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Joint Learning of Causality and Spatio-Temporal Graph Convolutional Network for Skeleton-
based Action Recognition
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Abstract In recent years,skeleton based human action recognition has attracted extensive attention due to its simplicity and ro-
bustness. Most of the skeleton based human action recognition methods, such as spatio-temporal graph convolutional network
(ST-GCN) , distinguish different actions by extracting the temporal features of consecutive frames and the spatial features of skele-
ton joints within frames,achieve good results. In this paper,considering the causality of human action, we propose an action recog-
nition method combining causality and spatio-temporal graph convolutional network. In view of the complexity of obtaining
weight,we propose a method to calculate joint weight based on causality. According to the causality, we assign weights to skele-
ton graph,and use weights as auxiliary information to enhance graph convolutional network to improve the weight of some joints
with strong driving force in the neural network,so as to reduce the attention of low importance joints and enhance the attention of
high importance joints. Compared with ST-GCN,our method improves the recognition accuracy of both Top-1 and Top-5,and the
recognition accuracy reaches 97. 38% (Top-1) and 99.79% (Top-5) on the real TaiChi dataset, which strongly prove that our
method can effectively learn and enhance the discriminative features.

Keywords Action recognition, Causality, Weight embedding . Spatio-temporal graph convolutional neural network, Convergent
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Table 1 Results on Kinetics
CBLANT . %)

Kinetics # 45 % Top-1 Top-5
Feature Enc 35.76 68.72
P-LSTM 40. 29 75.34
Res-TCN 40.95 77.12
ST-GCN 41.47 76.33
NS 43.76 78.65
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Table 2 Top-1 accuracy of some kinetics actions

CBLAT 2 %)

EES ST-GCN R
beatboxing 36.7 42.8(+6.1)
auctioning 52.0 64.0(+8.0)
applauding 18.0 16.0(—2.0)
arm wrestling 75.5 79.6(+4.1)
applying cream 36.0 32.0(—4.0)
baby waking up 60.0 62.0(+2.0)
baking cookies 16.0 14.3(—1.7)
belly dancing 66.9 71.4(+4.5)
blasting sand 22.0 42.00(+20.0)
bandaging 26.0 32.0(+4.0)
biking through snow 66.0 74.0(+8.0)
bench pressing 74.0 70.0(—4.0)
answering questions 36.0 40.0(+4.0)
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CHLT . %)
A E Top-1 Top-5
P-LSTM 94.67 99.16
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25~ AGCNU!Y 95.71 99. 27
ST-GCN 96. 95 99.58
KX T # 97.38 99.79
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