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Method

Problem Experiment

Person re-ID models trained on one dataset often fail to
generalize well to another due to dataset bias.

® [ ocal Max Pooing (LMP)
It works on a well-trained re-ID model and can reduce the impact of noisy signals.

® “|_earning via translation” framework
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® Performance.

We adopt ID-discriminative Embedding (IDE) as feature learning method.

SPGAN consists of two components:

. » Comparison with baselines
SiaNet (top) and CycleGAN (bottom)
Methods DukeMTMC-relD Market-1501

rank-1 rank-5 rank-10 rank-20 mAP | rank-1 rank-5 rank-10 rank-20 mAP
Supervised Learning 66.7 79.1 83.8 88.7 46.3 | 75.8 89.6 92.8 954 522
_ _ _ _ Direct Transfer 33.1 49.3 55.6 61.9 16.7 | 43.1 60.8 68.1 74.7 17.0
SiaNet constrains the mapping functions CycleGAN (basel.) 381 544 605 659 196 | 456 638 713 778  19.1
® Seli Slm”anty and domam'dISSIm”anty : : SPGAN (m = 0) 377 531 595 65.6 20.0 | 492 669  74.0 80.0 205
o S source domain target domain SPGAN (m = 1) 39.5 550 614 673 210 | 487 657 730 793 210
<+« self-similarity <> domain-dissimilarity _ o SPGAN (m = 2) 411 566 630 696 223 | 515 701 768 824 228
® \/isualization SPGAN (m=2)+LMP | 469 62.6  68.5 740 264 | 581 76.0  82.7 87.9  26.9

Market =» Duke Duke =» |\/|arket Duke images Duke images to Market style > Comparison with the state of the art
| : ' P Market-1501 DukeMTMC-relD
i Methods Setting | Rank-1 Rank-10 mAP Methods Rank-1 Rank-10 mAP
i Bow SQ | 358 603 14.8 Bow 171 340 33
| LOMO SQ 27.2 49.1 8.0 LOMO 12.3 26.6 4.8
; UMDL SQ | 345 596 124 UMDL 135 7 6 73
5 PUL SQ | 455 667 20.5 PUL 30’0 48’5 16’ 4
; S S T3 e5ary  SPOAN 1 630 223
' ' ' ' SPGAN+LMP | 46.9 68.5 264
SPGAN MQ | 57.0 803 27.1
Self-similarity: a translated image, despite of its style SPGAN+LMP| SQ | 581 827 269  SQ:single-query; MQ: multiple-query.

changes, should contain the same underlying identity with
Its corresponding source image.
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Domain-dissimilarity: a translated image should be different
from any image in the target dataset in terms of the
underlying ID.
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: CycleGAN (basel.) + L;z. | 38.5 54.6 60.8 66.6 199 | 48.1 66.2 72.7 80.1 20.7
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Image |m'age translatlon by SPGAN |
The code is avallable at https://github.com/Simon4Yan/Learning-via-Translation.



https://github.com/Simon4Yan/Learning-via-Translation

