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Problem formulation

@ Class 1

| Class 2
A Novel Class

{1} Original Data Space {2} Metric Space (3] Final Metric Space
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L(rq,rp, ) = max(0,m + d(rq,rp) — d(ra,m)) (1)
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NormSoftmax: Architecture
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NormSoftmax: LayerNorm

@ Allows us to easily binarize embeddings via thresholding at zero

e Helps the network better initialize new parameters and reach
better optima

CUB-200 - ResNet50

— LNR@1 — LN Loss
7 — NolLNR@1 . — NolNloss_

Epochs (30)
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NormSoftmax: Binarization
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e thresholding at zero

@ 2048 binary vector = 64 float vector (256 bytes in memory)
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NormSoftmax: Batch construction

S - 1 3 12 25 37 75
C 75 25 6 3 2 1

R@1 | 595 596 600 608 613 59.6 409

Table 4: ResNet50 Recall@1 on CUB-200-2011 dataset across varying samples per class for
batch size of 75. (S) Samples per class in batch. (C) Distinct classes in batch. First column
shows no class balancing in batch
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NormSoftmax: Results

Net. CARS-196 CUB-200

Recall@K 1 2 4 8 | 1 2 4 8
Contrastive® [3] G [21.7 323 461 589264 377 498 623
Lifted Struct'2 [[@] | G | 49.0 60.3 72.1 815|472 589 702 80.2
Clustering®* [[T] B |581 706 803 87.8|482 614 718 819
Npairs® [I[7] G |71.1 797 865 916|510 633 743 832
AngularLoss>'>[@] | G | 71.4 814 875 921|547 663 760 839
Proxy NCA® [I3] B |732 824 864 887|492 619 679 724
HDC38 [ED] G |737 832 895 938|536 657 770 856
Margin!?® [7] R50 | 79.6 865 919 951 | 63.6 744 831 90.0
HTL>'? (£ B | 814 880 927 957|571 688 787 86.5
A-BIER!2 [T] G |80 89.0 932 96.1 | 575 687 783 86.2
ABE-8'2 [£7] Gt | 852 90.5 940 96.1 | 606 715 798 874
DREML® [£9] R18 | 86.0 91.7 950 972|639 750 831 89.7
LMCL>'? [3] R50 | 73.9 81.7 874 915|587 703 799 86.9
LMCL*?™8 3] R50 | 883 93.1 957 974|612 714 804 874
NormSoftMax 024 B | 879 932 962 98.1|622 739 827 894
NormSoftmax!28 R50 | 81.6 887 934 963|565 696 799 87.6
NormSoftmax312 R50 | 842 904 944 969|613 739 835 90.0
NormSoftmax2048 R50 | 89.3 941 964 98.0 | 653 767 854 918
NormSoftmax?048bits | R50 | 88.7 93.7 964 98.0 | 633 752 843 91.0
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Conclusion

e Classification-based metric learning approaches can achieve
state-of-the-art

e Binarization is allowing us to achieve SOTA performance with the
same memory footprint as 64 dimensional float embeddings
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Practice

Tutorial in the similarity section
https://github.com/microsoft/computervision-recipes/

29.jpg 6.jpg 28.jpg 5ipg 14.jpg 82 jpg
rank: 1 rank: 2 rank: 3 rank: 4 rank: 5 rank: 6
dist: 0.81 dist: 0.91 dist: 0.94 dist: 0.97 dist: 0.98 dist: 1.00

(Presented by M.Rodin) NormSoftmax November 17, 2020 11 /13


https://github.com/microsoft/computervision-recipes/

: Jupyter check_model_distances Last Checkpoint: 10.06.2020 (autosaved)
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Practice: Document stamps detection
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Thank you for your attention
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