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Res50 Duke (labeled) 0.361 0.142
. Sampling phase: Sample foreground, background and pose from E—— o TEER | e Market-1501
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f “ ‘ ResS0+PUL+ PG2[1] 0.762 3.090 0.253 3.460 0.792 3.435
[1] Ma et al. Pose Guided Person Image Generation. NIPS™17. DeepFashion: Appearance and Pose sampling KISSME VM+Market 0375 0.154 Ours 0.614  3.228 0.099 3.483 0.614 3.491

[2] Fan et al. Unsupervised person reidentification: Clustering and fine-tuning. Arxiv’ 17.
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