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Abstract

According to the 2022 China National Healthy Sleep White Paper, more than 300
million Chinese have sleep disorders, and sleep staging based on polysomnography
(PSG) is the fundamental tool for diagnosing sleep disorders today. Unlike the
traditional manual labeling method, deep learning-based automatic sleep staging
technology can provide fast, accurate and objective diagnosis of patients’ PSG_data
throughout a night. However, because of the differences between individual patients,
models trained on a specific group often require incremental learning. on other
individuals, and therefore continuous iterative training is one necessary method. In the
medical field, factors such as in-hospital management of patients’.data and privacy
protection make the widespread availability of sleep-related data constrained, ;and
existing models are often unable to access old data when trained.on‘new data. Due to
the catastrophic forgetting property of neural networks, this constraint ‘would render
the models forget previously learned features and impede. its incremental learning
process. In this paper, we focus on an effective incremental learning approach for
sleep staging models: from the perspective of models, we have explored the effect of
multimodal data fusion approach on catastrephic forgetting; from the perspective of
optimizing algorithm, we use a regularizer-based incremental learning method to
alleviate catastrophic forgetting phenomenon. The combination of these provides a
new technical approach for sleep stage classification. The experimental results
demonstrate that feature-fusionimodels work better than data-fusion models while a
complete dataset is available. ‘However, in an incremental learning scenario,
data-fusion models combined with «egularizer-based incremental learning methods
can better alleviate catastrophic forgetting.

Key words: sleep.stage classification, incremental learning, convolutional neural

network, multimodal feature fusion
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F1 73 n] SEMEARAEAL T HER A, MOAR ST EE NT % 3 (07 IR L 0
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