of comparing it with fully-supervised strategies. For optimization, the 
Adam optimizer with an initial learning rate of 0.01 is employed.

5.3. Ablation study

Ablation experiments are carried out during multiple evaluations re-
garding the skeleton-based GAR task to confirm the efficacy of FAGAR.

Effectiveness of Each Component. Table  1 reveals the quantita-
tive impact of including specific component. The Frequency Domain 
Passing (FDP) data augmentation method significantly enhances the 
performance of the model. When it is adopted, it is evidenced by 
a performance increase of 6.65% on VD (from 72.27% to 78.92%) 
and 4.73% on CAD. This is mainly because it can calculate motion 
intensity among actors in the frequency domain, facilitating the model 
to capture individual collaborative changes. Similarly, when the Fre-
quency Compression Network (FCN) is incorporated, it results in a 
performance boost of 5.21% on VD and 5.62% on CAD. The key reason 
is its learnable cosine window function for adaptive complex domain 
learning. Meanwhile, Amplitude-Guided Contrastive Loss (AGCL) also 
proves to be essential. With its presence, it leads to an improvement of 
4.79% on VD and 3.40% on CAD. This is due to its function of guiding 
the network to learn individual importance in group behaviors.
7 
Effectiveness of the Frequency Domain Passing Data Augmen-
tation Method. As shown in Fig.  8, we conduct ablation experiments 
on the adaptive selection basis of FDP and different filtering methods. 
‘‘velocity" represents our method. It uses the velocity of each actor per 
frame to calculate scores for generating adaptive weights for low-pass, 
band-pass, and high-pass filters. ‘‘none" represents manually designed 
filter ranges. Specifically, the low-pass filter range is 0-1/3𝐿, the band-
pass filter range is 1/3𝐿-2/3𝐿, and the high-pass filter range is 2/3𝐿-𝐿, 
where 𝐿 is the length of the filter sequence. ‘‘acceleration" represents 
using the acceleration of each actor to calculate scores for generating 
adaptive weights for different filters. It is worth noting that no matter 
which adaptive strategy is chosen, the low-pass filtering performs the 
best on each dataset. This is because it retains the basic form of 
actions, making it easier for the model to learn stable feature patterns. 
Besides, when using low-pass filtering for data augmentation, it can be 
found that the mask strategy based on acceleration is not stable. Its 
performance on the VD and CAD datasets is respectively 1.62% and 
2.32% lower than that without using any adaptive strategy (‘‘none"). 
The reason is that the pose estimation algorithm can lead to sudden 
changes between the previous and the following frames, which causes 
large deviations in the calculation results of acceleration and wrongly 
identify the state changes of key persons.

In contrast, the velocity-based strategy achieves optimal perfor-
mance by accurately tracking smooth motion transitions while natu-
rally filtering out estimation noise. To demonstrate that incorporating 
frequency-domain enhancement strategy coefficients improves the ro-
bustness of our proposed method, we added zero-mean Gaussian noise 
to the pose estimation results on VD, making the skeleton-based group 
activity recognition task more challenging. Experimental results in Fig. 
9 show that as the standard deviation (Sigma) of Gaussian noise in-
creases, FAGAR exhibits a smaller performance drop while maintaining 
higher efficiency. Specifically, when Sigma increases from 0.5 to 1.0, 
SkeAttnCLR [20] performance decreases sharply, widening the gap 
with FAGAR from 10.92% to 17.09%. Additionally, compared to other 
methods, FAGAR demonstrates superior robustness, maintaining stable 
performance even under strong noise conditions.

Effectiveness of the Frequency Compression Network. In Fig. 
10, the curves in different colors represent the filter selection of the 
Frequency Compression Network (FCN). The green curve describes a 
low-pass filter serving as the primary component of the FCN, while 
the blue and orange curves represent cosine filters that function as 
key components of the FCN. From the green curve, it can be seen 
that the cut-off frequency of the low-pass filter significantly affects 
performance. When using a low-pass filter with a low cut-off frequency, 
it removes the frequency bands that represent fast interactive actions. 
For example, on the VD dataset, actions requiring instant completion 
like ‘‘spike" and ‘‘win" are significantly affected, as seen in the confusion 
matrix of Fig.  11(a). Compared to the cosine filter (w/o c), the low-
pass filter (c=2) performs noticeably worse in recognizing these actions. 
On the other hand, when the low-pass filter’s cut-off frequency is too 
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Fig. 9. Finetune evaluation for robustness test on the VD datasets.
Fig. 10. Hyper-parameter selection experiments of frequency compression network on VD and CAD datasets. (For interpretation of the references to color in this figure legend, 
the reader is referred to the web version of this article.)
high, it keeps high-frequency details but also introduces noise from 
pose estimation into the feature space. On the CAD dataset, high-
frequency details are crucial for performance since the behaviors to 
be distinguished are fine-grained. However, Fig.  10 shows that with a 
cut-off frequency of 5, the low-pass filter works best but still performs 
2.50% worse than the cosine filter (k=3) (87.72% vs. 85.22%).

The low-pass filter has two main drawbacks when used as the main 
component of FCN. First, its hyper-parameters are highly sensitive. The 
optimal cut-off frequency varies greatly across datasets without a clear 
pattern. Second, it consistently underperforms compared to the cosine 
filter on multiple datasets. Given these limitations, experiments show 
that using an adaptive cosine filter as the main component of FCN is 
more suitable, delivering more stable and superior performance across 
different datasets. From the blue curve, it can be seen that the filter 
order determines the precision of frequency-domain feature extraction. 
When the filter order is too low (from k=3 to k=1), the feature spectrum 
is overly smoothed. On the CAD dataset, the confusion matrix in Fig. 
11(b) shows that the misjudgment rate for similar actions, such as 
‘‘waiting" and ‘‘queuing’’, increases by 13%. When the filter order is 
too high, it creates a sharper cutoff. However, this also leads to the 
Gibbs phenomenon, which appears as oscillation artifacts in the joint 
coordinates over time. For example, a filter with an order of 5 generates 
high-frequency jitter in fast continuous motion trajectories, leading to 
a significant increase of 12% in the misjudgment rate for the ‘‘moving" 
and ‘‘waiting" actions compared with the order of 3. Therefore, we 
use a 3rd-order cosine filter as the main component of the frequency 
compression network, which effectively balances the retention of key 
motion frequency bands while suppressing over-smoothing and oscil-
lation artifacts. Additionally, we conduct ablation experiments on the 
8 
selection of the number of key individuals with the orange curve. On 
the VD dataset, the number of key individuals has a significant impact 
on model performance. When the number is too small, the model lacks 
confidence and tends to perform contrastive learning between non-key 
individuals and the group. When the number is too large, the contri-
bution of key individuals is diluted. Through ablation experiments, we 
find that setting the number of key individuals m to 3 yields the best 
results, effectively avoiding learning bias caused by an inappropriate 
number.

Effectiveness of the Amplitude-Guided Contrastive Loss. Table 
2 presents the impact of different contrastive learning methods and 
contrastive levels on the model. Firstly, an ablation study is conducted 
on the two different contrastive learning methods of amplitude and 
phase in the frequency domain. Owing to the fact that the distribution 
of phase data is more complex and irregular, the model encounters 
more significant difficulties when conducting similarity measurements. 
Therefore, the phase-based contrastive learning method fails to bring 
positive gains. In addition, when considering the contrastive learning of 
both amplitude and phase simultaneously, the model’s performance is 
also inferior to that of only enhancing the amplitude (ID 3 vs 9, 78.92% 
vs 71.78%). From the perspective of contrastive learning levels, the 
effect at the person–person level is often weaker than that at the group–
person level. It shows that when contrast is only limited to different 
data augmentations of the same person makes the network unable to 
capture the dynamic connections of key individuals for group behavior.
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Fig. 11. Visualization experiments of hyper-parameter confusion matrices on VD and CAD datasets.
Table 2
Exploration of different type of contrast through linear evaluation.
 ID 1 2 3 4 5 6 7 8 9 10  
 Amplitude Guided 7 4 4 4 7 7 7 4 4 4  
 Phase Guided 7 7 7 7 4 4 4 4 4 4  
 Person–Person Contrast 7 4 7 4 4 7 4 4 7 4  
 Group–Person Contrast 7 7 4 4 7 4 4 7 4 4  
 VD 60.65 71.03 73.71 78.92 67.88 64.31 71.15 70.64 71.18 75.47 
 CAD 56.84 81.80 82.41 87.72 80.17 78.84 82.56 79.56 80.81 83.08 
5.4. Comparison with state-of-the-art

Linear Evaluation. To demonstrate the generality of the proposed 
self-supervised learning paradigm, a series of experiments are carried 
out with diverse backbones. Table  3 presents the linear evaluation 
results of comparing FAGAR with other self-supervised learning meth-
ods. Notably, self-supervised learning methods achieve a significant 
improvement compared with those with randomly initialized param-
eters. For example, our FAGAR achieves a 45.03% improvement on 
VD when using 2S-AGCN [29] as the backbone network compared 
with the method with randomly initialized parameters. It fully demon-
strates the effectiveness of self-supervised learning. Besides, when using 
ST-GCN [28] as the backbone on VD, our FAGAR outperforms the state-
of-the-art method AHNet [13] by 6.34%, demonstrating the necessity 
of frequency-domain learning for skeleton-based GAR.

Finetune Evaluation. Table  4 shows the performance comparison 
between FAGAR and other self-supervised learning methods under dif-
ferent backbones. AimCLR [18] improves the representation ability of 
the model by designing eight kinds of time-domain data augmentation 
strategies based on skeletons. On the CAD dataset, even though our 
method only uses the FDP data augmentation method in the frequency 
domain, in the experimental setting where Shift-GCN [30] is used as 
the backbone network, its performance is still 21.47% higher than that 
of AimCLR. This strongly indicates that performing data augmentation 
9 
in the frequency domain helps to capture the potential spatio-temporal 
relationships among actors. AHNet [13] conducts contrastive learning 
in a hypergraph network with fixed edges, making the network sen-
sitive to the positions of key people. FAGAR locates key people by 
designing an adaptive cosine filter. Moreover, when 2s-AGCN [29] is 
used as the backbone network on the CAD dataset, the performance 
of our FAGAR is 4.29% higher than that of AHNet [13]. It shows that 
the cosine filter has more advantages in accurately locating key people 
compared with the preset network structure. It can be observed that 
under the linear and finetune evaluation protocols, our FAGAR achieves 
the best results. Especially on the CAD dataset, using MS-G3D [41] as 
the backbone improves performance by 3.88% compared to AHNet [13] 
(from 85.28% to 89.16%) under finetune evaluation test.

Table  5 shows the performance comparison results between our 
method and other more general methods. FAGAR-Tiny represents the 
feature dimension reduced to 1/8 of the original based on FAGAR. 
Apparently, our method remains competitive when compared to the 
fully-supervised methods that depend on label training. For example, 
compared with the ISTIN [42] method that uses RGB data, our method 
performs better on the CAD dataset. However, on VD, there is still a 
certain gap compared with the current fully-supervised methods. This 
is because the goal of fully-supervised learning focuses precisely on 
classification tasks. In contrast, the goal of self-supervised learning is 
relatively broad. Thus, its performance in fine-grained classification 
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Table 3
Linear results compared with other self-supervised methods on VD and CAD.
 Method VD CAD

 BackBone ST-GCN 2S-AGCN Shift-GCN MS-G3D ST-GCN 2S-AGCN Shift-GCN MS-G3D 
 Random 25.08 30.29 28.88 29.55 40.13 42.78 39.82 45.65  
 CrosSCLR (CVPR’ 21) [12] 41.97 53.25 47.76 54.82 42.61 55.54 46.64 69.67  
 AimCLR (AAAI’ 22) [18] 54.64 56.47 61.26 40.00 44.18 52.78 45.61 62.36  
 PSTL (AAAI’ 23) [34] 58.02 62.45 56.43 42.80 48.83 52.00 47.52 67.32  
 SkeAttnCLR (IJCAI’ 23) [20] 58.49 60.23 57.89 54.75 57.39 60.65 56.88 68.10  
 AHNet (PR’ 24) [13] 72.58 73.83 70.91 62.15 84.11 81.90 77.10 80.20  
 FAGAR (Ours) 78.92 75.32 75.83 67.69 87.72 88.77 84.30 83.62  
Table 4
Finetune results compared with other self-supervised methods on VD and CAD.
 Method VD CAD

 BackBone ST-GCN 2S-AGCN Shift-GCN MS-G3D ST-GCN 2S-AGCN Shift-GCN MS-G3D 
 Fully-Supervised 64.38 72.17 73.04 71.58 67.71 79.15 72.64 71.44  
 CrosSCLR (CVPR’ 21) [12] 75.02 70.83 70.38 69.67 67.32 65.88 76.73 79.61  
 AimCLR (AAAI’ 22) [18] 76.44 74.50 76.29 67.19 83.01 83.92 71.37 70.55  
 PSTL (AAAI’ 23) [34] 77.85 73.22 76.30 79.37 78.56 81.63 76.47 72.32  
 SkeAttnCLR (IJCAI’ 23) [20] 79.62 79.90 81.06 70.32 69.92 82.55 79.62 74.76  
 AHNet (PR’ 24) [13] 84.31 82.68 83.01 81.85 89.32 87.74 80.71 85.28  
 FAGAR (Ours) 85.15 83.82 84.39 83.23 92.14 92.03 92.84 89.16  
Table 5
Finetune results compared with other GAR methods on VD and CAD.
 Method Type Params FLOPs VD CAD  
 Supervised:  
 ZOOM Transformer (TCSVT’ 22) [31] Skeleton 2.93M 5.6G 71.20 –  
 Zhai et al. (ACCV’ 22) [24] Skeleton – – 83.90 95.00 
 ISTIN (MTA’ 23) [42] RGB 165.46M 5.3G 88.80 86.50 
 ARG (CVPR’ 19) [27] RGB 61.19M 161.6G 92.50 91.00 
 Actor-Transformer (CVPR’ 20) [43] Skeleton – – 92.30 –  
 Actor-Transformer (CVPR’ 20) [43] RGB+Skeleton – – 93.50 91.00 
 Self-Supervised:  
 CrosSCLR (CVPR’ 21) [12] Skeleton 0.84M 0.57G 75.02 67.32 
 AimCLR (AAAI’ 22) [18] Skeleton 0.84M 0.57G 76.44 83.01 
 PSTL (AAAI’ 23) [34] Skeleton 0.84M 0.57G 79.62 78.56 
 SkeAttnCLR (IJCAI’ 23) [20] Skeleton 3.06M 2.8G 77.85 69.92 
 Con-RPM (TMM’ 23) [6] RGB+Skeleton – – 81.50 75.40 
 Skeleton2vec (ARXIV’ 24) [44] Skeleton 6.34M 3.79G 78.41 85.44 
 AHNet-Small (PR’ 24) [13] Skeleton 0.32M 0.17G 77.05 89.45 
 AHNet-Middle (PR’ 24) [13] Skeleton 0.72M 0.47G 80.69 88.76 
 AHNet-Large (PR’ 24) [13] Skeleton 3.83M 2.7G 84.31 89.32 
 FAGAR-Tiny (Ours) Skeleton 0.11M 0.13G 82.10 90.19 
 FAGAR (Ours) Skeleton 0.71M 0.79G 85.15 92.14 
Table 6
Comparison results with SOTA methods on NTU-60, NTU-120 and PKU-MMD.
 Method Params FLOPs NTU-60 NTU-120 PKU-MMD

 xsub xview xsub xset part I part II 
 Linear Finetune Linear Finetune Linear Finetune Linear Finetune Linear Linear 
 AimCLR (AAAI’ 22) [18] 0.84M 0.57G 74.30 83.00 79.70 89.20 63.40 76.40 63.40 76.70 83.40 38.50  
 PSTL (AAAI’ 23) [34] 0.84M 0.57G 77.30 84.50 81.80 92.00 66.20 78.60 67.70 78.90 88.40 49.30  
 AHNet (PR’ 24) [13] 3.83M 2.7G 74.56 84.56 79.49 90.71 63.08 76.47 64.11 77.89 87.75 37.44  
 AimCLR++ (PR’ 24) [15] 0.84M 0.57G 77.20 84.50 81.50 91.00 65.50 78.10 67.80 79.10 89.60 40.80  
 FAGAR* (Ours) 0.84M 0.57G 80.84 85.48 85.77 92.43 71.34 78.03 72.13 79.44 90.38 50.42  
tasks is not as good as that of fully-supervised methods. This is also re-
flected in single-person self-supervised behavior analysis [12,18,20,34]. 
When compared with the time-domain contrast method Con-RPM [6] 
that uses both RGB and skeleton data at the same time, our method 
has a 3.65% higher performance on VD. It shows that the performance 
gain brought by the amplitude-guided dual-domain contrastive learning 
method can outperform that resulting from introducing additional types 
of data.

We specifically carried out a detailed analysis on datasets with a 
smaller number of people and presented the relevant results in Table 
6. The core of the proposed amplitude-guided contrastive learning 
method is to learn by comparing key individual features with group 
10 
features, making it unsuitable for single-person scenarios. To ensure a 
fair comparison, we remove the amplitude-guided contrastive module 
when testing on the full NTU-60, NTU-120, and PKU-MMD datasets. 
This version is labeled as FAGAR* and used the same backbone network 
and training settings as PSTL [34] to ensure fairness when compar-
ing with self-supervised single-person action recognition methods. As 
shown in Table  6, the FAGAR* model performs exceptionally well in 
multiple benchmarks. In the NTU-60 dataset’s xsub linear evaluation, 
it outperforms PSTL [34] by 3.54% (80.84% vs. 77.30%). In the xview 
finetune test, it surpasses AimCLR [18] by 6.07% (85.77% vs. 79.70%). 
For NTU-120’s xsub linear evaluation, it outperforms AimCLR++ [15] 
by 5.84% (71.34% vs. 65.50%), and in the xset linear evaluation, it is 
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Fig. 12. Key actor visualization for ‘‘l-win" activity with connected lines. Brighter color indicates the more crucial the actor. (a) When the pose estimation algorithm is accurate, 
our FAGAR and AHNet [13] based on multi-person relation modeling can capture the key actors. However, the single-person method PSTL [34] and our FAGAR which models 
the phase in the frequency domain fail to capture the key actors. It proves the necessity of relation modeling and the effectiveness of amplitude-guided contrastive learning. (b) 
When the pose estimation algorithm makes mistakes, AHNet [13] focuses on the person where the abnormally estimated points are located instead of the key actors. Owing to 
the passing data augmentation algorithm, our method can still achieve a robust effect.
Fig. 13. The T-SNE visualization of embeddings on VD through finetune evaluation. Larger Normalized Mutual Information (NMI) means more discriminative distribution. Our 
proposed FAGAR achieves compactness with the highest NMI.
ahead by 4.33% (72.13% vs. 67.80%). On PKU-MMD, it improves over 
AHNet [13] by 2.63% and 12.98% in part I and part II, respectively. 
The experimental results demonstrate that our FAGAR can achieve 
significant effectiveness in single-person action recognition through 
appropriate modifications.

5.5. Visualization results

Fig.  12 presents a key actor visualization for the ‘‘l-win" activity. 
Notably, the brightness of the color assigned to each actor plays a 
significant role in this visualization. (a) In the context of the ‘‘l-win" 
activity, actors 3, 4, 5, 6, and 7 have been identified as the key actors. 
These actors are consistently involved in the most pivotal moments and 
decision-making processes throughout the ‘‘l-win" activity. In frequency 
domain learning, amplitude learning excels in capturing key actors as 
it better detects significant fluctuations. In contrast, phase learning is 
sensitive to temporal shifts and masked by noise or irrelevant activ-
ities, thus less reliable for identifying crucial individuals. Moreover, 
multi-person method AHNet [13] outperform single-person method 
PSTL [34] in capturing key actors, and this superiority can be attributed 
to the design of the relation modeling network. (b) However, when the 
pose estimation algorithm encounters errors, AHNet [13] focuses on the 
actors associated with the abnormally estimated points. In contrast, our 
11 
FAGAR, benefiting from a frequency domain passing data augmentation 
algorithm, manages to maintain a robust performance.

Fig.  13 presents the visualization results of T-SNE [45], which is 
designed to visually compare the impacts of different methods on 
data classification. To conduct a more convincing analysis, quantitative 
Normalized Mutual Information (NMI) metrics are also supplied. In the 
eight classes shown in the figure, samples belonging to the same class 
are depicted in the same color, while those from different classes are in 
different colors. Compared with the other SOTA methods, our FAGAR 
exhibits a higher classification efficiency, as evidenced by its NMI value 
reaching an impressive 94.34%, which is the highest among them. This 
outstanding classification performance of FAGAR can be attributed to 
its utilization of frequency-domain modeling for actor relationships and 
the support of an adaptive network.

As shown in Fig.  14, we visualize the attention scores for both 
correct and incorrect pose-estimated group skeleton sequences. For 
temporal features, we follow AHNet’s method [13] using Transformer 
Encoder Layers to highlight key individuals. For frequency features, 
we use Frequency Compression Network (FCN) to weight key individ-
uals’ features. In Fig.  14(a), when pose estimation contains obvious 
errors (red skeleton points), the frequency features remain more stable. 
Individuals 5, 6, 8, and 9 receive higher attention scores, excluding 
the severely misestimated individual 4. In contrast, temporal features 
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Fig. 14. Visualization of attention scores for temporal and frequency features under correct/incorrect pose estimation conditions.
incorrectly assign high attention scores to individual 4. When pose 
estimation is accurate, frequency features in Fig.  14(b) show more con-
centrated distributions, while temporal features appear more scattered. 
This suggests frequency features provide better discriminative power 
for key individual identification tasks.

6. Conclusion

We propose the Frequency-Aware Group Activity Recognition (FA-
GAR) network to adapt to the dynamic and complex nature of spatio-
temporal skeleton sequneces. Specifically, the frequency domain pass-
ing augmentation method focuses on individual collaborative changes 
and effectively filters out noise point interference. Additionally, an 
adaptive frequency domain compression network is designed to ad-
dress the issue of fixed-connection relation modeling networks that 
cannot handle scene dynamic changes. Moreover, the amplitude-aware 
loss is introduced to guide the network to learn the importance of 
individuals to the group, preventing it from getting lost during the 
temporal domain modeling process. Extensive evaluations validate that 
our FAGAR achieves state-of-the-art performance on several datasets 
for self-supervised skeleton-based group activity recognition.

7. Limitations and future work

The frequency domain passing augmentation and adaptive network 
are designed with a focus on group activity recognition, which limits 
their direct transferability and generalization to other related tasks such 
as multi-person pose estimation and action detection.
12 
For future work, we target at enhancing model versatility. One way 
is to design a multi-task framework for FAGAR to cover not only group 
activity recognition but also multi-person related tasks. Meanwhile, 
more in-depth research on data augmentation strategies will be carried 
out to boost their adaptability and efficacy across different tasks and 
datasets.
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