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Model Topl (%) Params (M) FLOPs (G) Latency (ms)
ResNet50 80.4 25.6 4.1 5.4
ConvNeXtTiny 82.7 28.0 4.5 6.2
ViTSmall/16 81.2 22.1 4.9 6.5
FNetBase 79.3 18.8 4.3 5.9
AFNOTiny 80.1 12.7 3.8 5.1
SHFINSmall 80.7 10.3 2.0 2.1
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% 2: CIFAR-10 # CIFAR-100 f IR THEf S8 A1 805 . #EIRTE Apple M1 Pro CPU |l &
(#ab¥E 512).

Accuracy (%) Params Latency
Model CIFAR10 CIFAR100 (M) (ms)
ResNet50 96.0 81.3 25.6 4.7
ConvNeXtTiny 97.1 82.7 28.0 5.0
ViTSmall/16 95.6 80.9 22.1 54
FNetTiny 94.0 80.5 4.1 3.1
AFNOTiny 95.1 81.2 4.3 33
SHFINTiny 95.1 82.3 3.8 24
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FEIR AT &

Model BLEU Params M) FLOPs (G) Latency (ms)
TransformerSmall  28.1 38.0 6.3 49
FNetBase 26.9 314 5.7 40
AFNOTiny 27.0 30.2 5.5 37
SHFINSmall 27.8 26.1 4.9 24
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4Ot K MR A48 P r 7E ImageNet-1k IR G THAEPTIL

Configuration Topl (%) Params (M) Latency (ms)

K=8r=4 79.8 9.5 1.8
K=16,r=4  80.7 10.3 2.1
K=32,r=4 810 11.9 2.6
K=16,r=2 795 9.8 1.9
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