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#* 1 HEERE O

Top-1 mMAP
FD-GAN 86.7 70.2
Model A 86.6 68.7
Model B 87.6 71.8
# 2 4RI ORH
HIE Model A Model B Baseline
T—%E|Top-1|mAP | Top-1 | mAP | Top-1 | mAP

1.0 384 | 23.0| 57.6 | 375 60.2 | 40.9

0.8 373 | 225 56.7 | 36.6 | 58.7 | 39.4

0.6 36.4 | 21.8 | 54.7 | 346 | 575 | 38.1

0.4 345 | 2051 505 | 31.1| 549 | 355

0.2 317 | 18.7| 425 | 25.2 | 45.0 | 28.2

Baseline Proposed
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