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Multimodal automatic sleep staging based on KAN

. 1.2
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Abstract: The current automatic sleep staging model has the problems of insufficient feature extraction ability and poor
multimodal feature fusion effect. In order to deal with nonlinear signals more effectively, the Kolmogorov-Arnold
networks (KAN) is used to dynamically learn nonlinear activation functions. and the feature extraction network based
on KAN and transfer learning is used to extract the features of EEG and ECG signals in sleep state respectively. The
external attention mechanism is used to apply attention to different modalities respectively, and the multi-modal gated
fusion scheme combined with the external attention mechanism is used for feature integration to alleviate the influence
of data class imbalance on N1 stage accuracy. On the ISRUC-S3 dataset, we achieve an overall accuracy of 85.6%, a
macro-average F, value of 84. 9%, and an F, score of 67. 7% for N1 stage. Compared with other advanced methods,
the performance of the automatic sleep staging algorithm is effectively improved.

Keywords: automated sleep staging; Kolmogorov-Arnold networks; transfer learning; external attention mechanism;

multimodal gated fusion
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Fig. 5 Architecture of the automated sleep staging model
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Table 3 Comparison with the results of other state of the art methods
" " AR bR S B F
LGRS Bl 1 -
ACC MF, w N1 N2 N3 REM
DeepSleepNet-'* 0.724 0.693 0.842 0.422 0. 759 0. 853 0.590
GraphSleepNet™" 0. 809 0. 795 0. 881 0.565 0. 797 0. 876 0.853
ISRUC-S3 TS-AGCMM™’ 0.812 0. 795 0. 883 0. 556 0. 799 0. 887 0. 850
MSTGCN" 0. 831 0.813 0. 893 0. 585 0. 821 0. 891 0. 876
AL 0. 856 0.849 0.933 0. 677 0. 834 0.923 0.877
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Table 4 Comparison of ablation experiment results
F./%
SIS MF, /%
FE YN v w rem MR
A 93.2 586 81.9 89.2 79.5 80.5
B 81.5 41.2 65.7 72.3 82.3 68. 6
C 91.6 56.9 82.2 89.5 82.5 80.5
D 93.3 67.7 83.4 92.3 87.7 84.9
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Table 5 Comparison with other EEG sleep staging models
fi A ACC/ % MF, /%
DeepSleepNet™? 77.8 75.3
SleepEEGNet™ 80 73. 6
AttnSleep™*! 81.3 75.1
SIS 83.7 75. 6
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