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Classification Method of EEG Signals of Pronunciation in Imagined
Based on Cross Modal Information Transfer

HUANG Weikun XIE Wei
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Aiming at the problem that the datasets of brain-computer interface based on pronunciation in imagined is small and
the data noise is loud, which leads to the poor generalization ability of the model, a classification method of EEG signals of
pronunciation in imagined based on cross modal information transfer is proposed. In this method, the audio modal information is
transferred to the EEG modality by knowledge distillation, so as to improve the generalization ability of the model. The method also
improves the performance of the model through multi-scale learning. In the dataset Kara One, the AUC of two binary classification
tasks is 68.28% and 69.53%, respectively. Experimental results demonstrate that this method effectively enhances the performance of
the model.

Keywords: pronunciation in imagined; brain-computer interface; cross modal; knowledge distillation; information transfer
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