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Abstract

Skeleton-based action recognition aims to predict hu-
man actions given human joint coordinates with skele-
tal interconnections. To model such off-grid data points
and their co-occurrences, Transformer-based formulations
would be a natural choice. However, Transformers still
lag behind state-of-the-art methods using graph convolu-
tional networks (GCNs). Transformers assume that the in-
put is permutation-invariant and homogeneous (partially
alleviated by positional encoding), which ignores an impor-
tant characteristic of skeleton data, i.e., bone connectivity.
Furthermore, each type of body joint has a clear physical
meaning in human motion, i.e., motion retains an intrin-
sic relationship regardless of the joint coordinates, which is
not explored in Transformers. In fact, certain re-occurring
groups of body joints are often involved in specific actions,
such as the subconscious hand movement for keeping bal-
ance. Vanilla attention is incapable of describing such un-
derlying relations that are persistent and beyond pair-wise.
In this work, we aim to exploit these unique aspects of
skeleton data to close the performance gap between Trans-
formers and GCNs. Specifically, we propose a new self-
attention (SA) extension, named Hypergraph Self-Attention
(HyperSA), to incorporate inherently higher-order relations
into the model. The K-hop relative positional embeddings
are also employed to take bone connectivity into account.
We further reveal that the intra-joint modeling of simple 3D
coordinates is negligible, thus proposing to remove the MLP
layer. We name the resulting model Hyperformer, and it
achieves comparable or better performance w.r.t. accuracy
and efficiency than state-of-the-art GCN architectures on
NTU RGB+D, NTU RGB+D 120, and Northwestern-UCLA
datasets. On the largest NTU RGB+D 120 dataset, the
significantly improved performance reached by our Hyper-
former demonstrates the underestimated potential of Trans-
former models in this field.

1. Introduction

Human action recognition finds its application in a wide
range of areas, such as video retrieval, surveillance, and
human-machine interaction. In recent years, skeleton-based
human action recognition approaches have attracted in-
creasing attention due to their computational efficiency and
robustness to environmental variations in backgrounds or
camera viewpoints. The body keypoints can also be eas-
ily acquired by sensors such as Kinect [54] or reliable pose
estimation algorithms [2].

Yan et al. [47] first propose to treat joints and their natu-
ral connections as nodes and edges of a graph, and employ a
Graph Convolutional Network (GCN) [20] on such a prede-
fined graph to learn joint interactions. Since then, GCNs
have become the de facto standard choice for skeleton-
based action recognition. To further capture the interac-
tions between physically unconnected joints, state-of-the-
art GCNs [3, 7, 32, 36, 37, 48] adopt a learnable topology
which merely uses the physical connections for initializa-
tion. Moreover, they indeed rely on an attention mechanism
to relax the restriction of a fixed topology. This is the key
for the improved performance, as shown in their ablation
studies.

A natural question that arises is whether a purely
attention-based Transformer is a better candidate for this
task. Yet, the performance of current such models is far
from being satisfying [29, 33]. We found this is due to the
fact that the formulation of the vanilla Transformer ignores
the special characteristics of skeleton data.

The vanilla attention operation assumes permutation in-
variance and thus destroys the positional information. For
alleviating this issue, absolute positional embeddings [11,
39, 40] are widely adopted. Yet they are incapable of rep-
resenting the sophisticated bone connectivity between hu-
man body joints. In contrast to absolute positional embed-
dings, relative positional embeddings prove to be superior
for Transformers on various tasks on language [9, 15, 31],
vision [26, 43, 56, 56] and graph [49] data, because they re-
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tain more structural information than the former.

Moreover, each type of body joint has its unique phys-
ical functionality for human action. Consequently, certain
re-occurring groups of body joints are often involved in spe-
cific actions, such as the subconscious hand movement for
keeping balance. Vanilla attention is incapable of describ-
ing such underlying relations that are independent from
joint coordinates and beyond pair-wise.

In this work, we creatively apply the concept of hyper-
graphs [1, 13, 55] to represent the underlying higher-order
relations of body joints. With the hyergraph representation,
we propose a novel variant of Self-Attention (SA) called
Hypergraph Self-Attention (HyperSA), which accommo-
dates both pair-wise and high-order relations. As shown
in Fig. 1, given a partitioning of the human body joints
into groups, a representation of each group is derived based
on its assigned joints. The group representation is then
linearly transformed and multiplied with joint queries, al-
lowing joint-to-group interactions in addition to the vanilla
joint-to-joint SA. Although HyperSA works with empirical
partitions, we propose an approach to search the optimal
partition strategy automatically. To incorporate the infor-
mation of bone connectivity of human body as well, we
also introduce a powerful k-Hop Relative Positional Em-
bedding (k-Hop RPE) based on the distance of the shortest
path (SPD), inspired by Spatial Encoding in [49].

At the same time, Transformers spend a large portion
of their capacity on intra-token modeling in their feed for-
ward layer. While this is important for complex tokens
such as image patches or word embeddings, we analyze
that such an expensive step is not necessary for joint coordi-
nates which are merely three dimensional. This implies that
the modeling of inter-token relations, or the so-called joint
co-occurrences, is the key for successful action recognition.
We thus suggest to remove MLP layers for computation and
memory reduction and show in Sec. 5.3.1 that MLP layers
are indeed negligible. This leads to a lightweight Trans-
former which is comparable to GCNs in model size and
computation cost.

Altogether, we construct a model named Hypergraph
Transformer (Hyperformer), with our HyperSA for mod-
eling joint co-occurrences and an efficient temporal con-
volution module for temporal modeling. Hyperformer is
the first Transformer model that achieves state-of-the-art
performance on skeleton-based action recognition bench-
marks including NTU RGB+D, NTU RGB+D 120 and
Northwestern-UCLA datasets. Our study not only breaks
the limitations of established GCN frameworks in this field,
but also sheds light on how to design Transformers to better
exploit task-specific knowledge. We believe the latter is the
key for Transformers to become a universal model regard-
less of the form of data.

2. Related work
In this section, we highlight the most related work to ours

regarding skeleton representation as well as the spectacle of
application.

2.1. Representation of skeleton data

Graph Representation Graph is the most prevalent choice
for representing non-euclidean data and human skeleton
can be naturally represented as graph. Comparing to other
graph models [14,41,44], the Graph Convolutional Network
(GCN) proposed by Kipf et al. [20] is widely adopted for
action recognition due to its simplicity and thus higher re-
sistance to overfitting. Recently, Graphformer [49] achieves
state-of-the-art performance on generic graph data. It re-
veals the necessity of effectively encoding the structural in-
formation into Transformers. Their finding conforms to our
analysis w.r.t. the aspect of topology, and we analogously
propose a powerful k-Hop RPE for our Hyperformer.
Hypergraph Representation In real-world scenarios, re-
lationships could go beyond pairwise associations. Hy-
pergraph further considers higher-order correlations among
data. Although hypergraphs can be modeled as a graph ap-
proximately via techniques such as clique expansion [55],
such approximations fail to capture higher-order relation-
ships in the data and result in unreliable performance [8,23].
This motivates the study of learning on hypergraphs [13,16,
46, 50]. Attention-based hypergraph models have also been
proposed for multi-modal learning [19] and inductive text
classification [10]. Our proposed HyperSA is the first hy-
pergraph attention which is specially designed for skeleton-
based action recognition.

2.2. Skeleton-based action recognition

In early years, RNNs [12, 35, 51] have been a popular
choice to tackle the problem of skeleton-based human ac-
tion recognition. The application of CNNs for this task
[18, 25] is also well studied. Nevertheless, the spatial in-
teractions between joints are ignored in the above meth-
ods, and GCNs have become a more common choice in this
field, by successfully modelling the spatial configurations
as graphs.

GCN-based approaches Yan et al. [47] first introduced
GCN [20] to model the joint correlations and demonstrated
its effectiveness for action recognition. However, the limi-
tation of assuming a fixed topology according to the natural
connections is identified later, and most follow-up works
adopt a learnable topology for action recognition. Many
among them [3, 5, 32, 48] also employ attention or simi-
lar mechanisms to produce a data-dependent component of
the topology (analogous to Graph Attention Networks [41]),
boosting GCN’s performance further.

Transformer-based approaches Attempts to tackle this
problem with Transformers have been made recently. They



mainly focus on handling the challenge brought by the ex-
tra temporal dimension. [29] propose a two-stream model
consisting of spatial and temporal Self-Attention for mod-
eling intra- and inter-frame correlations, respectively. In-
stead, [33] employ a Transformer which models the spatial
and temporal dimension in an alternate fashion. Neverthe-
less, none of them achieved comparable results to state-of-
the-art GCN-based approaches. Since they simply follow
the design of vanilla Transformers, the special characteris-
tics of skeleton data are ignored.

3. Preliminaries
In this section, we recap the definition of Self-Attention

and hypergraphs.

3.1. Self-Attention

Given an input sequence in the form of X = (~x1, ..., ~xn),
each token ~xi is first projected into Key ~ki , Query ~qi and
Value ~vi triplets. Then the so-called attention score Aij be-
tween two tokens is obtained by applying a softmax func-
tion to the dot product of ~qi and ~kj [40]:

Aij = ~qi · ~k>j , (1)

the final output at each position is computed as the weighted
sum of all Values:

~yi =

n∑
j=1

Aij~vj . (2)

An extension called Multi-Head Self-Attention (MHSA) is
often adopted by Transformers in practice. It divides the
channel dimension into subgroups and apply Self-Attention
to each subgroup in parallel to learn different kinds of
inter-dependencies. For simplicity, we omit the notation of
MHSA in this paper.

3.2. Hypergraph representation

Unlike standard graph edges, a hyperedge in a hyper-
graph connects two or more vertices. An unweighted hy-
pergraph is defined as H = (V, E), which consists of a ver-
tex set V and a hyperedge set E . The hypergraph H can
be denoted by a |V| × |E| incidence matrix H , with entries
defined as follows:

hv,e =

{
1, if v ∈ e

0, if v /∈ e
(3)

The degree of a node v ∈ V is defined as d(v) =∑
e∈E hv,e, and the degree of a hyperedge e ∈ E is defined

as d(e) =
∑
v∈V hv,e. The degree matrices De and Dv are

constructed by setting all the edge degrees and all the vertex
degrees as their diagonal entries, respectively.

In this work, we consider the special case of d(v) = 1
for all vertices, i.e. , body joints are divided into |E| disjoint
subsets, which is efficient in practice. Notably, the inci-
dence matrix H is equivalent to a partition matrix in this
case. Each column is a one hot vector denoting the group to
which each joint belongs.

4. Method
As analyzed in Sec. 1, multiple specific joints often move

cooperatively in an action, i.e. there are inherent higher-
order relations beyond the pair-wise relation. Therefore, we
propose to introduce the prior information of the intrinsic
hyper connections into vanilla Self-Attention. Specifically,
a novel Hypergraph Self-Attention (HyperSA) layer is in-
troduced, which makes Transformers aware of extra higher-
order relations shared by a subset of joints connected to
each hyperedge.

4.1. Deriving the hyperedge feature

Given an incidence matrix H , we propose an effec-
tive approach to obtain the feature representation for each
subset of joints connected to a hyperedge. Let C denote
the number of feature dimensions, individual joint features
X ∈ R|V|×C are first aggregated into subset representations
E ∈ R|E|×C by the following rule:

E = D−1e H>XWe, (4)

where:

• The product of incidence matrix H and input X es-
sentially sums up the belonging joint features of each
subset.

• The inverse degree matrix of hyperedges are multiplied
for the purpose of normalization.

• The projection matrix We ∈ RC×C further transforms
the features of each hyperedge to obtain their final rep-
resentations.

Then we construct an augmented hyperedge representa-
tion Eaug ∈ R|V|×C by assigning hyperedge representa-
tions to the position of each associated joint:

Eaug = HD−1e H>XWe. (5)

4.2. Encoding human skeleton structure

Human body joints are naturally connected with bones
and form, together with the latter, a bio-mechanical model.
In such a mechanical system, the movement of each joint
in an action is strongly influenced by their connectivities.
Therefore, it is beneficial to take the structural information
of human skeleton into account.
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Figure 1. Model architecture overview and illustration of our proposed HyperSA layer.

Analogous to the established Relative Positional Embed-
ding (RPE) for image [43] and language [15, 31] Trans-
former, we propose a powerful k-Hop Relative Positional
Embedding Rij ∈ RC , which is indexed from a learnable
parameter table by the Shortest Path Distance (SPD) be-
tween the ith and jth joints. In comparison to the learnable
scalar spatial encoding in [49], it has larger capacity and
interacts with the query additionally.

4.3. Hypergraph Self-Attention

With the obtained hyperedge representation and skele-
ton topology encoding, we now define our Hypergraph Self-
Attention as follows:

Aij = ~qi · ~k>j︸ ︷︷ ︸
(a)

+ ~qi · E>aug,j︸ ︷︷ ︸
(b)

+ ~qi ·R>φ(i,j)︸ ︷︷ ︸
(c)

+ ~u · E>aug,j︸ ︷︷ ︸
(d)

,
(6)

where ~u ∈ RC is a learnable static key regardless of the
query position.

• Term (a) alone is the vanilla SA, which represents
joint-to-joint attention.

• Term (b) computes the joint-to-hyperedge attention be-
tween the ith query and the corresponding hyperedge
of the jth key.

• Term (c) is the term for injecting the structural infor-
mation of human skeleton with k-Hop Relative Posi-
tional Embedding.

• Term (d) is intended for calculating the attentive bias
of different hyperedges independent of the query posi-
tion. It assigns the same amount of attention to each
joint connected to a certain hyperedge.

Note that terms (a) and (b) can be combined by distribu-
tive law and require merely an extra step of matrix addition.
Moreover, term (d) has O(|V|C2) complexity and thus re-
quires negligible computation in comparison to term (a).
Relational Bias Transformers assume the input tokens to
be homogeneous, whereas human body joints are inherently
heterogeneous, e.g. each physical joint plays a unique role
and thus has different relations to others. Taking the het-
erogeneity of the skeleton data into account, we propose to
represent the inherent relation of each joint pair as a scalar
trainable parameter Bij , called Relational Bias (RB). It is
added to the attention scores before aggregating the global
information:

~yi =

n∑
j=1

(Aij +Bij)~vj , (7)

4.4. Partition strategy

Empirically, human skeletons could be divided into a
number of body parts, which have been well studied in pre-
vious work [17, 37, 38]. We experimentally show that our



(a) Empirical partition a. (b) Empirical partition b.

(c) Learned partition a. (d) Learned partition b.

Figure 2. Visualization of the empirical and learned partitions.
Different node colors stand for different subgroups for each parti-
tion strategy.

Hyperformer with empirical partitions yields excellent per-
formance. However, finding an optimal empirical partition
strategy is laborious and the optimal partition strategy is re-
stricted to a certain skeleton with a fixed number of recorded
joints. In this work, we also provide an approach to auto-
mate the search process for an effective partition strategy.

To make the partition matrix learnable, we parameterize
and relax the binary partition matrix to its continuous ver-
sion by applying a softmax along its column axis:

H̃ = {h̃ve =
exp(hve)∑|E|
e=1 exp(hve)

; i = 1...|V|, j = 1...|E|}.

(8)
The problem of finding an optimal discrete partition matrix
H is thus reduced to learning an optimal continuous parti-
tion matrix H̃ , which can be optimized jointly with Trans-
former parameters.

At the end of the optimization, a discrete partition ma-
trix can be obtained by applying an argmax operation along
each row of H̃:

H = argmax(H̃). (9)

Note that a number of different proposals can be easily ac-
quired by varying the initialization of H̃ . We experimen-
tally show that all the proposals prove to be reasonable.
Interestingly, all the learned proposals are symmetric as
shown in Fig. 2, indicating that symmetry is an important
aspect of inherent joint relations.

4.5. Model architecture

We first revisit the architectural design of Transformers
for skeleton data. Then we built our Hyperformer based
on our analysis. HyperSA is employed for spatial model-
ing of each frame and a lightweight convolutional module
is adopted for temporal modeling, following the design of
state-of-the-art models [3, 7] in this field.
Spatial Modeling We apply Layer Normalization (LN) be-
fore the multi-head HyperSA and add a residual connection
to the output, following the standard Transformer architec-
ture [40]. Based on our analysis in Sec. 1, we further re-
move the Multi-Layer-Perceptron (MLP) layers. To intro-
duce non-linearity, a ReLU layer is added after each block
of spatial and temporal modeling modules instead.
Temporal Modeling To model the temporal correlation of
the human pose, we adopt the Multi-Scale Temporal Convo-
lution (MS-TC) module [3, 7, 27] as shown in Fig. 1. This
module contains three convolution branches with a 1 × 1
convolution to reduce channel dimension, followed by dif-
ferent combinations of kernel sizes and dilations. The out-
puts of convolution branches are concatenated.

Hyperformer is constructed by stacking HyperSA and
MS-TC layers alternately as follows:

z(l) = HyperSA(LN(z(l−1))) + z(l−1) (10)

z(l) = MS-TC(LN(z(l))) + z(l−1) (11)

z(l) = ReLU(z(l)) (12)

5. Experiments
In this section, we first compare our Hyperformer to

state-of-the-art approaches on skeleton-based human action
recognition benchmarks and show competitive or superior
results. Then we conduct an ablation study for a deeper un-
derstanding of our proposed HyperSA. Finally, we evaluate
our approach qualitatively by visualizing each component
of HyperSA.

5.1. Experimental settings

5.1.1 Datasets

We evaluate our proposed Hyperformer on three com-
monly adopted public datasets NTU-RGB+D [30], NTU-
RGB+D120 [24] and Northwestern-UCLA [42] which are
briefly introduced in the following.
NTU RGB+D [30] is a widely used public dataset for
skeleton-based human action recognition. It contains 56880



Frame t

Frame t+1

Fram t+3

Fram t+2

Summed Attention 

query

Stand straight and swing the hands

query

Joint-to-joint Joint-to-distance Joint-to-group Attentive bias

Bend the knees and lean forward 

Figure 3. Visualization of the attention scores for the action class ”Jump Up”. The directed edges represent the attention weights w.r.t. the
query joint of left wrist and range from light orange to dark red with the increase of the weights. The black edges stand for the bones and
the joints are assigned different colors according to their connected hyperedges as in Fig. 2 (c).

skeletal action sequences. Each action sequence is con-
ducted by one or two subjects and captured by three Mi-
crosoft Kinect-V2 depth sensors set at the same height but
from different horizontal viewpoints simultaneously. There
are two benchmarks for evaluation including Cross-Subject
(X-Sub) and Cross-View (X-View) settings. For the X-Sub,
the training and test sets come from two disjoint sets of 20
subjects each. For X-View, the training set contains 37920
samples captured by the camera views 2 and 3, and the test
set includes 18960 sequences captured by camera view 1.

NTU RGB+D 120 [24] is an extension of NTURGB+D
dataset with 57367 additional skeleton sequences over 60
additional action classes. It is currently the largest available
dataset with 3D joint annotations for human action recog-
nition and contains 32 setups, each of which represents a
different location and background. Two benchmark evalua-
tions were suggested by the author including Cross-Subject
(X-Sub) and Cross-Setup (X-Setup) settings.

Northwestern-UCLA [42] dataset is recorded by three
Kinect sensors from different viewpoints. It includes 1494
video sequences of 10 action categories.

5.1.2 Implementation details

All experiments are conducted with the PyTorch [28] deep
learning library. We train the model for a total number of
150 epochs with standard cross-entropy loss. The learning
rate is initialized to 0.025 and reduced following the strat-
egy in [7]. For NTU RGB+D and NTU RGB+D 120, the
batch size is set to 64, each sample is resized to 64 frames,
and we adopt the code of [53] for data pre-processing. For
Northwestern-UCLA, we use a batch size of 16, and follow
the data pre-processing in [3, 6]. Our code is based on the
official implementations of [39], [3] and [53]. We employ
a model with a total number of 10 layers and 216 hidden
channel dimensions for all the experiments.

5.2. Comparison with state-of-the-art approaches

Following most recent state-of-the-art approaches [3,4,6,
48], we adopt a multi-stream fusion strategy, i.e., there are
4 streams which take different modalities including joint,
bone, joint motion and bone motion as input respectively.
Joint modality refers to the original skeleton coordinates;
bone modality represents the differential of spatial coordi-



Table 1. Action classification performance on the NTU RGB+D and NTU RGB+D 120 dataset.

Type Methods Parameters(M) NTU RGB+D 60 NTU RGB+D 120
X-Sub(%) X-View(%) X-Sub(%) X-Set(%)

RNN VA-LSTM [51] - 79.4 87.6 - -
AGC-LSTM [34] 22.9M 89.2 95.0 - -

CNN
HCN [22] - 86.5 91.1 - -
VA-CNN (aug.) [52] 24.09M 88.7 94.3 - -
Ta-CNN+ [45] 1.06M 90.7 95.1 85.7 87.3

GCN

Shift-GCN [6] 2.8M 90.7 96.5 85.9 87.6
DC-GCN+ADG [5] 4.9M 90.8 96.6 86.5 88.1
MS-G3D [27] 2.8M 91.5 96.2 86.9 88.4
MST-GCN [4] 12.0M 91.5 96.6 87.5 88.8

Hybrid Model
( GCN + Att )

SGN [53] 0.7M 89.0 94.5 79.2 81.5
2s-AGCN [32] 6.9M 88.5 95.1 82.9 84.9
PA-ResGCN-B19 [37] 3.6M 90.9 96.0 87.3 88.3
Dynamic GCN [48] 14.4M 91.5 96.0 87.3 88.6
EfficientGCN-B4 [36] 2.0M 91.7 95.7 88.3 89.1
CTR-GCN [3] 1.5M 92.4 96.8 88.9 90.6
InfoGCN w/ (w/o) MMD losses [7] 1.6M 92.7 (-) 96.9 (-) 89.4 (89.1) 90.7 (-)

Transformer
ST-TR [29] 12.1M 89.9 96.1 82.7 84.7
DSTA [33] 4.1M 91.5 96.4 86.6 89.0
Hyperformer(Joint Only) 2.6M 90.7 95.1 86.5 88.1
Hyperformer 2.6M 92.6 96.5 89.9 91.2

Table 2. Action classification performance on the Northwestern-
UCLA dataset.

Type Methods Acc (%)

RNN TS-LSTM [21] 89.2
2s-AGC-LSTM [34] 93.3

CNN VA-CNN (aug.) [52] 90.7
Ta-CNN [45] 96.1

GCN 4s-shift-GCN [6] 94.6
CTR-GCN [3] 96.5
InfoGCN [7] 97.0

Transformer Hyperformer 96.6

nates; joint motion and bone motion modalities use the dif-
ferential on temporal dimension of joint and bone modali-
ties, respectively. The softmax scores of 4 streams are added
to obtain the fused score. Note that DSTA [33] also fuses
4 streams but the modalities are different from the above
mentioned common modalities. Moreover, we only list re-
sults of InfoGCN [7] using 4 instead of 6 modalities for a
fair comparison.

The comparison on the three benchmarks is shown in
Tab. 1 and Tab. 2, respectively. As shown in Tab. 1, all
recent approaches achieve a remarkably high accuracy on
the relatively small NTU RGB+D dataset, and our Hyper-

former performs slightly worse than InfoGCN [7]. Never-
theless, the latter relies on two additional MMD loss terms
and a number of associated hyperparameters, including loss
coefficients, noise ratio and z prior gain. NTU RGB+D
120 is a more challenging dataset, on which the results
of previous Transformer-based approaches are not satisfy-
ing. On the contrary, our model achieves the best results
among all model categories. This conforms to the findings
that attention mechanism benefits more from a large amount
of data than Convolution [11, 39]. The Northwestern-
UCLA dataset is particularly challenging since it contains
much fewer training samples, making it even harder for
Transformer-based models to compete. With the prior
knowledge of bone connectivity and underlying high-order
relations of joints, our Hyperformer still matches state-of-
the-art GCN architectures in such a low-data regime.

5.3. Ablation study

In this section, we revisit the role of MLP layers for
this task and compare Hyperformer with the vanilla Trans-
former to show the effectiveness of our proposed model. We
also analyze the contribution of each component of our Hy-
perSA. In addition, we compare our learned partition strat-
egy with empirical ones to show its effectiveness. For the
ablation study, all experiments are conducted on the X-sub
benchmark of NTU RGB+D using the joint modality as in-
put only.



5.3.1 The design of Hyperformer

Before replacing standard SA layers with our HyperSA, we
removed the MLP layers based on the results in Tab. 3. As
can be seen, our HyperSA layers contribute most to the final
performance, with an significant improvement of 2.8% ab-
solute accuracy. The MS-TC module further improves over
vanilla TC by 0.4%. In Tab. 3, it can be seen that our Hy-
performer achieves significantly higher accuracy than the
vanilla baseline with fewer parameters thanks to the listed
design choices.

Table 3. Constructing Hyperformer from the vanilla baseline.
Note that the adopted MS-TC module has fewer parameters than
vanilla Temporal Convolution (TC) due to the dimension reduction
via 1x1 convolutions, see Fig. 1

Model Parameters FLOPs Acc(%)

SA + MLP + TC 7.2M 25.6G 88.3
SA + TC 3.6M 14.1G 87.5
HyperSA + TC 4.1M 16.7G 90.3
HyperSA + MS-TC 2.6M 14.8G 90.7

Table 4. The effectiveness of the HyperSA components.

Method Acc(%)

HyperSA 90.3
HyperSA w/o k-Hop RPE 90.0
HyperSA w/o Hyperedge Attentive Bias 89.9
HyperSA w/o Joint-to-Hyperedge Attention 89.9
HyperSA w/o Relational Bias 90.0

5.3.2 Effect of different partition strategies

Table 5. The effect of different partition strategies

Partition Strategy Acc(%)

Body Parts 90.5
Upper and Lower Body 90.4
Learned a 90.7
Learned b 90.7

In Tab. 5, we compared empirical partitions according
to body parts (see Fig. 2), and our learned partitions. Note
that we obtain different partition proposals when the model
is trained with different seeds. All proposals prove to be
effective. Overall, Hyperformer delivers stable performance
and achieves the best result with a learned partition using
the approach described in Sec. 4.4.

5.4. Qualitative results

In order to showcase the effectiveness of our approach,
we visualize the attention scores of our HyperSA as well
as the four decomposed terms in Eq. (6) at the first layer
in Fig. 3. More specifically, we draw the attention scores
w.r.t. the query joint of left wrist for two single frames
respectively. The directed edges represent the attention
weights and range from light orange to dark red with the
increase of attention score. The black edges stand for the
bones and the joints are assigned different colors according
to their connected hyperedges.

At Frame t, the person stands straight and starts to swing
the hands, preparing to jump up. The joint-to-joint attention
is distracted by a large number of joints, whereas the joint-
to-group attention concentrates on the upper body. As the
sum of the four terms, the final attention reasonably focuses
on the hands and neck.

At Frame t + 2, the person bends the knees and leans
the upper body forward to squeeze the leg muscles. Al-
though the joint-to-joint attention is successfully attached
to the feet and waist, the knees and heels are less valued.
This incomplete and unstable attention is unavoidable due
to the pairwise mechanism. However, our proposed joint-
to-group attention solves this issue by exploiting the under-
lying group relation.

6. Discussion
Broader Impact. Skeleton-based action recognition is
widely studied due to its computation efficiency and robust-
ness against the change of lighting conditions, compared
to video-based action recognition. Moreover, skeleton-data
better preserves the privacy since the identities of human
subjects are removed.
Limitations. Our paper focuses on making Transformers
fit for skeleton-based action recognition and specially con-
siders the intrinsic nature of skeleton data. Therefore, our
proposed Hyperformer may not be advantageous for other
tasks, but the idea of taking inherent relations into account
suggests the potential to better utilize Transformers.

7. Conclusion
In this work, we identify a limitation of Transformers

when applied to the task of skeleton-based action recogni-
tion, i.e., the input-independent characteristics of skeleton
data are ignored. Therefore, we propose a Relational Bias
and a novel HyperSA layer to make Transformer models
aware of these inherent relations. To avoid laborious man-
ual search of the appropriate group relations, we also intro-
duce an approach to let our model automatically learn them.
The resulting model called Hyperformer becomes the state-
of-the-art Transformer in this field.
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