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𝑅#! η ≤ 𝑅#" η + +𝑑$ 𝑆, 𝑇 + Ω
Objective

!𝑑# 𝑆, 𝑇 = 2sup
$∈&

Pr
'~)!

"
η x = 1 − Pr

'~)#
"
[η x = 1] = 2 1 − 2𝜀

Minimize 𝑅% η , +𝑑$ 𝑆, 𝑇Objective Minimize 𝑅% η
Maximize  𝜀

𝑅!! η ∶ 소스 도메인 분류 오류
𝑅!" η ∶ 타겟 도메인 분류 오류
-𝑑" 𝑆, 𝑇 ∶ 두 확률분포사이의 거리
𝜀 ∶ 두 도메인 간 분류 오류
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→ 타겟데이터가 각 Class의 Prototype이나 이웃 타겟데이터와 가깝도록 함
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Saito, Kuniaki, et al. "Universal domain adaptation through self supervision." Advances in neural information processing systems 33 (2020): 16282-16292.
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Open-set Entropy Minimization

Source(labeled)

Target(known class)

Target(unknown class)

→ Known Class와 Unknown Class를 더욱 분리
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Open-set Entropy Minimization
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Open-set Entropy Minimization

→ Known Class와 Unknown Class를 더욱 분리

Feature
Extractor

One-vs-All
Classifiers𝒙𝒊𝒕

0.6 0.4

0.3 0.7

0.8 0.2

0.4 0.6

Output Entropy

0.67

0.61

0.5

0.67

0.5

Average
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Inference

→ 학습된 One-vs-All Classifiers을 통해서 “unknown” 식별

Feature
Extractor

One-vs-All
Classifiers

𝒙𝒊𝒕

Nearest
Known Class

Known
Classifiers

Unknown score

Known(0.4 < 0.5)0.4
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