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WCT [39] 33.0% 24.3% 42.7%
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Ours 28.1  43.8 269.7 446.4 399.0
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Model # Params (1{)“) Storage (MB) # GFLOPs Inference time (GPU/CPU, s) Max resolution
Original 17.1 66.6 6961.7 31.2/937.7 3000 x 3000
Ours 1.1(15.5%) 5.2(12.8x) 451.6(15.4%) 8.6(3.6%)/366.0(2.6x) 6000 x 6000
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