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Speech-driven Personal Style Gesture Generation Method Based on Spatio-Temporal Graph
Convolutional Networks

ZHANG Bin,LIU Chang-hong.ZENG Sheng and JIE An-quan

School of Computer &. Information Engineering,Jiangxi Normal University, Nanchang 330022, China
Abstract People’s gestures in speaking often have their own unique personal style. Researchers have proposed a speech-driven
personal style gesture generation method based on generative adversarial networks. However, the generated actions are unnatural
for temporal discontinuity. To solve this problem. this paper proposes a speech-driven personal style gesture generation method
based on the spatio-temporal graph convolutional networks, which adds the temporal dynamic discriminator based on spatio-tem-
poral graph convolutional network. The spatial and temporal structural relationships between gesture joint points is firstly con-
structed,and then the spatial correlation of gesture joint points is captured and the dynamic characteristics in time sequence are
extracted through the spatio-temporal graph convolution network(STGCN) ,so that the generated gestures maintain the consis-
tency in time sequenceand are more consistent with the behavior and structure of real gestures. The proposed method is verified
on the speech and gesture dataset constructed by Ginosar et al. Compared with relevant methods, the percentage of correct key-
points improves by about 2% ~5% ,and the generated gestures are more natural.

Keywords Cross-modal generation.Gesture generation, Personal style learning.Spatio-Temporal graph convolutional networks,

Temporal dynamics
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Fig. 1 Schematic diagram of speech-driven personal style gesture generation model
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