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Abstract: In recent years, skeleton-based human action recognition has attracted widespread attention because
of the robustness and generalization ability of skeleton data. Among them, the graph convolutional network
that models the human skeleton into a spatiotemporal graph has achieved remarkable performance. However,
graph convolutions learn mainly long-term interactive connections through a series of 3D convolutions, which
are localized and limited by the size of convolution kernels, which can not effectively capture long-range
dependencies. In this paper, a Collaborative Convolutional Transformer (Co-ConvT) network is proposed to
establish remote dependencies by introducing Transformer's self-attention mechanism and combining it with
Graph Convolutional Neural Networks (GCNs) for action recognition, enabling the model to extract local
information through graph convolution while capturing the rich remote dependencies through Transformer. In
addition, Transformer's self-attention mechanism is calculated at the pixel level, a huge computational cost is
generated. The model divides the entire network into two stages. The first stage uses pure convolution to
extract shallow spatial features, and the second stage uses the proposed ConvT block to capture high-level
semantic information, reducing the computational complexity. Moreover, the linear embeddings in the original
Transformer are replaced with convolutional embeddings to obtain local spatial information enhancement, and
thus removing the positional encoding in the original model, making the model lighter. Experimentally
validated on two large-scale authoritative datasets NTU-RGB+D and Kinetics-Skeleton, the model achieves

respectively Top-1 accuracy of 88.1% and 36.6%. The experimental results demonstrate that the performance of
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the model is greatly improved.
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L AW Conv T BRI B N4, TERIEFSE
5L b PR 24

5 ZERIE

AR T — P EE I Transformer P 4%,
B0 P A AR AR S EURFAE J7 Th ) TR A = 3, I
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