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ABSTRACT
Group activity recognition (GAR) is a challenging task for discern-
ing the behavior of a group of actors. This paper aims at learning
discriminative representation for GAR in a self-supervised man-
ner based on human skeletons. As modeling relations between
actors lie at the center of GAR, we propose a valid self-supervised
learning pretext task with a matching framework, where a rep-
resentation model is driven to identify subgroups in a synthetic
group based on actors’ skeleton sequences. For backbone networks,
while spatial-temporal graph convolution networks have domi-
nated the skeleton-based action recognition, they under-explore
the group relevant interactions among actors. To address this issue,
we come up with a novel plug-in Actor-Association Graph Con-
volution Module (AAGCM) based on inductive graph convolution,
which can be integrated into many common backbones. It can not
only model the interactions at different levels but also adapt to
variable group sizes. The effectiveness of our approaches is demon-
strated by extensive experiments on three benchmark datasets:
Volleyball, Collective Activity, and Mutual NTU. Code is available
at https://github.com/xiaochehe/SSL_Skeleton_GAR.

CCS CONCEPTS
• Computing methodologies→ Activity recognition and un-
derstanding.
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Question: Which actors are from the same naive group?

t

Figure 1: An illustration of the main idea of the proposed
self-supervised representation learning task. Given skele-
ton sequences of two Naive Groups N1 and N2, subsets of
actors from different naive groups, marked with different
colored dotted boxes, are randomly sampled to construct a
Synthetic Group S. The naive groups consist of actors with
somekind of relations between each other. The relations can
vary from body interaction to spatial distribution. The task
is Subgroup Identification from the synthetic group based
on actors’ skeleton sequences.

1 INTRODUCTION
Group activity recognition (GAR), which tries to discern the ac-
tivities involving a large number of interactive individuals, has
a variety of applications in video understanding, such as sports
analysis, crowd monitoring, and crime prevention [46, 47]. Unlike
conventional action recognition, GAR requires both modeling the
spatiotemporal dynamics of individual actors and understanding
the group relevant interactions among them.

In the past few years, in order to obtain training samples for
GAR, annotators usually need to watch through the lengthy video,
manually localize those positive frames, and provide group activity
labels and sometimes even individual action labels for each actor,
which is extremely laborious and costly [8, 15]. With the booming
development of self-supervised learning in artificial intelligence, it
is highly desirable to explore alternative, cheap, and yet often noisy
and indirect supervision signals, without any human annotations.
This motivates us to study non-manual supervision signals for
self-supervised representation learning for GAR.

Apart from that, previous methods mainly focus on image vi-
sual information, which mostly reasons about the group relation
at high levels [25, 46]. Recently researchers try to complement or
even replace image visual information with a skeleton representing
the human body in the form of a set of coordinate positions for
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key joints, which may lead to better performance [11, 14]. Signifi-
cantly, not only the skeleton is robust to inconsistent appearances
and different environments, but also the joint-part-body hierar-
chical architecture of the skeleton makes it easier to reason about
the individuals’ interactions in multi-levels. At present skeleton
is still underutilized in GAR. Usually, it is only taken as an ex-
tra/alternative stream for isolated individual feature extraction.
An important reason for this situation is the lack of an effective
and generic network to handle skeletons of multi-actors. Existing
spatial-temporal graph convolution networks, which have achieved
state-of-the-art results on many skeleton-based action analysis
tasks, simply average individuals’ features before classification in
multi-actor scenarios [33, 48]. In the stage of feature extraction,
almost no consideration is given to modeling interactions among
actors. Therefore, they lack the flexibility in dealing with more
complex scenarios of group activities.

In this paper, we propose a self-supervised representation learn-
ing algorithm for skeleton-based group activity recognition. Specif-
ically, by constructing a synthetic group with randomly sampled
subsets of actors from different naive groups, the self-supervised
representation learning pretext task is subgroup identification from
the synthetic group based on actors’ skeleton sequences, as shown
in Figure 1. In this way, the representation model is driven to model
the spatiotemporal dynamics of individual actors and understand
the group relevant interactions among them. Our benchmark is
based on the following principle: a good representation transfers
with limited supervision and limited fine-tuning. Thus, the repre-
sentation model is evaluated through linear evaluation protocol
and semi-supervised fine-tuning. Meanwhile, we come up with
an Actor-Association Graph Convolution Module (AAGCM) based
on inductive graph convolution to effectively model the interac-
tions among multi-actors and adapt to variable group sizes. As a
general plug-in module, AAGCM can be added to different lay-
ers of spatial-temporal graph convolution networks for modeling
group-relevant multi-level interactions among actors. Extensive
experiments demonstrate that for both the self-supervised rep-
resentation learning algorithm and the network architecture for
skeleton-based group activity recognition, we outperform the exist-
ing state-of-the-art results by a sizable margin. The contributions
can be summarized as follow:

• To the best of our knowledge, this is the first work to explore
self-supervised representation learning for skeleton-based
group activity recognition.

• We propose a self-supervised pretext task and a matching
framework to learn representations for group activity recog-
nition. By identifying subgroups in a synthetic group based
on actors’ skeleton sequences, our framework can learn
group activity representation in the spatiotemporal domain.

• Based on inductive graph convolution, we propose theAAGCM,
which can model the group relevant interactions among ac-
tors at different levels and adapt to variable group sizes.

2 RELATEDWORK
2.1 Group activity recognition
Group activity recognition aims to automatically identify an activ-
ity performed by at least two persons. Therefore, compared with

traditional action recognition, it also requires exploring the spatial
structures between persons. In the early years, these structures are
typically learned based on a combination of handcrafted features
with graphical models [1, 7, 9, 22, 23] or AND-OR grammar mod-
els [2, 35]. Lan et al. [22] jointly captured the group-person and
person-person interaction information via a graphical inference
framework. Shu et al. [35] proposed to jointly group people and
recognize events and human roles in aerial videos by an AND-OR
spatial-temporal graph formalism.

With the emergence of deep learning, significant performance
improvements have been made to group activity recognition. Many
deep-learning approaches utilized CNN-RNN type networks, where
CNN is used to extract the person-level static features, and RNN
can not only capture the temporal dynamics of each individual but
also model the interaction context in neighborhoods [3, 36, 37, 44].
For instance, Wang et al. [44] developed a hierarchical recurrent
framework to handle high order contexts, including single-person
dynamics, and intra-group and inter-group interactions. GCN can
better deal with graph-structured data, therefore is more suitable
to address group activity recognition by treating each person as a
node [14]. Wu et al. [46] built an actor relation graph using a CNN
and a GCN to capture both the appearance and position relations
of actors. All previous works only reason about the group relations
at high levels. Here we intend to model group relevant multi-level
interactions among actors based on the skeleton.

2.2 Skeleton-based action recognition
With excellent performance, spatial-temporal graph convolution
networks are widely adopted in skeleton-based action recogni-
tion, which models human skeleton sequences as spatial-temporal
graphs. Inspired by the booming graph-based methods, Yan et
al. [48] firstly introduce GCN into the skeleton-based action recog-
nition task. It is a well-known baseline for GCN-based approaches,
which models the spatial configurations and temporal dynamics
of skeletons synchronously. Upon the baseline, Shi et al. [34] pro-
pose to either uniformly or individually learned the topology of the
graph by the BP algorithm in an end-to-end manner, which signifi-
cantly improves the generality and accuracy of action recognition.
To decline the computational complexity, the study in [6] provides
shift graph operations and lightweight point-wise convolutions,
where the shift graph operations provide flexible receptive fields for
both spatial graph and temporal graph. Despite the great success
of spatial-temporal graph convolution network in skeleton-based
action recognition, prior works do not address the issue of mod-
eling interactions between actors, which becomes an obstacle to
applying them in multi-person scenarios. Therefore, how restruc-
turing spatial-temporal graph convolution networks to satisfy the
requirements of group activity recognition is a challenging problem.

2.3 Self-supervised representation learning
Self-supervised representation learning formulates a pretext learn-
ing task and leverages large-scale unlabeled data to learn useful
representations for various problems. It is first proposed and in-
vestigated in the image domain [10]. Various novel pretext tasks
have been proposed to learn image representation. Some leverage
concept information in images and then construct constraints like
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Figure 2: The framework of self-supervised representation learning for group activity recognition. Subsets of actors, e.g., actors
a, b, and c, sampled from naive groups N1 and N2 construct a synthetic group S. P and Q are the numbers of actors sampled
from N1 and N2, respectively. The corresponding pseudo-labeling Sθ is a relation matrix associated with the source of actors.
д(·) is the target encoder model for skeleton-based group representation learning. It can be any network that can handle
skeleton information. In this paper, д(·) is constructed from an improved spatial-temporal graph convolution network based
on AAGCM. d1 and d2 are the feature dimensions. Combined with a projection head (MLP), the model is trained to predict
relations between any two actors in the synthetic group. Binary Cross Entropy (BCE) loss is used for the model optimization.

re-ordering perturbed image patches [29], counting virtual primi-
tives [30], and classifying image rotations [19]. Others reconstruct
part of the image, such as image completion [31], colorization [49]
and channel prediction [50]. Recently, contrastive learning has at-
tracted much attention in the self-supervised representation learn-
ing research [4, 32]. It minimizes the distances of positive pairs and
simultaneously maximizes the distances of negative pairs in the la-
tent space, in order to conduct instance discrimination. Inspired by
the success of self-supervised image representation learning, many
works have emerged to learn transferable representation leveraging
rich spatiotemporal context information. Some learn visual features
through video generation like VideoGAN [42], colorization [43] and
prediction [38]. The inherent temporal information within videos
can also be used as a supervision signal, such as temporal order
verification [45] and temporal order recognition [17]. Others learn
video features from the correspondence of multiple data streams,
such as RGB-flow [28], visual-audio [20] and Ego-motion [16]. For
self-supervised representation learning for skeleton-based action
recognition, the most commonly used non-manual supervision sig-
nals are movement forecasting and temporal ordering, which do
not well reflect the relations between actors in the group [26, 39].
Thus, we intend to develop a group-relevant interaction-centered
self-supervised pretext task for skeleton-based group activity recog-
nition.

3 METHODOLOGY
To learn representation for skeleton-based group activity recogni-
tion in a self-supervised manner, a self-supervised pretext task, a
matching framework, and an Actor-Association Graph Convolution
Module are proposed. Following the work of [48], we also utilize the
spatial-temporal graph to construct hierarchical representations
of the group skeleton sequences in this paper. Specifically, group
skeleton sequence is organized as an undirected spatial-temporal

graph G = (V, E), where V = {vmti | t = 1, ...,T ;m = 1, ...,M ; i =
1, ...,N } denotes a set of vertices, corresponding to T frames, M
actors per frame and N body joints per actor. E is the set of edges,
indicating the connections between nodes. It consists of three parts:
temporal connections Etem, spatial intra-actor connections Espaintra
and inter-actor connections Espainter. Specifically, Etem links each
joint with its counterpart across the neighboring frames. Espaintra
includes both direct and indirect kinematic dependencies among
joints of an actor while Espainter relates its joints with all joints of
other actors in the same frame.

3.1 Self-supervised subgroup identification
In this paper, we define a naive group which consists of actors with
some kind of relations between each other. The relations can vary
from body interaction to spatial distribution. In this way, naive
groups can take many forms. Taking sports events as an example, a
naive group can be very small, consisting of only athletes, or very
large, consisting of all the athletes, judges, and spectators. In order
to meet an unsupervised setting, we take all of the actors, who
appear in a sample, as a naive group. Although we do not exactly
know the direct and indirect relations between group members, we
at least know that there is spatial distribution relation among them.
Then, we select subsets of actors in different naive groups and make
up a synthetic group, where the actors from the same naive group
form one subgroup in the synthetic one. The proposed pretext
task is subgroup identification in this synthetic group based on
actors’ skeleton sequences. Note that in order to ensure that there
is sufficient differentiation between subgroups, the naive groups
are sampled at different time points or scenes. Based on skeleton
sequences of the synthetic group, the subgroup identification task
can drive the representation model to learn both the spatiotemporal
dynamics of individual actors and the relations between them.
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Assuming that a synthetic group S is composed of subsets of ac-
tors drawn from two naive groupsN1 andN2, we can randomly sam-
ple P andQ actors from them respectively by a functionActorSam(·, θ )
which selects actors randomly in accordance with a predefined sam-
pling probability θ . In this way, we represent the synthetic group
as S = {I1, ..., IP , ..., IP+Q }, where Ii is the skeleton sequence of an
actor from N1 or N2. As for the automatically generated pseudo
label Sθ , in order to make it clearly indicate the group internal struc-
ture and be adapted to varied number of subgroups, it is expressed
as a relation matrix between actors. In this matrix, the relation
between actors belonging to the same subgroup is defined as one
state and belonging to the different subgroups is defined as another
state. Specifically, the relation matrix is represented as Sθ = [Ji , j ],
where i, j = 1, ..., P +Q , and Ji , j = 1 if Ii and Ij belong to one same
subgroup and else Ji , j = 0. In this way, the subgroup identification
task is ultimately converted to a binary classification problem of
relations between actors.

The implementation of the proposed self-learning framework
is shown in Figure 2. Multiple skeleton sequences of the synthetic
group are organized as a sptial-temporal graph and fed into a graph
neural network-based encoder д(·) to extract features. д(·) is the
target encoder we learned in this self-supervised setting for the
downstream group activity recognition task. It can be any network
that can handle skeleton information to obtain group representation
H here. In this paper, д(·) is constructed from a spatial-temporal
graph convolution network. Then, we use an MLP with one hidden
layer as a neural network projection head to map H to the space
where the loss function is applied. The projected representation is
named as H′. Subsequently, we obtain the predicted group actor
relation matrix R via calculating the correlation between any two
actors in H′. The model is trained to predict the relation between
any two actors for the synthetic group. That is, we try to minimize
the following objective function:

L = BCE(R, Sθ )

=

∑P+Q
i , j=1 Sθi , j logRi , j + (1 − Sθi , j )log(1 − Rj , j )

(P +Q)2
,

(1)

where BCE(·) creates a criterion that measures the Binary Cross En-
tropy between the predicted relation matrix R and the real relation
matrix Sθ . The learned representation can then be used as input
to skeleton-based group activity modeling tasks, such as skeleton-
based GAR.

3.2 Actor-association graph convolution
module

Existing spatial-temporal graph convolution networks have been
successfully applied to skeleton-based action recognition, which
usually consists of two parts: spatial graph convolution and tem-
poral graph convolution [6, 33, 34, 48]. In this section, given the
drawbacks of modeling the interactions between multi-actors in
the existing networks, we propose a spatial intra-inter actor graph
convolution to replace the original spatial graph convolution, with
two information aggregation modes. As shown in Figure 3, the
intra-actor graph convolution aggregates feature from neighbor-
ing kinematic related joints to model individual actors’ dynamics

Spatial 

Inter-Actor 

Graph 

Convolution

Spatial Intra-Actor Graph Convolution

Temporal Graph Convolution

Sampler

Aggregator

FC

ReLU

(c)

(b)

(a)

Figure 3: (a) Actor-association graph convolution module.
(b) and (c) are information aggregation modes for spatial
intra-actor graph convolution and spatial inter-actor graph
convolution, respectively. The black dot is a root joint. Red
dots are sampled neighbors. Arrows represent directions of
information flow.

while the inter-actor graph convolution concentrates on assembling
joints’ feature from other actors to model interactions among them.
Based on it, we construct a new spatial-temporal graph convolution
network block, named AAGCM, to model spatiotemporal infor-
mation of skeleton-based group activity. The detailed structure of
AAGCM is shown in Figure 3 (a).
Spatial intra-actor graph convolution: Group skeleton graph is
firstly divided into multiple independent actor skeleton graphs to
model individual dynamics separately. As an actor skeleton graph
contains a definite number of joints as nodes, being consistent with
previous works, spatial intra-actor graph convolution is based on a
graph with fixed size and directly optimizes the node embeddings
using matrix-factorization based objectives. Specifically, the intra-
actor neighbor set of nodes is defined as an adjacent matrix A ∈

{0, 1}N×N based on Espaintra, which is partitioned into 3 partitions:
the centripetal partition containing neighboring nodes that are
closer to the skeleton center, the node itself and otherwise the
centrifugal partition. Let F ∈ RN×C and F′ ∈ RN×C ′

denote the
input and output representations of all joints for an actor in one
frame, whereC andC ′ are the input and output feature dimensions.
The intra-actor spatial graph convolution is computed as:

F′ =
∑
p∈P

ĀpFWp , (2)

where P = {root, centripetal, centrifugal} denotes the spatial par-

titions, Āp = Λ
− 1

2
p ApΛ

− 1
2

p ∈ RN×N is the normalized adjacent
matrix and Λi j

p =
∑
j (A

i j
p )+α , α is set to 0.001 to avoid empty rows.

Wp ∈ R1×1×C×C ′

is the weight of the 1 × 1 convolution for each
partition.

It is important to notice that Āp makes graph convolution ap-
proaches inherently transductive and do not naturally generalize
to unseen nodes. Specifically, adding new nodes into the graph will
change Āp and deviate embedding of the existing nodes. However,
a group skeleton graph usually consists of variable numbers of
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actors. Thus, it is unreasonable to directly handle the group skele-
ton graph with transductive graph convolution when modeling
the spatial inter-actor interactions. We design an inductive graph
convolution-based module to deal with the above issues here.
Spatial inter-actor graph convolution: Inspired byGraphSAGE [13],
the strategy that samples neighbors of each node in graph and ag-
gregates information of the neighbors is adopted here to model the
spatial inter-actor interactions. We explain it in the case where the
group skeleton spatial-temporal graph G = (V, E), and representa-
tions for all joints xvmti , vmti ∈ V , are provided as input.

Initially, we randomly sample part joints from direct neighbors
determined by Espainter. A set of sampled neighbor joints,Um

ti , is
generated as follows:

Um
ti = sampler(Bm

ti , ρ), (3)

where Bm
ti is a set of neighbor joints of vmti , B

m
ti ⊆ V and Bm

ti =

{vnt j | n = 1, ...,M ;n , m; j = 1, ...,N }. These are exactly the
first-order neighbors of it. sampler(·, ρ) is a sampler function which
selects the node in accordance with the sampling probability ρ.

ρvnt j =
exp(LeakyReLU(Wg2[Wg1xvnt j | |Wg1xvmti ]))∑

k ∈Bm
ti

exp(LeakyReLU(Wg2[Wg1xk | |Wg1xvmti ]))
, (4)

where ρvnt j is the normalized sampling probability of joint vnt j . Wg1
and Wg2 are two learnable weight matrixes. | | is the concatenation
operation. The sampling operation provides the benefit that the
computational and memory complexity is constant with respect to
the size of a graph.

Then, we aggregate the embeddings of joints in the sampled
set Um

ti to form a corresponding neighborhood vector x̄vmti for vmti .
This operation is expressed as

x̄vmti = aggregator(xv ,∀v ∈ Um
ti ), (5)

where aggregator(·) represents an aggregator function. As there
is no obvious sequential feature among the sampled joints when
aggregating them, aggregator(·) must have symmetry property to
be insensitive to the input order. Here, we explore a simple mean
aggregator function, where x̄vmti is formulated as:

x̄vmti =
∑

v ∈Um
ti

xv
| Um

ti |
. (6)

Finally, we let the representations of each node bring together
information from intra-actors and inter-actors. To be specific, the
joint’s intra-actor representations xvmti is added to its aggregated
neighborhood vector x̄vmti , which is later fed into a fully connected
layer with a nonlinear activation function σ . This process is formu-
lated as:

x′vmti
= σ ((xvmti + x̄vmti )Wfc + bfc), (7)

where x′vmti
is the representation that integrates intra-actor infor-

mation and intra-actor information. Wfc and bfc are weight and
bias of the fully connected layer.
Temporal graph convolution: Similar to most existing spatial-
temporal graph convolution networks [6, 34], we construct a tem-
poral graph by connecting identical joints in consecutive frames
and use regular 1D convolution along the temporal dimension as

the temporal graph convolution to model the temporal dynamic
information.

4 EXPERIMENTS
4.1 Setup
Dataset:We evaluate our approach on the following three datasets:
Volleyball [15],Collective Activity [8], andMutual NTU [27] datasets.
Volleyball dataset is a large-scale latest and largest benchmark for
group activity recognition. It contains 55 volleyball games with
4,830 labeled frames and multiple surrounding unannotated frames,
where each player is annotated with the bounding box and one of
the 9 individual actions, and the whole group is assigned with one
of the 8 group activity labels. In evaluation, we use 39 videos for
training and 16 videos for testing following [15]. Collective Activity
dataset is composed of 44 video clips collected by a low-resolution
handheld camera. A total of 2,481 activity clips are annotated with
one of 5 group activities, including crossing, queueing, walking,
talking, and waiting. Following [14], we merge the classes walk-
ing and crossing as moving. NTU-120 RGB+D [27] is currently
the largest dataset with 3D joints annotations for human action
recognition. Mutual NTU contains 24,828 action samples in 26 mu-
tual action classes sampled from NTU-120 RGB+D. We follow the
two recommended benchmarks: (1) cross-subject (X-sub) bench-
mark: the 106 subjects are split into training and testing groups.
Each group contains 53 subjects. (2) cross-setup (X-set) benchmark:
training data comes from samples with even setup IDs, and testing
data comes from samples with odd setup IDs
Metrics: The performance of representation learning algorithms is
evaluated by the group activity recognition task. In the experiments,
Multi-Class Classification Accuracy (MCA), the percentage of cor-
rect predictions, is utilized as a performance metric. To validate
the effectiveness of the proposed self-supervised representation
learning method, we follow the commonly used linear evaluation
protocol [18, 26], where a linear classifier is trained on top of the
frozen representation model with the annotated samples, and test
accuracy is used as a proxy for representation quality. Besides,
semi-supervised fine-tuning is also adopted [26], where the rep-
resentation model is finetuned with a certain fraction of labeled
samples on the training set.
Implementation details: The public available OpenPifPaf [21]
toolbox is applied to estimate and track the skeletons of actors on
the Volleyball and Collective Activity datasets. In this paper, the
default representation model is constructed based on Shift-GCN
[6], where part spatial-temporal graph convolution network blocks
are replaced by our AAGCMs in different layers. During the self-
supervised representation learning, the encoder model is trained
on the training set without ground-truth labels. When conducting
supervised learning, the representation model and linear classifier
are randomly initialized and jointly trained on the training set with
ground-truth labels.

4.2 Comparison experiments
To quantitatively evaluate the performance, Table ?? and Figure 4
list the results of proposed approaches and several other self-supervised
representation learning algorithms. The method which only trains
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Figure 4: Data efficiency for semi-supervised training. Training data fraction vs. classifier accuracy on the Volleyball and
Mutual NTU (X-sub) datasets. The method involves self-supervised pretraining, followed by semi-supervised fine-tuning.

Table 1: Linear classification accuracies from different self-
supervised learning strategies.

Method Volleyball Collective
Activity

Mutual NTU
X-sub X-set

Random 30.8% 50.6% 11.5% 11.8%
Jigsaw puzzle [26] 28.6% 65.8% 9.5% 12.9%
Motion prediction [26] 46.4% 69.9% 12.2% 19.1%
SimCRL [4] 47.0% 55.0% 11.0% 12.8%
AimCLR [12] 46.7% 52.3% 17.8% 20.1%

Ours 58.4% 88.9% 17.3% 19.6%

the linear classifier and freezes the randomly initialized represen-
tation model is denoted as Random. We regard it as one of our
baselines. Since there are few prior works on self-supervised repre-
sentation learning for skeleton-based group activity recognition,
we enumerate several alternative self-supervision tasks to provide
meaningful references. Jigsaw puzzle and motion perdition are im-
plemented based on the work of Lin et al. [26]. SimCRL is a popular
framework for contrastive learning of visual representations [4].
We obtain the representation model by maximizing cosine simi-
larity among original data, spatial and temporal mask based on
SimCRL. Meanwhile, in order to further verify the effectiveness
and generality of AAGCM, we apply it to several state-of-the-art
spatial-temporal graph convolution networks for skeleton-based
group activity recognition, as shown in Table 2.
Comparison of self-supervised representation learning ap-
proaches: To assess the quality of the learned representations, we
first follow the widely used linear evaluation protocol. We train the
representation model in different self-supervised learning strategies
employing the unlabelled training set, and then a linear classifier
corresponding to the number of classes is trained on top of the
learned features. The results are reported in Table ??. We can no-
tice that the proposed approach shows a dramatic improvement of
27.6%, 38.3%, 5.8%, and 7.8% from the Random baseline on the Vol-
leyball, Collective Activity, Mutual NTU X-sub, and X-set datasets.
Also, we can see that ours gets significantly better MCA than the
other three self-supervised representation tasks on the Volleyball
and the Collective Activity datasets. This improvement verifies
that our methods can force the encoder to extract more effective

representations. It is worth noting that the correlation between
supervision signals from our approach and relations among actors
is more significant than that from others. Therefore, we achieve bet-
ter performance with much more suitable feature representations
compared to others.

The significance of self-supervised representation learning is
that it allows us to learn good representations without using large
annotated databases, which can be used to learn new tasks in which
data is scarce. Therefore, we also evaluate the data efficiency of our
representation for skeleton-based GAR in semi-supervised settings,
where the learned representation model is finetuned with a certain
fraction of labeled samples on the training set. Figure 4 summarizes
the results. Our representation significantly improves classification
performance over the random baseline. When the training data
fraction declines from 30% to 1%, we can observe that the less
annotated data, the more significant superiority we have. This
illustrates the value of our approach. Apart from that, we found
that Jigsaw puzzle and SimCRL have adverse side effects sometimes.
Maybe it’s because they lack an effective mechanism to drive the
representation model to learn interactions between actors.
CombinationAAGCMwith state-of-the-art networks: To ver-
ify the effectiveness and generality of AAGCM, we apply it to
several state-of-the-art spatial-temporal graph convolution net-
works. The results in supervised settings are shown in Table 2.
From two large-scale datasets, the Volleyball and the Mutual NTU,
it is found that AAGCM produces good quality results. Combined
with AAGCM, these state-of-the-art networks successfully improve
their performance in skeleton-based GAR by a sizable margin. This
verifies both the effectiveness and the generality of the proposed
AAGCM. The prime reason why it works is that AAGCM makes up
a fatal defect of the existed networks that lack effective mechanisms
to model interactions among actors. Inserting multiply AAGCMs
into different network depths makes the model can represent multi-
level group relevant interactions between actors. One thing to note
here is that AAGCM does not yield the expected same improve-
ments in the Collective Activity dataset. This however may be
explained by the fact that there is a very limited number of samples
in this dataset.
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Table 2: Evaluation of AAGCM based on various spatial-temporal graph convolution networks in a supervised manner. We
report the 95% confidence intervals over four times repetitions.

Method Volleyball Collective
Activity

Mutual NTU
X-sub X-set

ST-GCN [48] [88.42%, 88.88%] [83.89%, 84.18%] [81.22%, 81.82%] [77.63%,78.12%]
ST-GCN-AAGCM [89.85%, 91.47%] [83.91%, 84.28%] [84.39%, 85.23%] [81.01%, 81.84%]

AGCN [34] [85.25%, 85.53%] [81.58%, 81.84%] [85.16%, 86.38%] [86.19%, 86.96%]
AGCN-AAGCM [88.87%, 89.27%] [77.89%, 78.65%] [87.78%, 88.43%] [88.02%, 89.28%]

Shift-GCN [6] [86.30%, 87.08%] [76.29%, 77.19%] [83.22%, 84.07%] [84.01%, 85.18%]
Shift-GCN-AAGCM [88.93%, 89.25%] [79.24%, 79.98%] [87.25%, 88.24%] [86.28%, 87.32%]

CTR-GCN [5] [90.13%, 90.89%] [87.01%, 88.28%] [85.79%, 86.27%] [85.01%,86.24%]
CTR-GCN-AAGCM [92.09%, 92.97%] [84.59%,85.03%] [86.73%, 87.64%] [86.52%, 87.21%]

4.3 Ablation experiments
Self-supervised representation learning task: We start with
the exploration of the parameters of our self-supervised represen-
tation learning task by varying the synthetic group size and the
subgroup number. The results following the linear evaluation proto-
col are presented in Table 3 and Table 4. Because AAGCM supports
variable group size, we can carry the self-supervised representa-
tion learning with one group size and deploy the representation
model with another group size. The results in Table 3 show that the
performance of our representation learning task varies at different
synthetic group sizes, but the representation models can always pro-
vide powerful features that facilitate group activity classification. In
addition, we experiment with the subgroup number. Twelve actors
in the synthetic group are uniformly sampled from different naive
groups here. Results illustrated in Table 4 show that increasing the
subgroup number leads to performance degradation, 58.4% to 52.1%,
from which it can be concluded that enhancing the complexity of
the pretext task, subgroup identification, cannot help the model to
learn better representations for group activity recognition.
Actor-association graph convolution module: In Table 5, we
compare the performance of our approach when different insertion
depth for AAGCM is used. The best performance is obtained as
AAGCMs are inserted into block1, 5, and 8. This is as expected since
the multi-level interactions between actors can be modeled in this
way. We can discover that inserting AAGCM into block1 is better
than block5 and block8 in two datasets, which shows that modeling
low-level interactions between actors is more important than high-
level. Besides, we investigate the performance of different sampling
aggregator functions. Apart from Mean, the remaining aggregator
functions are: MaxPool where an elementwise max-pooling opera-
tion is applied to aggregate information across the neighbor set [13]
and Graph Attention where different importances are assigned to
nodes based on self-attention within a neighborhood to aggregate
information [41]. The results are reported in Tabel 6. From these
results, we can see that although the mean aggregator function is
simple, it always performs better than the other two functions with
different sampling probabilities. So the mean aggregator function
is the best choice here.
Multimodal Fusion: In the last ablation, we compare RGB and
skeleton for GAR and also combine them using late fusion. The re-
sults are presented in Table 7. ARG is an excellent RGB-based GAR

Table 3: Ablation study of synthetic group size on the Volley-
ball dataset. Each synthetic group contains two subgroups.

# Synthetic Group Size 10 11 12 13 14

Volleyball 56.4% 56.2% 58.4% 58.6% 53.2 %

Table 4: Ablation study of subgroup number on the Volley-
ball dataset.

# Subgroup Number 2 3 4 5

Volleyball 58.4% 57.1% 55.4% 52.1%

Table 5: Ablation study of insertion depth for AAGCM on
the Volleyball and Mutual NTU(X-sub) in a supervised man-
ner.

Insertion Depth block1 block5 block8 block1,5,8

Volleyball 89.0% 88.3% 88.0% 89.2%
Mutual NTU 86.5% 85.6% 85.8% 87.5%

Table 6: Ablation study of AAGCM with different aggrega-
tor functions on the Volleyball and Mutual NTU(X-sub) in a
supervised manner, where the baseline indicates the model
without AAGCM.

Aggregator Baseline Mean MaxPool Attention

Volleyball 87.0% 89.2% 88.6% 88.0%
Mutual NTU 83.2% 87.5% 86.2% 85.4%

approach, where a flexible and efficient Actor Relation Graph is built
to simultaneously capture the appearance and position relation be-
tween actors [46]. It is satisfactory to find that our skeleton-based
method 93.0% outperforms RGB-based ARG 92.6%. Meanwhile, fus-
ing multiple modalities bring a performance improvement com-
pared to the method of using a single modality, since they contain
complementary and discriminative appearance and geometrical
information, which is useful for activity analysis.

4.4 Analysis
To analyze the benefits of AAGCM, Figure 6 (b) shows the neural
response magnitude of each actor in the last layer of our encoder
model trained with annotated data. In order to identify left spike in a
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Baseline Jigsaw Prediction SimCRL Ours

Figure 5: t-SNE [40] visualization of representation on the Volleybally dataset learned by self-supervised learning tasks and
finetuned with 20% labeled samples. Each sample is visualized as one point and colors denote different group activities.

Table 7: Comparison of different modalities on the Volley-
ball dataset in supervised manner.

Modality RGB Skeleton RGB+Skeleton

Method ARG [46] CTR-GCN-AAGCM Later Fusion

Volleyball 92.6% 93.0% 94.2%
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Figure 6: Example of learned representations obtained by
AAGCM-based encoder in a supervised manner. (a) Actors
of the group, labeled by bounding boxes, and group activity
label; (b) Normalized neural responsemagnitude for each ac-
tor; (c) Correlation matrix of actors’ representations. When
the corresponding value is larger in (b) and (c), the color is
deeper.
volleyball game, the states of attaquant principal, setter, and blocker
are the most crucial points. In the visualization results, we can see
that the response magnitude of attaquant principal(13), setter(11),
and blockers (14, 15) are significantly higher than others. There-
fore, AAGCM automatically learns the key actors to determine the
group activity in the scene. Meanwhile, we also visualize the rela-
tion information between actors in Figure 6 (c), where normalized
cosine similarities for the learned representations are calculated
and plotted in a correlation matrix. AAGCM has a high capability

in modeling interactions among actors for group activity represen-
tation learning. As expected, there are higher correlations among
actors who have stronger cooperative relationships with each other.
For instance, actors (14, 15, 28) cooperate closely to make a com-
bination block, which is reflected in the correlation matrix. The
collaborative relationships between the back row players or front
row players are also clearly manifested in the matrix.

Figure 5 shows the t-SNE visualization for embedding the group
activity representation learned by different self-supervised learning
tasks. The baseline is the model without pre-training. Specifically,
we project the representations of samples on the test set of the
Volleyball dataset into 2-dimensional space using t-SNE. We can
observe that the representations learned by ours are more concen-
trated for the same kind of samples and more separated for different.
These visualization results indicate the proposed approach is more
effective for group activity recognition.

However, the group skeleton sequence in this paper is assumed to
keep high continuity in the temporal domain for each actor, which is
challenging for current multi-person pose estimation and tracking
algorithms. Meanwhile, our information aggregation models hinder
the direct flow across spacetime for capturing complex regional
spatial-temporal relations between actors. These will be our further
research problems in the future.

5 CONCLUSION
This paper has presented an efficient self-supervised representation
learning task and a plug-in graph convolution module for skeleton-
based group activity recognition. First, we define a pretext task of
subgroup identification in a synthetic group to learn the spatiotem-
poral dynamics of individual actors and group relevant interactions
between them. Second, we propose an Actor-Association Graph
Convolution Module for spatial-temporal graph convolution net-
works to effectively model the multi-level relations between actors
and adapt to variable group sizes. With experiments on the Volley-
ball, Collective Activity, and Mutual NTU datasets, we confirmed
both the self-supervised representation learning algorithm and the
network architecture for skeleton-based group activity recognition
outperform the existing state-of-the-art results by a sizable margin.
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