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Method . Fl-score .
Cross—subject Cross—session
SAKDN'21 (9) 77.23 82.77
MuMu'22 (5) 76.28 87.50
MAWKDN'23 (6] 78.77 85.26
SMTDKD'24 (7) 79.48 86.16
MSMFT25 (8) 81.07 93.06
Ours 84.88 93.40
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