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R G B
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𝑿

𝒇 𝑿
= 𝒁

2 1 0.2 … -0.1

𝒇

𝝈(𝒛)
0.3 0.12 0.01 … 0.00

𝝈 𝒛 𝒋 =
𝒆𝒛𝒋

σ𝒌=𝟏
𝑲 𝒆𝒛𝒌

1 0 0 … 0

𝑳 𝑷, 𝑳 =෍

𝒋=𝟏

𝑲

−𝒍𝒋𝒍𝒐𝒈(𝒑𝒊)

𝑧1 𝑧2 𝑧3 𝑧𝐾 𝑝1 𝑝2 𝑝3 𝑝𝐾… … 𝑙1 𝑙2 𝑙3 𝑙𝐾…
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Chopra, S., Hadsell, R., & LeCun, Y. (2005, June). Learning a similarity metric discriminatively, with application to face verification. In 2005 IEEE Computer Society Conference on 
Computer Vision and Pattern Recognition (CVPR'05) (Vol. 1, pp. 539-546). IEEE.
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𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫 𝑓𝜃 𝑥1 , 𝑓𝜃 𝑥2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫 𝑓𝜃 𝑥1 , 𝑓𝜃 𝑥2

Deep
Neural

Network
𝑋1

Label

𝑦1

𝜃

Embedding

𝑓𝜃(𝑋1)
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Network
𝑋1

𝑋2

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫 𝑓𝜃 𝑥1 , 𝑓𝜃 𝑥2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫 𝑓𝜃 𝑥1 , 𝑓𝜃 𝑥2

Deep
Neural

Network

Embedding

𝑓𝜃(𝑋1)

Label

𝑦1

Embedding

𝑓𝜃(𝑋2)

Label

𝑦2

=

𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 = 1𝜃

Weight sharing
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Network
𝑋1

𝑋2

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫 𝑓𝜃 𝑥1 , 𝑓𝜃 𝑥2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫 𝑓𝜃 𝑥1 , 𝑓𝜃 𝑥2

Deep
Neural

Network

Embedding

𝑓𝜃(𝑋1)

Label

𝑦1

Embedding

𝑓𝜃(𝑋2)

Label

𝑦2

≠

𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 = 0𝜃

Weight sharing
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𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2
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Deep
Neural

Network
𝑋1

𝑋2

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2

Deep
Neural

Network

Embedding

𝑓𝜃(𝑋1)

Embedding

𝑓𝜃(𝑋2)

𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 = 1

𝜃

Weight sharing 𝑫 𝑓𝜃 𝑋 , 𝑓𝜃 𝑋2

= 0 
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Deep
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Network
𝑋1

𝑋2

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2

Deep
Neural

Network

Embedding

𝑓𝜃(𝑋1)

Embedding

𝑓𝜃(𝑋2)

𝜃

Weight sharing 𝑫 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2

= 0 

𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 = 0
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𝑚 = margin
하이퍼파라미터

if 𝑚 < 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 then m−𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 < 0

max 0,𝑚 − 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 = 0

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2

= 0 
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𝑚 = margin
하이퍼파라미터

𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2

= 0 

if 𝑚 > 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 then m−𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 > 0

max 0,𝑚 − 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 = 𝑚 −𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2
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𝐿𝑐𝑜𝑛𝑡𝑟𝑎𝑠𝑡𝑖𝑣𝑒 𝜃, 𝑋1, 𝑋2, 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟

= 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2 + 1 − 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 max 0,𝑚 − 𝑫𝟐 𝑓𝜃 𝑋1 , 𝑓𝜃 𝑋2
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Schroff, F., Kalenichenko, D., & Philbin, J. (2015). Facenet: A unified embedding for face recognition and clustering. In Proceedings of the IEEE conference on computer vision and 
pattern recognition (pp. 815-823).
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𝑋1

𝑋2
Deep
Neural

Network

Embedding

𝑓𝜃(𝑋1)

Label

𝑦1

Embedding

𝑓𝜃(𝑋2)

Label

𝑦2

=

𝜃

Weight sharing

𝑋3
Deep
Neural

Network

Embedding

𝑓𝜃(𝑋3)

Label

𝑦3

≠

Weight sharing
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Network
𝑋𝑝

𝑋𝑎
Deep
Neural

Network

Embedding

𝑓𝜃(𝑋𝑝)

Embedding

𝑓𝜃(𝑋𝑎)

𝜃

Weight sharing

𝑋𝑛
Deep
Neural

Network

Embedding

𝑓𝜃(𝑋𝑛)

Weight sharing

𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑝

<
𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑛

𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑝 +𝑚

<
𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑛
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𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑝

<
𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑛

𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑝 +𝑚

<
𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑛
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𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑝 +𝑚

<
𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑛

𝐿𝑡𝑟𝑖𝑝𝑙𝑒𝑡 𝜃, 𝑋1, 𝑋2 =

max 0, 𝑫𝟐 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑝 − 𝑫𝟐 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑛 +𝑚

𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑝 +𝑚 −𝑫 𝑓𝜃 𝑋𝑎 , 𝑓𝜃 𝑋𝑛 < 0
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𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 = 1 𝑌𝑠𝑖𝑚𝑖𝑙𝑎𝑟 = 0
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Wen, Y., Zhang, K., Li, Z., & Qiao, Y. (2016, October). A discriminative feature learning approach for deep face recognition. In European conference on computer vision (pp. 499-515). 
Springer, Cham.
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𝑓𝜃 𝑋𝑖 𝑊𝑇𝑓𝜃 𝑋𝑖 + 𝑏

Class 수 K

Linear
layer

𝑓𝜃 𝑋𝑖 − 𝐶𝑦𝑖

𝑓𝜃 𝑋𝑖 − 𝐶𝑦𝑖
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Deng, J., Guo, J., Xue, N., & Zafeiriou, S. (2019). Arcface: Additive angular margin loss for deep face recognition. In Proceedings of the IEEE/CVF Conference on Computer Vision and 
Pattern Recognition (pp. 4690-4699).
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𝑓𝜃 𝑋𝑖 𝑊𝑇𝑓𝜃 𝑋𝑖 + 𝑏

Class 수 K

Linear
layer

𝑊𝑇 𝑓𝜃 𝑋𝑖 𝑏

∙ + =Class 수 K
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𝑓𝜃 𝑋𝑖 𝑊𝑇𝑓𝜃 𝑋𝑖 + 𝑏

Class 수 K

Linear
layer

𝑊𝑇 𝑓𝜃 𝑋𝑖 𝑏 = 0

∙ + =Class 수 K
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𝑓𝜃 𝑋𝑖 𝑊𝑇𝑓𝜃 𝑋𝑖 + 𝑏

Class 수 K

Linear
layer

𝑊𝑇 𝑓𝜃 𝑋𝑖

∙ =Class 수 K

𝑊𝑇 𝑓𝜃 𝑋𝑖
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𝑓𝜃 𝑋𝑖 𝑊𝑇𝑓𝜃 𝑋𝑖 + 𝑏

Class 수 K

Linear
layer

𝑊𝑇 𝑓𝜃 𝑋𝑖

∙ =Class 수 K

𝑊𝑇 𝑓𝜃 𝑋𝑖
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Deep
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Network

𝑓𝜃 𝑋𝑖 𝑊𝑇𝑓𝜃 𝑋𝑖 + 𝑏

Class 수 K

Linear
layer

𝑊𝑇 𝑓𝜃 𝑋𝑖

∙ =Class 수 K

𝑊𝑇 𝑓𝜃 𝑋𝑖
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𝐿𝑠𝑜𝑓𝑡𝑚𝑎𝑥

Deep
Neural

Network

𝑓𝜃 𝑋𝑖 𝑊𝑇𝑓𝜃 𝑋𝑖 + 𝑏

Class 수 K

Linear
layer

= −
1

𝑁
෍

𝑖=1

𝑁

𝑙𝑜𝑔
exp 𝑊𝑦𝑖 ∙ 𝑓𝜃 𝑋𝑖

σ𝑗=1
𝐾 exp 𝑊𝑗 ∙ 𝑓𝜃 𝑋𝑖

= −
1

𝑁
෍

𝑖=1

𝑁

𝑙𝑜𝑔
exp 𝑊𝑦𝑖

𝑇𝑓𝜃 𝑋𝑖 + 𝑏

σ𝑗=1
𝐾 exp 𝑊𝑗

𝑇𝑓𝜃 𝑋𝑖 + 𝑏
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𝐿𝑠𝑜𝑓𝑡𝑚𝑎𝑥 = −
1

𝑁
෍

𝑖=1

𝑁

𝑙𝑜𝑔
exp 𝑊𝑦𝑖

𝑇𝑓𝜃 𝑋𝑖 + 𝑏

σ𝑗=1
𝐾 exp 𝑊𝑗

𝑇𝑓𝜃 𝑋𝑖 + 𝑏
= −

1

𝑁
෍

𝑖=1

𝑁

𝑙𝑜𝑔
exp 𝑊𝑦𝑖 ∙ 𝑓𝜃 𝑋𝑖

σ𝑗=1
𝐾 exp 𝑊𝑗 ∙ 𝑓𝜃 𝑋𝑖

= −
1

𝑁
෍

𝑖=1

𝑁

𝑙𝑜𝑔
exp 𝑊𝑦𝑖 𝑓𝜃 𝑋𝑖 cos(θ𝑦𝑖,𝑖)

σ𝑗=1
𝐾 exp 𝑊𝑗 𝑓𝜃 𝑋𝑖 cos(θ𝑗,𝑖)

= −
1

𝑁
෍

𝑖=1

𝑁

𝑙𝑜𝑔
exp 𝑠 ∙ cos(θ𝑦𝑖,𝑖)

σ𝑗=1
𝐾 exp 𝑠 ∙ cos(θ𝑗,𝑖)

= −
1

𝑁
෍

𝑖=1

𝑁

𝑙𝑜𝑔
exp 𝑠 ∙ cos(θ𝑦𝑖,𝑖 +𝑚)

exp 𝑠 ∙ cos(θ𝑦𝑖,𝑖 +𝑚) + σ𝑗=1,𝑗≠𝑦𝑖
𝐾 exp 𝑠 ∙ cos(θ𝑗,𝑖)
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= −
1

𝑁
෍

𝑖=1

𝑁

𝑙𝑜𝑔
exp 𝑠 ∙ cos(θ𝑦𝑖,𝑖 +𝑚)

exp 𝑠 ∙ cos(θ𝑦𝑖,𝑖 +𝑚) + σ𝑗=1,𝑗≠𝑦𝑖
𝐾 exp 𝑠 ∙ cos(θ𝑗,𝑖)



- 61 -



- 62 -

 https://en.wikipedia.org/wiki/Universal_approximation_theorem

 https://ko.wikipedia.org/wiki/%EA%B1%B0%EB%A6%AC

 https://tech.kakaoenterprise.com/63

 https://ko.wikipedia.org/wiki/K-

%EC%B5%9C%EA%B7%BC%EC%A0%91_%EC%9D%B4%EC%9B%83_%EC%95%8C%EA%B3%A0%EB%A6%AC%EC%A6%98

 https://ko.wikipedia.org/wiki/K-%ED%8F%89%EA%B7%A0_%EC%95%8C%EA%B3%A0%EB%A6%AC%EC%A6%98

 https://hav4ik.github.io/articles/deep-metric-learning-survey

 https://medium.com/slyce-engineering/digging-deeper-into-metric-learning-loss-functions-29d89edfe200

 Chopra, S., Hadsell, R., & LeCun, Y. (2005, June). Learning a similarity metric discriminatively, with application to face verification. In 2005 IEEE Computer 

Society Conference on Computer Vision and Pattern Recognition (CVPR'05) (Vol. 1, pp. 539-546). IEEE.

 Schroff, F., Kalenichenko, D., & Philbin, J. (2015). Facenet: A unified embedding for face recognition and clustering. In Proceedings of the IEEE conference on 

computer vision and pattern recognition (pp. 815-823).

 Wen, Y., Zhang, K., Li, Z., & Qiao, Y. (2016, October). A discriminative feature learning approach for deep face recognition. In European conference on 

computer vision (pp. 499-515). Springer, Cham.

 Deng, J., Guo, J., Xue, N., & Zafeiriou, S. (2019). Arcface: Additive angular margin loss for deep face recognition. In Proceedings of the IEEE/CVF Conference 

on Computer Vision and Pattern Recognition (pp. 4690-4699).

https://en.wikipedia.org/wiki/Universal_approximation_theorem
https://ko.wikipedia.org/wiki/%EA%B1%B0%EB%A6%AC
https://tech.kakaoenterprise.com/63
https://ko.wikipedia.org/wiki/K-%EC%B5%9C%EA%B7%BC%EC%A0%91_%EC%9D%B4%EC%9B%83_%EC%95%8C%EA%B3%A0%EB%A6%AC%EC%A6%98
https://ko.wikipedia.org/wiki/K-%ED%8F%89%EA%B7%A0_%EC%95%8C%EA%B3%A0%EB%A6%AC%EC%A6%98
https://hav4ik.github.io/articles/deep-metric-learning-survey
https://medium.com/slyce-engineering/digging-deeper-into-metric-learning-loss-functions-29d89edfe200



