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A Multi Modal Sleep Staging Method of CLIP Self Supervised Learning

CHEN Qingduan
(Guangdong University of Technology, Guangzhou 510006, China)

Abstract: Sleep staging is of great significance for assessing sleep quality and diagnosing sleep disorders. A multi modal sleep
staging method of CLIP self supervised learning is proposed to address the problems of limited labeled data and difficulty in data
annotation in deep learning based sleep staging. By learning the feature representation of unlabeled data, the problem of poor model
training performance caused by limited labeled data has been solved. Comparative experiments will be conducted between CLIP based
multi modal self supervised learning method and supervised learning, single modal self supervised learning methods SimCLR and TS-
TCC under different labeled data. The experimental results indicate that the multi modal self supervised learning method based on
CLIP can effectively improve the performance of sleep staging.

Keywords: multi modal self supervised learning; sleep staging; CLIP; single modal self supervised learning; supervised
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