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Dataset PACS (Resnet-18) (%) Dataset PACS (Resnet-18) (%)
Domain Art paint Cartoon Sketch | Photo Avg. Domain Art paint Cartoon Sketch Photo Avg.
MASF [17] 80.29 71.17 71.69 94.99 | 81.03 Baseline
80.36 75.77 71.07 95.28 80.62
Epi-FCR [8] 82.10 77.00 73.00 | 9390 | 81.50 (4=0)
0
JiGen [9] 79.42 75.25 71.35 96.03 | 80.51 i ill(;SS) 82.35 77.67 72.83 96.05 82.22
MetaReg [7] 83.70 71.20 70.30 95.50 | 81.70 Ours
81.78 78.52 72.54 95.68 82.13
MMLD [10] 81.28 71.16 72.29 96.09 | 81.83 (A=1)
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