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g3 =2% 313 13)

<E 1> S, WA RE Y S muel U Ao

Model Parameters Compression Ratio CIFAR-10 Accuracy
RensNet50 ~24M x1.0 82.8%
DenseNet201 ~18M x1.3 85.7%
EfficientNetV2-S ~20M x1.2 84.7%
Student-3 ~3.4M x7.1 67.38%
EAMT-KD(Ours) - - 73.81%
<3 2> Al 7 A719] A Bl Fd Aw
Model Student-1 Student-2 Student-3
Parameters ~0.4M ~2.6M ~3.4M
Accuracy 51.56% 71.92% 67.38%
EAMT-KD(Ours) 49.58% 70.07% 73.81%
3. Y & &1t
CIFAR-10 tlo]EJAl[9]ell A AIQbE X2 F7 w2 F7F Aol A= sH S0 dgd x4 ¢
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