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A Multi-modality Audio-Visual Speech Recognition Method un-
der Large Vocabulary Environmental Noise

WU Lan™ " . YANG Pan, LI Binquan, WANG Han
(School of Electrical Engineering, Henan University of Technology,Zhengzhou, Henan,450001,China)

Abstract: Audio-Visual Speech Recognition (AVSR) technology can effectively improve the accuracy of char-
acter recognition by using the relevance and complementarity of lip reading and speech recognition. In view of
the problems that the recognition rate of lip reading is much lower than that of speech recognition,the speech
signal is easily damaged by noise, and the recognition rate of existing Audio- Visual Speech Recognition
(AVSR) methods in large vocabulary environment noise is greatly reduced,a Multi-modality Audio-Visual
Speech Recognition (MAVSR) method is proposed. This method constructs a dual-stream front-end coding
model based on the self-attention mechanism,and introduces a modal controller to solve the problem of un-
balanced recognition performance of each mode caused by the dominance of audio modes in the environment
noise,and improves the stability and robustness of recognition. A multi-modal feature fusion network based
on one-dimensional convolution is constructed to solve the heterogeneous problem of audio and video data and
improve the correlation and complementarity between audio and video modes. Compared with the existing
mainstream methods, the recognition accuracy of this method is increased by more than 7. 58% under the
three tasks of audio-only,video-only,and audio-video fusion.

Key words: attention mechanisms; multi - modality; audio - visual speech recognition; lip reading; automatic

speech recognition
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