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» Deep metric learning methods usually utilize hard negative
mining strategy to better exploit large-scale negative datalll
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» There are two key limitations of only mining observed data:

» The observed hard negatives may not be enough to fully describe
the distributions of negative samples near the margin

» A large number of easy negative samples are wasted which
produce gradients close to zero
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» Utllize the generated hard negatives to train the metric
» Jointly train the generator and the metric adversarially
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» Take the input with features extracted from CNNs and
generate synthetic hard negatives for deep metric learning

» Employ existing metric learning losses generally
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> J,.4 ENcourage hard negative sample in the original space
> Jy Regularize the generated negative sample not too far away
> J.4- Make the generator adversarial to the learned metric
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Method NMI Fy R@] R@2 R@4 R@S§
DDML 473 13.1 31.2 41.6 54.7 67.1
Triplet+N-pair 54.1 20.0 428 54.9 66.2 77.6
Angular 61.0 30.2 536 65.0 75.3 83.7
Contrastive 47.2 125 27.2 36.3 49.8 62.1
DAML (cont) 491 16.2 35.7 48.4 60.8 73.6
Triplet 498 15.0 35.9 47.7 590.1 70.0
DAML (tri) 513 17.6 37.6 49.3 61.3 74.4
Lifted 564 226 469 59.8 71.2 81.5
DAML (lifted) 59.5 26.6 49.0 62.2 73.7 83.3
N-pair 60.2 282 519 64.3 74.9 83.2

DAML (N-pair) 61.3 295 527 654 755 843

The Cars196 dataset

Method NMI Fi R@]l R@2 R@4 R@S8
DDML 417 109 327 43.9 56.5 68.8
Triplet+N-pair 543 19.6 46.3 59.9 71.4 81.3
Angular 624 31.8 713 80.7 87.0 01.8
Contrastive 42.3 10.5 27.6 38.3 51.0 63.9
DAML (cont) 42.6 114 37.2 49.6 61.8 73.3
Triplet 529 179 45.1 574 69.7 79.2
DAML (tri) 56.5 229 60.6 72.5 82.5 89.9
Lifted 57.8 25.1 599 70.4 79.6 87.0
DAML (lifted) 63.1 319 725 82.1 88.5 92.9
N-pair 62.7 31.8 68.9 78.9 85.8 90.9

DAML (N-pair) 66.0 364 75.1 838 89.7 935

The Stanford Online Products dataset

Method NMI F; R@I R@I0 R@I00
DDML 834 107 421 578 737

Triplet+N-pair 864 21.0 581 760  89.1 Q@W*@
Angular 878 265 679 832 922 Dé\@’ﬁ
Contrastive 824 10.1 375 539 71.0 wgg/ 3
DAML (cont)  83.5 109 417 575  73.5 ud ® |
Triplet 863 202 539 721 857 e
DAML (tri) 87.1 223 581 750 88.0 S . P
Lifted 872 253 626 809 912 s & 8
DAML (lified) ~ 89.1 317 663 828 925 =T d
N-pair 879 27.1 664 89 921 ®E S

DAML (N-pair) 894 324 684 83.5 92.3
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