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H B 2s-AGCN 23 T 3.7%, £ NTU RGB+D 120 # X-sub &/ L 2s-AGCN #2357 5.7%.
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Hypergraph Convolutional Network with Multi-perspective Topology Refinement for Skeleton-
based Action Recognition

HUANG Qian,SU Xinkai, LI Chang and WU Yirui

College of Computer Science and Software Engineering, Hohai University, Nanjing 211106, China

Abstract Since the human skeleton is a natural topological structure.graph convolutional networks(GCNs) are widely used for
skeleton-based human action recognition. In recent research,skeleton sequences are represented as spatio-temporal graphs and to-
pology graphs are used to model the correlation between human joints. However, current GCN-based methods only focus on pair-
wise joint relationships and ignore potential high-order relationships beyond pairwise relationships,leading to underutilization of
the graph structure of skeleton data. To solve this problem,this paper proposes the concept of hypergraph to represent potential
high-order relationships of joints. Since the high-order relationships of joints within each frame in the skeleton sequence may va-
ry,the model dynamically learns the high-order correlations within each frame with the K-NN method and initialize the hyperg-
raph structure using the high-level representation of joints. This hypergraph structure can better learn the high-order relation-
ships between joints as the hyperedges dynamically adjust with the evolution of joint features. In current hypergraph neural net-
works, hypergraph convolution transforms the hypergraph into a simple graph using the Laplace’s transformation and then per-
forms graph convolution. This method does not fully utilize the characteristics of the hypergraph. The proposed hypergraph con-
volution method better utilizes the relationship between hyperedges and hypernodes in the hypergraph, performing hyperedge
graph convolution on each hyperedge to learn the high-order relationships between joints. The second problem with current GCN-
based human action recognition methods is that the topology built by GCNs to represent pairwise joint relationships is not dy-
namic enough,such as using the same topology for all frames in a sample. To fully explore the dynamic correlation between pair-
wise joints, the frame-wise topology modeling method is proposed to capture correlation between pairwise joints under different
frames and channel-level topology modeling method is proposed to capture correlation between different feature types. Finally,a
hypergraph convolution network with multi-perspective topology refinement( HyperMTR-GCN) is developed for skeleton-based
action recognition, which has a significant advantage on the NTU RGB+D and NTU RGB+ D 120 datasets. Specifically, it im-
proves by 3. 7% on the X-sub benchmark of NTU RGB+D and by 5. 7% on the X-sub benchmark of NTU RGB+D 120 com-
pared to 2s-AGCN.

Keywords Action recognition, Graph convolutional network, Hypergraph neural network, Skeleton modeling, Topology refine-

ment
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Table 3 Effect of frame-wise and channel-wise topology maps

on the accuracy

Methods Accuracy/ %
ST-GC 89.5
ST-GC w FTC 89.8
ST-GC w CTC 89.7
MTR-GC 90.0
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Table 4 Comparison with state-of-the-art methods on NTU
RGB+D 608120 datasets

(%)
NTU-RGB+D NTU-RGB+D 120
Methods Publication
X-Sub  X-View X-Sub X-Set
ST-GCNL3J 81.5 88.3 70.7 73.2 AAAT’18
2s-AGCN4] 88.5 95. 1 82.9 84.9 CVPR’19
SGNLz4] 89.0 94.5 79.2 81.5 CVPR’20
MS-G3DL25] 91.5 96. 2 86.9 88. 4 CVPR’20
Dynamic GCNL3J 91.5 96.0 87.3 88.6 ACM MM’20
Hyper-GNNL6] 89.5 95.7 — — TIP’21
RA-GCNL26] 87.3 93.6 81.1 82.7  TCSVT’21
MST-GCNL27] 91.5 96. 6 87.5 88.8 AAAT’ 21
Graph2Net[28] 90. 1 96. 0 86.0 87.6  TCSVT’22
Ta-CNN+[29] 90.7 95.1 85.7 87.3 AAAI’22
SMotif-GCN+TBs01 90,5 96. 1 87.1 87.7  TPAMI’22
MS&.TA-HGCN-FCB3H 90,8 96. 4 87.0 88.4  TCSVT’23
ActCLRE3?Z] 88.2 93.6 82.1 84.6 CVPR’23
EfficientGCNE33] 92.1 96. 1 88.3 89.1  TPAMI’23
SkeAttnCLR3] 89. 4 94.5 83.4 92.7 IJCAI’23
RVTCLRH-L3%] 87.5 93.9 82.0 83. 4 ICCV’23
HyperMTR-GCN 92.2 96. 6 88.6 89.9
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