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K1 FHli SR O F[%]

1 1 11 v v 1411 1+ 1 1+1v 1+v
(DResNet50 67.26 54.09 57.59 58.94 63.61 81.37 81.76 81.98 82.54
(@MMAL-Net 72.36 63.98 65.79 67.24 68.85 84.65 85.09 85.53 86.31
(®CMAL-Net 76.74 63.61 65.60 68.58 71.06 86.17 87.10 86.88 87.44
@®SwinTransformer 82.30 79.90 80.19 80.41 80.66 89.91 89.72 90.06 90.33
(®HERBS 82.57 80.29 81.17 80.36 81.78 90.62 90.52 90.28 90.67
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