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Deep learning in decoding brain speech information
YANG Shugi', TAN Ying'?
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Abstract: The healthcare and neuroscience communities have long worked on decoding linguistic information from brain activity.
Brain-computer interfaces have made breakthroughs in supporting patients with acquired brain injury to re-establish communica-
tion with their surroundings through brain signals. However, the acquisition of brain signals cannot be sustained over a long peri-
od of time and there is a lot of noise in the exiracted brain signals,so it is important to improve the signal-to-noise ratio of the
data.In recent years, artificial intelligence has demonstrated excellent performance in extracting and aggregating features from
large amounts of raw data.This paper summarized a series of feature extraction techniques for decoding speech from human brain
signals based on deep learning. First, the paper provided an introduction to the deep learning methods involved in these tech-
niques , then enumerated the specific applications of these techniques,and gave an outlook on how to better apply artificial intel-
ligence techniques to decoding brain speech information.
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Fig.1  Architecture of neural networks
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Fig.2 Long-term short memory network and gated recurrent unit
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Fig.3  Architecture of convolutional neural network
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Table 1  List of models used to decode brain speech information
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