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Metric Learning - Introduction
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Metric Learning - Pairs vs Proxy methods
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Metric Learning - Applications

Face Verification

Person Re-ldentification
Few-Shot Learning

Content Based Image Retrieval

Representation Learning

Require clean data!
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Proxy Anchor Loss
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Sungyeon Kim, Dongwon Kim, Minsu Cho, and Suha Kwak. Proxy anchor loss for deep metric learning, CVPR 2020. A\Vilynx,
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Smooth Proxy Anchor Loss
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Our Method
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Embedding branch

network

Our Method

e Backbone: ResNet50.

e Pretrained on the ImageNet
dataset.

e Without the classification
layer.

e Frozen for all experiments.
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Embedding branch

M h d network J
Our Metho -
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Cdimensional class  sigmoid
ector

Fully-connected
N layers 7

Trained with Binary Cross Entropy
loss:

N
Ly.5)=- ¢ go(y +log() + (1 —y) = log(1 = 3)))

The confidence module generates

the class confidences and the Dataset is a partition of the Webvision dataset*
smoothing function balances each
contribution.

* More details in the paper Nvilynx.



Our Method

Top 3 confidence
scores

Dataset image

Example

N\

image
l Correct label (green)
Incorrect label (red)

Kit fox: 0.66
Grey fox: 0.50
Vulpes: 0.17

Kit fox

P

Class name Top 3 score.
Class name in
bold

Backbone
network

o mm—————

Embedding branch

Confidence module

-
Ci

Cdimensional class  sigmoid
vector

Fully-connected

Kit fox: 0.66 Kit fox: 0.29 Coyote: 0.17
Grey fox: 0.50 Coyote: 0.12  Bighorn sheep: 0.11
Vulpes: 0.17 Grey fox: 0.14 Ferret: 0.10 ) \

Fox squirrel

Meerkat: 0.39  Groenendael: 0.31
Badger: 0.07 Dalmatian: 0.17
Weasel: 0.06 CIumberspanieI:O.M)

Fox squirrel: 0.75
Grey fox: 0.08
Badger: 0.07

Brown bear: 0.17
Puma: 0.15

Ibex: 0.14 ) \

Puma: 0.60
Panther: 0.28
Leopard: 0.16

Tiger cat: 0.60
Egyptian cat: 0.17
Persian cat: 0.13

Zebra

~N

Zebra: 0.98 Zebra: 0.67
Skunk: 0.07 African elephant: 0.08
Colobus: 0.05  Komondor: 0.08

Zebra: 0.72
Tiger cat: 0.08
Tiger: 0.07

Orca: 0.93 Grey whale: 0.36 Orca: 0.60
Malinois: 0.21 Orca: 0.23 Sealion: 0.13

Mexican hairless: 0.09 Badger: 0.08 Wild boar: 0.12 ) \

\

Tiger: 0.94 Tiger: 0.56 Sealyham: 0.19
Tiger cat: 0.07 Hyena: 0.18  Egyptian cat: 0.12
Leopard: 0.06 Vulpes: 0.08 Panther: 0.10 )
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Our Method
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Our Method
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Our Method
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Our Method
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Results

RecallQK 1 2 4 8 16

Proxy-NCA [1] 65.89 | 75.70 | 82.36 | 87.51 | 91.56
Proxy-Anchor [2] 67.95 | 77.47 | 84.50 | 89.33 | 93.09
MultiSimilarity [3] | 68.61 | 70.08 | 85.04 | 89.95 | 93.42
Ours 71.24 | 79.83 | 86.10 | 90.30 | 93.66

Table 3. Comparison of Recall@K for different methods against our
proposed loss on the WebVision dataset partition.

[1] Yair Movshovitz-Attias, Alexander Toshev, Thomas K. Leung, Sergey loffe, and Saurabh Singh. No fuss distance metric learning using proxies, 2017
[2] Sungyeon Kim, Dongwon Kim, Minsu Cho, and Suha Kwak. Proxy anchor loss for deep metric learning, 2020
[3] Xun Wang, Xintong Han, Weilin Huang, Dengke Dong, and Matthew R. Scott. Multi-similarity loss with general pair weighting for deep metric learning, 2019
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Conclusions

e Two branch system for noisy metric learning
o Confidence module
o Embedding

e \We propose a Smooth Proxy Anchor Loss that weights the
contribution of noisy samples

e Our method improves 2.63 and 3.29 in Recall@1 with respect to
MultiSimilarity and Proxy-Anchor loss respectively
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