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Evaluation Protocols
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[35] Liu, Z. et al. “Deepfashion: Powering robust clothes recognition and retrieval with rich
annotations” (CVPR 2016)
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Evaluation

Retrieval performance: Recall@k (R@k)3°

at least one sample of same class among top k neighbors: Rak = 1

R@1-1

R@1=05

R@1=0

Different k for different datasets

[35] Liu, Z. et al. "Deepfashion: Powering robust clothes recognition and retrieval with rich annotations." (CVPR 2016)
[30] Jegou, H et al. "Product quantization for nearest neighbor search.” tPAMI 2011)
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[35] Liu, Z. et al. “Deepfashion: Powering robust clothes recognition and retrieval with rich

annotations” (CVPR 2016)
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Evaluation

Clustering performance: NMI3t (only for same query and gallery set)

k-means clustering on embedding vectors B
Normalized Mutual Information between ground truthY and clusteringY”

NMI(Y,Y) = 2(Y)
| H(Y)H(Y)

HE) Hy)  [5]

H(X.Y)

[35] Liu, Z. et al. "Deepfashion: Powering robust clothes recognition and retrieval with rich annotations" (CVPR 2016)
[31]1 IMcDaid, A. et al. "Normalized mutual information to evaluate overlapping community finding algorithms.” (arxiv 2011)



Datasets



Most Common Datasets

www TheTruthAboutCars.com

CUB-200-201132 Cars19633 Stanford Online Products34 Inshop3s
11,788 images 16,185 images 120,053 images 52,712 images
200 classes (avg 58 /class) 196 classes (avg 82 /class) 120,053 classes (avg 5 /class) 7,982 classes (avg 5 /class)

first half for training, last half for testing
evaluation set = test set

[32] Wah, C. et al."The Caltech-UCSD Birds-200-2011 Dataset.” (Technical Report 2011)

[33] Krause, J. et al. "3d object representations for fine-grained categorization.” (Workshop on 3D Representation and Recognition, 2013.) 8
[34] Song, H. et al. "Deep metric learning via lifted structured feature embedding." (CVPR 2016)

[35] Liu, Z et al. "Deepfashion: Powering robust clothes recognition and retrieval with rich annotations” (CVPR 2016)



Current SOTA Performance

CUB-200-2011 CARS196 Stanford Online Products
Method BB | R@1 R@2 R@4 R@8 NMI | R@l R@2 R@4 R@8 NMI | R@l R@10 R@100 NMI
Triplet®® (Schroff et al., 2015) CVPRIS G 425 55 664 772 553 | 51.5 638 735 824 534 | 66.7 824 91.9 89.5
Npairs®® (Sohn, 2016) NeurIPS16 G 519 643 749 832 602 | 689 789 858 909 62.7 | 66.4 829 92.1 87.9
Deep Spectral®'? (Law et al., 2017) ICML17 BNI | 532 66.1 767 852 592 | 73.1 822 89.0 930 643 | 676 83.7 93.3 89.4
Angular Loss®'? (Wang et al., 2017) ICCV17 G 547  66.3 76 839 61.1 | 714 814 875 921 632 | 709 85.0 93.5 88.6
Proxy-NCA®% (Movshovitz-Attias et al., 2017) ICCVI7 BNI | 492 619 679 724 595 | 732 824 864 887 649 | 737 - - 90.6
Margin Loss'2® (Manmatha et al., 2017) ICCV17 RS0 | 636 744 831 90.0 69.0 | 79.6 865 919 951 69.1 | 72.7 86.2 93.8 90.7
Hierarchical triplet®'? (Ge et al., 2018) ECCV18 BNI | 57.1 688 787 86.5 - 814 880 927 957 - 74.8 88.3 94.8 -
ABE®!2 (Kim et al., 2018) ECCVI8 G 606 715 798 874 - 852 905 940 96.1 - 76.3 88.4 94.8 -
Normalized Softmax®'? (Zhai & Wu, 2019) BMVC19 RS0 | 613 739 835 90.0 69.7 | 842 904 944 969 74.0 | 782 90.6 96.2 91.0
RLL-H%!2 (Wang et al., 2019b) CVPRI9 BNI | 574 697 792 869 636 74 83.6 90.1 941 654 | 76.1 89.1 95.4 89.7
Multi-similarity>'? (Wang et al., 2019a) CVPRI9 BNI | 657 770 863 912 - 84.1 904 940 965 - 78.2 90.5 96.0 -
Relational Knowledge®'? (Park et al., 2019a) CVPRI19 G 614 73.0 819 89.0 - 823 89.8 942 96.6 - 75.1 88.3 95.2 -
Divide and Conquer!°?® (Sanakoyeu et al., 2019) CVPRI9 | R50 | 659 76.6 844 90.6 69.6 | 846 907 941 965 703 | 759 88.4 94.9 90.2
SoftTriple Loss®'? (Qian et al., 2019) ICCVI9 BNI | 654 764 845 904 693 | 845 907 945 969 70.1 | 783 90.3 95.9 92.0
HORDE?®!? (Jacob et al., 2019) ICCV19 BNI | 663 767 847 90.6 - 839 903 941 963 - 80.1 91.3 96.2 -
MIC!2® (Brattoli et al., 2019) ICCV19 R50 | 66.1 76.8 85.6 - 69.7 | 826 89.1 93.2 - 68.4 | 77.2 89.4 95.6 90.0
Easy triplet mining®'? (Xuan et al., 2020b) WACV20 R50 | 649 753 835 - - 827 89.3 93.0 - - 783 907 96.3 -
Group Loss'2* (Elezi et al., 2020) ECCV20 BNI | 655 770 850 913 690 | 8.6 912 949 970 727 | 75.1 87.5 94.2 90.8
Proxy NCA++5!2 (Teh et al., 2020) ECCV20 R50 | 663 778 87.7 913 713 | 849 906 949 972 715 | 79.8 914 96.4 -
DiVA5!2 (Milbich et al., 2020) ECCV20 R50 | 69.2 79.3 - - 714 | 87.6 929 - - 722 | 79.6 - - 90.6
PADS!?8 (Roth et al., 2020) CVPR20 R50 | 673 78.0 859 - 699 | 835 897 938 - 68.8 | 76.5 89.0 95.4 89.9
Proxy Anchor®'? (Kim et al., 2020) CVPR20 BNI | 684 79.2 86.8 916 - 86.1 91.7 950 973 - 79.1 90.8 96.2 -
Proxy Anchor®'? (Kim et al., 2020) CVPR20 R50 | 69.7 80.0 87.0 924 - 877 929 958 979 - 80.0 91.7 96.6 -
Proxy Few®!2 (Zhu et al., 2020) NeurIPS20 BNI | 666 776 864 - 69.8 | 855 91.8 953 - 724 | 78.0 90.6 96.2 90.2
Intra-Batch312 R50 | 703 803 87.6 927 740 | 881 933 962 982 748 | 814 91.3 95.9 92.6

[10] Seidenschwarz, J. et al. "Learning Intra-Batch Connections for Deep Metric Learning.” ICML (2021).



Current SOTA Performance

Intra-Batch512 R50 | 703 803 87.6 927 740 | 88.1 933 962 982 748 | 814 913 983 92.6

CUB-200-2011 CARS196 Stanford Online Products [10]
Method BB | R@1 RG2 R@4 R@S NMI| R@l RG2 R@4 R@8 NMI | R@1 R@I0 R@100 NMI
Triplet® (Schroft et al., 2015) CVPRIS G [ 425 55 664 772 553 | 515 638 735 824 534 | 667 824 919 895
Npairs® (Sohn, 2016) NeurlPS16 G | 519 643 749 832 602 | 689 789 858 909 627 | 664 829 921 8§19
Deep Spectral'? (Law et al., 2017) ICMLI7 BNI | 532 661 767 852 592|731 822 890 930 643 | 676 837 933 894
Angular Loss™? (Wang et al., 2017) ICCVI7 G | 547 663 76 839 6L1| 714 8l4 875 921 632|709 850 935 886
Proxy-NCA® (Movshovitz-Attias etal 2017) ICCVI7 | BNI | 492 619 679 724 595 | 732 824 864 887 649 | 37 - - 906
Margin Loss'?* (Manmatha et al., 2017) ICCVI7 RSO | 636 744 831 900 690 | 796 865 919 951 69.1 [ 727 862 938 907
Hierarchical triplet®™2 (Ge ct al., 2018) ECCVIS BNI| 57.1 688 787 865 - | 8l4 880 927 957 - | 748 883 948 -
ABE®2 (Kim et al., 2018) ECCVI8 G | 606 715 798 874 - |82 905 940 9.1 - | 763 84 948 -
Normalized Softmax®' (Zhai & Wu, 2019) BMVC19 RSO | 613 739 835 900 697 | 842 904 944 969 740 | 782 906 962 910
RLL-H®Z (Wang et al., 2019b) CVPRI9 BNI | 574 697 792 869 636 | 74 836 90.1 941 654 | 761 891 954 897
Multi-similarity®!? (Wang et al., 2019a) CVPRI9 BNI| 657 770 863 912 - |81 904 940 965 - | 782 905 960 -
Relational Knowledge®'? (Park et al., 2019a) CVPRI9 G | 614 730 819 890 - |83 88 942 966 - | 751 83 952 -
Divide and Conquer'®2® (Sanakoyeu ctal., 2019) CVPRI9 | RS0 | 659 766 844 906 696 | 846 907 941 965 703 | 759 884 949 902
SoftTriple Loss®'2 (Qian et al., 2019) ICCVI9 BNI| 654 764 845 904 693 | 845 907 945 969 701 | 783 903 959 920
HORDE™? (Jacob et al., 2019) ICCV19 BNI | 663 767 847 906 - |89 93 941 963 - | 8.1 913 92 -
MIC'?® (Brattoli et al., 2019) ICCVI9 RSO | 66.1 768 856 - 697 | 826 891 932 - 684 [ 772 894 956 900
Easy triplet mining®!? (Xuan et al., 2020b) WACV20 RSO | 649 753 835 - - | 827 83 930 - - | 783 907 963 -
Group Loss!"™! (Eleri t al., 2020) ECCV20 BNI| 655 770 850 913 690 | 856 912 949 970 727|751 815 942 908 [10]
Proxy NCA++°12 (Teh et al., 2020) ECCV20 RSO | 663 778 877 913 713 | 849 906 949 972 715 [ 798 914 964 -
DivA®2 (Milbich(el al., 2020) ECCV20 RSO | 692 793 - - M4 |86 99 - - m2 |16 - - %06 Method BB R@1 R@10 R@20 R@40
PADS'? (Roth et al., 2020) CVPR20 RSO | 673 780 859 - 699 | 835 897 938 - 688 | 765 890 954 899 3 3
Proxy Anchor®!2 (Kim et al., 2020) CVPR20 BNI | 684 792 868 916 - | 8.1 917 950 973 - | 791 908 962 . Fash10nNet4°% (L1u et al., 201 6) CVPR16 \% 53.0 73.0 76.0 79.0
Proxy Anchor®'2 (Kim et a., 2020) CVPR20 RSO | 697 800 870 924 - | 877 929 958 979 - |80 917 96 - 5 ?
Proxy Few?'? (Zhu et al., 2020) Neur[PS20 BNI| 666 77.6 864 - 698 | 855 918 953 - 724 | 780 906 962 902 ,A-BIER"12 (Opltz et al., 2020) PAMI20 G 83.1 95.1 96.9 97.8
G

ABE®12 (Kim et al., 2018) ECCV18 87.3 96.7 97.9 98.5
Multi-similarity®!? (Wang et al., 2019a) CVPRI9 | BNI | 89.7 979 985 99.1
Learning to Rank®'2 (Cakir et al., 2019) R50 | 90.9 97.7 98.5 98.9
HORDE?®!2 (Jacob et al., 2019) ICCV19 BNI | 904 97.8 98.4 98.9

MIC!'28 (Brattoli et al., 2019) ICCV19 R50 | 882 970 98.0 98.8
Proxy NCA++3!2 (Teh et al., 2020) ECCV20 RS0 | 904 981 988 992
Proxy Anchor®'? (Kim et al., 2020) CVPR20 BNI | 91.5 98.1 98.8 99.1
Proxy Anchor®? (Kim et al., 2020) CVPR20 RS0 | 921  98.1 98.7 99.2
Intra-Batchs!? R50 | 928 985 991  99.2

Fewer works on Inshop dataset as other evaluation protocol

[10] Seidenschwarz, J. et al. "Learning Intra-Batch Connections for Deep Metric Learning.” ICML (2021). 10



New Transformer-Based Works

| CUB-200-2011 | Cars196 SOP InShop
R@1 R@2 R@4 R@8 NMlI |R@1 R@2 R@4 R@8 NMI | R@1 R@10R@100 NMI | R@1 R@10 R@20 R@40
IntraBtach (R50) | 70.3 80.3 87.6 927 740 | 881 933 962 982 748|814 913 959 926 | 928 985 991 992
[38]
. CUB-200-2011 (K) Cars-196 (K) SOP (K) In-Shop (K)
Method Dim| "9 4 8|1 2 4 8|1 10 100 1000/ 1 10 20 30
ResNet-50 [14] ¥ 66.1 76.6|50.6 66.7 80.7 93.0
76.2 85.3|58.3 739 859 954
64.2 7441634 78.1 88.3 96.0
2 82.6
Sph-DeiT 384 [76.2 84.5 90.2 94.3(81.7 88.6 93.4 96.2|82.5 929 97.2 99.1 |89.6 97.2 98.0 98.4
h-DINO 384 [78.7 86.7 914 949866 91.8 952 9741822 921 968 989 190.1 97.1 98.0 984
h-ViT § 384 [85.1 90.7 943 96.4[81.7 89.0 93.0 958821 925 97.1 99.1 (904 97.4 982 986 |
Hyp-DeiT 384 |77.8 86.6 91.9 95.1|86.4 92.2 955 97.5|83.3 935 974 99.1 [90.5 97.8 98.5 98.9
Hyp-DINO 384 |80.9 87.6 924 95.6_ 89.2 94.1 96.7 98.1|85.1 944 97.8 99.3 (924 98.4 98.9 99.1
86.5 92.1 95.3 97.3
T pretrained encoders without training on the target dataset. ¥ pretrained on the larger ImageNet-21k [£].
_ . gl SOP 7] = I Cars196 [27] 1401
Method ch 4 @k
y SOP CUB : " — =
Method dm | 1 10 100/ 1 2 4 8| . S €A I Lo AW W M3
= IRTy [7] 384 | 842 93.7 97.3|76.6 85.0 91.1 943 RS@K +SiMix  R:): $2.1 925 97.0 99.1(88.2 93.0 95.9 974
R ROADMAP (ours) 384 | 86.0 944 97.6 77.4 855 914 95.0 - Lo o e o L S
: SAP' [6) VIT-B/32°T*[83.7 94.0 97.8 99.3[78.1 85.7 91.0 948
RS@k' ViT-B/32'%| 85.1 94.6 98.0 99.3|78.1 86.4 923 95.6
SAP’ l(al ViT-B/16"' [ 86.6 954 984 99.5[86.2 92.1 95.1 97.2
[38] Ermolov, Aet al. "Hyperbolic Vision Transformers: Combining Improvements in Metric Learning” (CVPR 2022) BS bl T wm

[39] Ramzi, E. et al. "Robust and Decomposable Average Precision for Image Retrieval” (NeurlPS 2021)

11



Standard Protocol
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Standard Protocol - Data Augmentation

Training3: Crop (scale, aspect ratio, 227) and Random horizontal flip

Testing3: Resize (smaller side 256) CenterCrop (to 227)

[31 Kim, S. et al. “Proxy Anchor Loss for Deep Metric Learning." CVPR (2020) 13




Standard Protocol - Training Pipeline

L
W
J
|

Class-Balanced

Samplings3s, ..

36] Zhai, A. and Wu, H. Classification is a strong baseline for deep metric learning. (BMVC 2019)

14



Standard Protocol - Training Pipeline

Network | GN | IBN | R50 =

, y , CUB200, R@1 45.41 | 48.78 | 43.77

CARS196,R@1 | 35.31 | 43.36 | 36.39

ﬁ & ﬂ SOP,R@1 44.28 | 49.05 | 48.65

, * ki
A i
¥ ) n ol CUB-200-2
Method BB | R@1 R@2 R@4
. Triplet®® (Schroff et al., 2015) CVPRIS G 42.5 55 66.4
BN-Ince pt lon / Npairs® (Sohn, 2016) NeurIPS16 G | 519 643 749
R N t Deep Spectral®'? (Law et al., 2017) ICML17 BNI|| 532 66.1 76.7
eSNe Angular Loss®'2 (Wang et al., 2017) ICCV17 S 1 547 663 76

Proxy-NCA®%* (Movshovitz-Attias et al., 2017) ICCVI7 BNI| 492 619 679
Margin Loss'?® (Manmatha et al., 2017) ICCVI7 [R50 63.6 744  83.1
Hierarchical triplet®? (Ge et al., 2018) ECCVI8 BNI | 57.1 68.8 78.7
Class-Balanced ABE®"? (Kim et al., 2018) ECCVI8 (G | 606 715 798
. Normalized Softmax®'? (Zhai & Wu, 2019) BMVCI19 [R50 613 739 835
Sa m p l_l ng 36, RLL-H%'? (Wang et al., 2019b) CVPRI9 w 574 697 792
Multi-similarity®1? (Wang et al., 2019a) CVPRI9 w 657 770 86.3
Relational Knowledge®!? (Park et al., 2019a) CVPRI9 | G || 614 730 819
Divide and Conquer'%?® (Sanakoyeu et al., 2019) CVPRI9 ([R50 659 76.6 84.4
SoftTriple Loss®'? (Qian et al., 2019) ICCVI19 w 654 764 845
[10] Seidenschwarz, J. et al "Learning Intra-Batch Connections for Deep Metric Learning.” ICML (2021). HORDE?®!2 (Jacob et al., 2019) ICCVI9 I BNLY 66.3 76.7 847
[12] Roth, K. et al. “Revisiting Training Strategies and Generalization Performance in Deep Metric Learning.” ICML (2020) w\MyC128 (Brattoli et al., 2019) ICCV19 R50 || 66.1 76.8 85.6
Easy triplet mining®!? (Xuan et al., 2020b) WACV20 R50 | 649 753 835

]
1
{



Standard Protocol - Training Pipeline

different learning
rates

P — B B I e T e

dimension 512

N E EE EEH : : : !
ﬁ i — CNN . . =“==—>:‘ loss ‘— optimizer
" ' ' SR TR | NI R RRRRb SEEELEEE :
3 ' TR 44 @ TTTTTTTTTHTTTTTTTTTT
‘ = n Adam, RMSProp,
BN-Inception / RAdam...
ResNet Embeddlng

Class-Balanced
Samplings3®, ..

Ensure fair comparison especially backbone and embedding dimension
16



Tricks to improve performance
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Tricks to improve performance

Larger corp®

227 x 227 —
256 x 256

[6] Teh, E. W. et al. "ProxyNCA++ Revisiting and Revitalizing Proxy Neighborhood Component Analysis." ECCV (2020)

19



Tricks to improve performance

Larger corp®

227 x227 —
256 x 256

85

80

70

65

Larger
embedding
dimension
,"//’
P --e-- Carsl96
- --e-- CUB-200-2011
64 128 256 512 1024

Embedding Dimension

[10] Seidenschwarz, J. et al "Learning Intra-Batch Connections for Deep Metric Learning.” ICML (2021).

[10]

20



Tricks to improve performance

i

Larger corp® 1 Larger
! embedding

227x227— dimension

256 x 256 |

| [10]
I CUB-200-2011
| Method_ BB | R@l R@2 R@4 R@8 NMI
| Triplg®®J(Schroff et al., 2015) CVPRI5 G | 425 55 664 772 553
I Npairk®4)(Sohn.2016) NeurIPS16 G | 519 643 749 832 602
I Deep Spectra(Law etal., 2017) ICML17 BNI} 532 66.1 767 852 592
I Angular Log!3 (Wang et al., 2017) ICCVI7 G | 547 663 76 839 6l.1
I Proxy- -NCAC*IMovshovitz-Attias et al., 2017) ICCV17 BNI) 492 619 679 724 595
I Margin Loss{28( atha et al., 2017) ICCVI7 R50]| 63.6 744 831 900 69.0
I Hle ical triple®13 (Ge et al., 2018) ECCVI8 BNI| 57.1 688 787 8.5 -
1 (Kim et al., 2018) ECCVI8 z 606 715 798 874 -
I Norma d Softmaxt'% (Zhai & Wu, 2019) BMVCI19 RS0]| 613 739 835 900 697
I RLL-HP!3(Wanget al., 2019b) CVPRI9 BNI| 574 697 792 869 636
| Multi-similarit;@(w et al., 2019a) CVPRI9 BNI| 657 770 863 912 -
1 Relational Knowle(Park et al., 2019a) CVPRI19 | G | 614 73.0 819 89.0 -
I Divide and Conquer:®2®)(Sanakoyeu et al., 2019) CVPRI9 ||[R50]| 659 766 844 906 69.6
| SoftTriple Los$*13 (Qian et al., 2019) ICCVI9 BNI| 654 764 845 904 693
I HO(Jacob etal., 2019) ICCVI9 BNI| 663 767 847 906 -
| MIA2 (Brattoli et al., 2019) ICCVI9 R50 | 66.1 768 856 -  69.7

[10] Seidenschwarz, J. et al "Learning Intra-Batch Connections for Deep Metric Learning.” ICML (2021).



Tricks to improve performance

= e —— —— o e e e REm R M e REm R M e REm M M e e M M e e e

: Larger corp® 11 Temperature
| g’ scaling
|\ 227x227—
| 256x256 ! - 2
e e e e = = -1
I
Larger "
embedding :'

|
|
|
: dimension ,:
|
| 5121024 .

o e e o o e e o e e e o e e e e e e e e e e

[6] Teh, E. W. et al. "ProxyNCA++ Revisiting and Revitalizing Proxy Neighborhood Component Analysis." ECCV (2020)

22



Tricks to improve performance

mmmm e e e e e e e — - = -
Larger corp® 11 Temperature
: scaling
227x227— |
256 x 256 I
1
I
1 161
Larger 1 R@1 without scale | with scale
embedding ProxyNCA (Emb: 2048) 59.3 £ 0.4 [62.9 0.4
di : I +cbs 54.8 £ 6.2 [64.0 + 0.4
imension +prob 50.0 £ 0.4 |63.4 % 0.6
1 +norm 60.2 + 0.6 |65.3 + 0.7
1 +max 61.3 £ 0.7 |65.1 +0.3
ﬁ
512 1024 I +fast 56.3 £ 0.8 [64.3 0.8
| +max +fast 60.3 £ 0.5 |67.2+ 0.5
1 +norm +prob +cbs 60.4 £ 0.7 |69.1 £0.5
1 +norm +prob +cbs +max 61.2 £0.7 |70.3 £0.9
1 +norm +prob +cbs +max +fast| 61.4 £ 04 |72.2+0.8
|
1
1
I
|

[6] Teh, E. W. et al. "ProxyNCA++: Revisiting and Revitalizing Proxy Neighborhood Component Analysis." ECCV (2020)



Tricks to improve performance

Larger corp® Average vs.

Max Pooling

227x227 —
256 x 256

18l

I
I

I

I

I

I

I

I
Larger :
embedding i
dimension :
I

I

I

I

I

I

I

I

I

I

I

50 75 100 125 150 175 200

Min pooling

512 - 1024

Temperatur
scaling

|
] 1

[8] https://medium.com/@bdhuma/which-pooling-method-is-better-maxpooling-vs-minpooling-vs-average-pooling-95fbo3f45a9

24


https://medium.com/@bdhuma/which-pooling-method-is-better-maxpooling-vs-minpooling-vs-average-pooling-95fb03f45a9

Tricks to improve performance

Larger corp®

227 x227 —
256 x 256

Larger
embedding
dimension

512 - 1024

Temperatur
scaling

4 A
] 1

[6] Teh, E. W. et al. "ProxyNCA++: Revisiting and Revitalizing Proxy Neighborhood Component Analysis." ECCV (2020)

: Average vs.

[ Max Pooling

I

|

: Method Pool R@l Arch Emb
1 WithoutTraining avg 45.0 R50 2048
1 max 53.1 R50 2048
1 Margin [37] avg 63.3 R50 128
1 max 64.3 R50 128
! Triplet-Semihard sampling [22] avg 60.5 R50 128
! max 61.6 R50 128
: MS 7] avg 649 R50 512
I max 68.5 R50 512
I MS [32] avg 65.1 13 512
| max 66.1 13 512
| Horde (Contrastive Loss) [15] avg 65.1 13 512
1 max 63.1 I3 512
|

1

1

I

16

25



Tricks to improve performance

Larger corp®

227 x227 —
256 x 256

Larger
embedding
dimension

512 - 1024

Temperatur
scaling

|
] 1

Average vs.

Max Pooling
(9]
CUB-200-2011 CARS196 SOP In-Shop
Inference | R@l NMI | R@l NMI | R@l NMI R@l
GL 65.5 69.0 85.6 727 | 751 908 86.8
mixed 675 69.5 882 729 | 781 912 89.1

[9] Elezi, I. et al. "The Group Loss++ A deeper look into group loss for deep metric learning”, PAMI (2022/03)

26



Tricks to improve performance

S
Larger corp® Average vs. : B-normalization
Max Pooling |
227x227— [ & I
L = R A
Larger |
embedding !
dimension I CUB2002011 _ CARS1% SOP In-Shop o
| Inference | R@l NMI | R@l NMI | R@l NMI | Rel
| GL 655 690 | 856 727 | 751 908 86.8
5121024 1 B8 668 690 | 871 722 | 759 913 87.1
I
I
Temperatur :
scaling I
: |
ﬂ . 1
I

[9] Elezi, I. et al. "The Group Loss++ A deeper look into group loss for deep metric learning”, PAMI (2022/03)

27



Tricks to improve performance

Larger corp® Average vs.
Max Pooling
227 x 227 — [ =l &%
256 x 256 e
K2
Larger B-
embedding normalization
dimension ? g
512 - 1024
Temperatur
scaling

|
] 1

[9] Elezi, I. et al. "The Group Loss++ A deeper look into group loss for deep metric learning”, PAMI (2022/03)

28



Tricks to improve performance

S
Larger corp® Average vs. :
Max Pooling |
227 x227 — ol = I
256 x 256 ] - !
KIE3
I
Larger B- |
embedding normalization :
dimension |
lol
: CUB-2002011 __ CARS19% SoP n-Shop
512 - 1024 | Inference | RGT NMI [ R@1 NMI [ Re1 NMI [ Ral
, GC 655 690 | 856 727 | /51 908 86.8
| R 683 691 | 874 718 | 757 87.8
Temperatur :
scaling I
dtad I
e !
I

[9] Elezi, I. et al. "The Group Loss++ A deeper look into group loss for deep metric learning”, PAMI (2022/03)
[371 Zhong, Z. et al. "Re-ranking Person Re-identification with k-reciprocal Encoding"” (CVPR 2017)
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Tricks to improve performance

Larger corp®

Averagevs. I Flip-Evaluation
Max Poolmg i

sca_Ling

1

I

1

227 x227 — :

256 x 256 |

. 1

i Tl 1

I Larger :

I embedding |

| . .

1

,  dimension CUB-2002011 __ CARS19 sopP In-Shop

| Inference | R@1 NMI | Rel NMI | Rel NMI R@1 |

I 5725 1024 GL 655 690 | 856 727 | 751 908 .

I F 680 709 | 881 732 | 761 913 874
b oo o oo o - - e -

e 1

I

Temperatur .

1

1

I

1

1

[9] Elezi, I. et al. "The Group Loss++ A deeper look into group loss for deep metric learning”, PAMI (2022/03)
[371 Zhong, Z. et al. "Re-ranking Person Re-identification with k-reciprocal Encoding"” (CVPR 2017)

[9]
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Tricks to improve performance

Larger corp® Average vs.
Max Pooling
227 x227 — rm ﬂé‘
256 x 256 . —
Larger B- Flip- e —— == = |
embedding normalization Evaluation : Ensure fair evaluation! 1
dimension , ' e e e e e e e e e e 1
512 - 1024
Temperatur Re-Ranking
scaling TTTTTIRIIE

[9] Elezi, I. et al. "The Group Loss++ A deeper look into group loss for deep metric learning”, PAMI (2022/03)
[371 Zhong, Z. et al. "Re-ranking Person Re-identification with k-reciprocal Encoding"” (CVPR 2017) 31



Questioning evaluation protocol
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Are current evaluation metrics good?

Varying results NM|
(clustering and seeds)

NMI: 95.6% F1:100% R@1:99%,

NMI and R@k not robust

NMI: 100% F1:100% R@1:99.8%

5 . P g..osz. o3 a.. o a%
b:g?‘ :‘1-"3? .:. s e % 3«:3., fl‘!‘." 4
5 Syt g adint 4 ba SIS
R AR '3}..'. &'& o}.‘- 73?;}! é R ¥

"@ ’Jkﬁ .x:&. AT KRR

AR
LY 00‘. " o s 'o
Are there better evaluation metrics?

[11] Musgrave, K. et al "A Metric Learning Reality Check." ECCV (2020)

NMI: 100% F1:100% R@1: 100%,
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R-Presicion

R = total number of references for given query
r=number of references of same class in R-NN set

&

[11] Musgrave, K. et al *A Metric Learning Reality Check." ECCV (2020).

3/5

3/5
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R
1 :
MAP@R = = P(i)

=1

P(i) = {grecision at 1,

[11] Musgrave, K. et al *A Metric Learning Reality Check." ECCV (2020).

if the ith retrieval is correct

otherwise

P@1-=1

P@1-0

P@2 -0

P@2 -0
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Current vs. new evaluation metrics

R
- cion: T 1
R-Precision: E MAP@R: R ZP(Z)
1=1
: - : NMI- 100 s

R-Precision: 77.4% MAP@R: 71.4% R-Precision: 83.3% MAP@R: 77.9% : 99,

. eAp : gl N adeeadlec 4% 7 N . 3
% Pow U Glroanves v R
e . ‘;' gt 30

J .‘
3 .?0

: L
T PO
PO e N e :*‘5 1-,’::*»?.,\;
-:& ..é' o .79:0 Vg. Lot "v’. Q

R-Precision and MAP@R more robust

[11] Musgrave, K. et al *A Metric Learning Reality Check." ECCV (2020).
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Training with Test set Feedback

- evaluation
Training classes L_during training

OVERFITTING TO TEST CLASSES
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Training with Test set Feedback

- evaluation
Training classes L_during training

OVERFITTING TO TEST CLASSES

only during

test time

/\

L4

Training|classe Test classes

1\_/

Don't use test set feedback!



Metric Learning Reality Check

— The trunk model is an ImageNet [17] pretrained BN-Inception network [21],
with output embedding size of 128. BatchNorm parameters are frozen during
training, to reduce overfitting.

— The batch size is set to 32. Batches are constructed by first randomly sam-
pling C classes, and then randomly sampling M images for each of the C
classes. We set C' = 8 and M = 4 for embedding losses, and C = 32 and
M =1 for classification losses.

— During training, images are augmented using the random resized cropping
strategy. Specifically, we first resize each image so that its shorter side has
length 256, then make a random crop that has a size between 40 and 256,
and aspect ratio between 3/4 and 4/3. This crop is then resized to 227x227,
and flipped horizontally with 50% probability. During evaluation, images are
resized to 256 and then center cropped to 227.

— All network parameters are optimized using RMSprop with learning rate
le-6. We chose RMSprop because it converges faster than SGD, and seems
to generalize better than Adam, based on a small set of experiments. For
loss functions that include their own learnable weights (e.g. ArcFace), we use
RMSprop but leave the learning rate as a hyperparameter to be optimized.

— Embeddings are L2 normalized before computing the loss, and during eval-
uation.

[11] Musgrave, K. et al "A Metric Learning Reality Check." ECCV (2020).



Metric Learning Reality Check

CUB-200-2011

Concatenated (512-dim)

Separated (128-dim)

P@l RP MAP@R P@1 RP MAP@R year loss
Pretrained 51.05 24.85 14.21 50.54 25.12 14.53
Contrastive 68.13 +0.31 37.24 +0.28 26.53 & 0.29 59.73 + 0.40 31.98 4 0.29 21.18 +£0.28 2006 Embedding
Triplet 64.24 +0.26 34.55 & 0.24 23.69 & 0.23 55.76 =+ 0.27 29.55 + 0.16 18.75 +0.15 2006 Embedding
NT-Xent 66.61 + 0.29 35.96 & 0.21 25.09 & 0.22 58.12 + 0.23 30.81 +0.17 19.87 +0.16 2016 Embedding
ProxyNCA 65.69 + 0.43 35.14 & 0.26 24.21 +0.27 57.88 + 0.30 30.16 & 0.22 19.32 +0.21 2017 Classification
Margin 63.60 + 0.48 33.94 4 0.27 23.09 & 0.27 54.78 + 0.30 28.86 & 0.18 18.11 +£0.17 2017 Embedding
Margin/class 64.37 +0.18 34.59 & 0.16 23.71 £+ 0.16 55.56 + 0.16 29.32 £ 0.15 18.51 +0.13 2017 Embedding
N. Softmax 65.65 + 0.30 35.99 £ 0.15 25.25 +0.13 58.75 + 0.19 31.75 £ 0.12 20.96 +0.11 2017 Classification
CosFace 67.32 + 0.32 37.49+0.21  26.70 +0.23 59.63 + 0.36 31.99 + 0.22 21.21 +0.22 2018 Classification
ArcFace 67.50 & 0.25 37.31+0.21 26.45 + 0.20 60.17+0.32  32.37+0.17  21.491+0.16 2019 Classification
FastAP 63.17 +0.34 34.20 & 0.20 23.53 & 0.20 55.58 + 0.31 29.72 4 0.16 19.09 +0.16 2019 Embedding
SNR 66.44 + 0.56 36.56 + 0.34 25.75 + 0.36 58.06 + 0.39 31.21 +0.28 20.43 +0.28 2019 Embedding
MS 65.04 + 0.28 35.40 £ 0.12 24.70 £ 0.13 57.60 + 0.24 30.84 +0.13 20.15 +0.14 2019 Embedding
MS+Miner 67.73 £0.18 37.37 4+ 0.19 26.52 +0.18 59.41 + 0.30 31.93 +0.15 21.01 +0.14 2019 Embedding
SoftTriple 67.27 £ 0.39 37.34 £ 0.19 26.51 +0.20 59.94 + 0.33 32.12+0.14 21.31+0.14 2019 Classification

[11] Musgrave, K. et al "A Metric Learning Reality Check." ECCV (2020).
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Metric Learning Reality Check

CUB-200-2011

W CUB200 wCars196 wSOP

Precsion @ 1
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(a) The trend according to papers

[11] Musgrave, K. et al "A Metric Learning Reality Check." ECCV (2020).

[11]
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(b) The trend according to reality
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Are standardized training strategies fair?

e Does every method require the same learning rate, weight decay, and
batch size to perform best?

e Should we not use current best performing optimizers and augmentation
techniques but stick with “old” stuff?

Optimally: report standard protocol as well as the best you can get!
Take current SOTA results with a grain of salt

https://qithub.com/KevinMusgrave/powerful-benchmarker

https://github.com/KevinMusgrave/pytorch-metric-learning
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