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Introduction
Background

준지도학습 (Semi-Supervised Learning)

→ Unlabeled Data를 활용해서 일반화 성능을 높이는 방법론

Dog Class (Labeled)

Cat Class (Labeled)
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Background

준지도학습 (Semi-Supervised Learning)

→ Unlabeled Data를 활용해서 일반화 성능을 높이는 방법론

Dog Class (Labeled)

Cat Class (Labeled)

Dog Class (Unabeled)

Cat Class (Unlabeled)

Wrong!
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Introduction
Background

도메인 적응 방법론 (Domain Adaptation)

→서로 다른 도메인 데이터셋간 일반화 성능을 높이는 방법론

특징 : 유사하지만 분포가 서로 약간 다름
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Introduction
Background

도메인 적응 방법론 (Domain Adaptation)

→서로 다른 도메인 데이터셋간 일반화 성능을 높이는 방법론

특징 : 유사하지만 분포가 서로 약간 다름

Domain Shift!
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Introduction
Background

도메인 적응 방법론 (Domain Adaptation)

→서로 다른 도메인 데이터셋간 일반화 성능을 높이는 방법론

특징 : 유사하지만 분포가 서로 약간 다름

✓ 두 도메인을 잘 Alignment해서 모두  잘 분류되도록 만들자! 
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Introduction
Background

준지도 도메인 적응 방법론 (Semi-Supervised Domain Adaptation)

→Domain Inter Discrepancy/ Domain Intra Discrepancy를 해결하자!

서로 다른 두 도메인 간 발생하는 분포 차이
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Introduction
Background

→Domain Inter Discrepancy/ Domain Intra Discrepancy를 해결하자!

서로 다른 두 도메인 간 발생하는 분포 차이

준지도 도메인 적응 방법론 (Semi-Supervised Domain Adaptation)
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Introduction
Background

→Domain Inter Discrepancy / Domain Intra Discrepancy를 해결하자!

Unlabeled Target Domain 내 발생하는 분포 차이

준지도 도메인 적응 방법론 (Semi-Supervised Domain Adaptation)



2. Semi-Supervised Domain Adaptation Methods
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

2019년에제안된Semi-Supervised Domain Adaptation 방법론(ICCV, 2023년10월기준547회인용)

Entropy의최소화및최대화를적대적으로학습하는개념을활용하여Domain 간차이최소화

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).

Semi-Supervised Domain Adaptation via Minimax Entropy
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Motivation :Unlabeled Target Domain 데이터의Entropy를활용해서Target Domain의특징을파악하자

Source Domain 데이터와소량의Labeled Target Domain 데이터는전체Target Domain 데이터를대변하지못함

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).

Semi-Supervised Domain Adaptation via Minimax Entropy
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

기존Baseline Few-shot Learning Method은Unlabeled Target Domain 데이터를고려하지않음

LabeledSource & Target Domain 데이터를제외하고, Unlabeled Target Domain 데이터는Alignment되지않는한계존재

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).

Semi-Supervised Domain Adaptation via Minimax Entropy

Inter Domain Discrepany 해결X Intra Domain Discrepany 해결X
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Unlabeled TargetDomain의Entropy를최소화및최대화하는과정을통해Alignment 유도

Semi-Supervised Domain Adaptation via Minimax Entropy

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).

기존Estimated Prototypes을Unlabeled Target Examples을반영하여Update

Step 1 : Entropy Maximization
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Unlabeled TargetDomain의Entropy를최소화및최대화하는과정을통해Alignment 유도

Semi-Supervised Domain Adaptation via Minimax Entropy

기존Estimated Prototypes을Unlabeled Target Examples을반영하여Update

Domain-invariant한Discriminative Feature 학습가능!

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).

Step 1 : Entropy Maximization
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Unlabeled TargetDomain의Entropy를최소화및최대화하는과정을통해Alignment 유도

Semi-Supervised Domain Adaptation via Minimax Entropy

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).

Step 2 : Entropy Minimization

Update된Prototype으로Unlabeled Target Examples을Alignment하도록
Feature Extractor을Update 
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Unlabeled TargetDomain의Entropy를최소화및최대화하는과정을통해Alignment 유도

Semi-Supervised Domain Adaptation via Minimax Entropy

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).

Minimize

Inter / Intra Domain Discrepancy 문제해결가능!

Step 2 : Entropy Minimization

Update된Prototype으로Unlabeled Target Examples을Alignment하도록
Feature Extractor을Update 



23

Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Semi-Supervised Domain Adaptation via Minimax Entropy

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Semi-Supervised Domain Adaptation via Minimax Entropy

1) Feature Extractor는Entropy를Minimize하도록학습
መ𝜃𝐹 = 𝑎𝑟𝑔𝑚𝑖𝑛 𝓛 + 𝝀𝑯

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Semi-Supervised Domain Adaptation via Minimax Entropy

2) Classifier는Entropy를Maximize하도록학습
መ𝜃𝐶 = 𝑎𝑟𝑔𝑚𝑖𝑛 𝓛 − 𝝀𝑯

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

Semi-Supervised Domain Adaptation via Minimax Entropy

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).
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Methods

Semi-Supervised Domain Adaptation via Minimax Entropy [1]

t-SNE Visualization결과

(a) ~ (d)  → ClassPrototype기준다른비교방법론에비해상대적으로잘Alignment됨

(e) ~ (h)  → Source Domain(Red)과Target Domain(Blue)가다른비교방법론에비해서로잘겹쳐서Alignment됨

[1] Saito, K., Kim, D., Sclaroff, S., Darrell, T., & Saenko, K. (2019). Semi-supervised domain adaptation via minimax entropy. InProceedings of the IEEE/CVF international conference on computer vision(pp. 8050-8058).

Semi-Supervised Domain Adaptation via Minimax Entropy



28

Methods

AdaMatch: A Unified Approach to Semi-Supervised Learning and Domain Adaptation [2]

2022년에제안된Semi-Supervised Learning & Domain Adaptation 방법론(ICLR, 2023년10월기준70회인용)

Semi-Supervised Learning 및Domain Adaptation(Unsupervised, Semi-Supervised)상황에모두적용가능한알고리즘

AdaMatch: A Unified Approach to Semi-Supervised Learning and Domain Adaptation

[2] Berthelot, D., Roelofs, R., Sohn, K., Carlini, N., & Kurakin, A. (2021). Adamatch: A unified approach to semi-supervised learning and domain adaptation. arXivpreprint arXiv:2106.04732.
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Methods
AdaMatch: A Unified Approach to Semi-Supervised Learning and Domain Adaptation

SSL: Semi Supervised Learning
UDA: Unsupervised Domain Adaptation
SSDA: SSL + UDA

Motivation

기존의SSL SoTA모델들은Labeled Data와Unlabeled Data의분포차이가있는경우(Domain Shift)강건한성능을내지못하는한계

Domain Adaptation을통해Labeled Data(Source Domain)와Unlabeled Data(Target Domain) 간차이를좁히고강건한성능을내고자함

Proposed Method

Semi-Supervised Learning: Relative Confidence Threshold & Distribution Alignment

FixMatch를기반으로하되, Pseudo Label의Confidence Threshold 산출방식과ReMixMatch의Distribution Alignment 방식변경

Domain Adaptation: Radom Logit Interpolation

각Domain 별Batch Norm Statics를기반으로내부공분산변화를줄이고Domain Shift 해결[1]

[2] Berthelot, D., Roelofs, R., Sohn, K., Carlini, N., & Kurakin, A. (2021). Adamatch: A unified approach to semi-supervised learning and domain adaptation. arXivpreprint arXiv:2106.04732.
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Methods
AdaMatch: A Unified Approach to Semi-Supervised Learning and Domain Adaptation

Overall Framework of AdaMatch

Labeled SourceDomain과Unlabeled Target Domain모두Weak/Strong Augmentation 수행

Weak Augmentation: (1) Shift, (2) Mirror about the x-axis

Strong Augmentation: Weak Augmentation + Cutout

동일모델에대하여2번의Forward Pass({source, target}, {source})수행

동일모델

{source}

{source, target}

[2] Berthelot, D., Roelofs, R., Sohn, K., Carlini, N., & Kurakin, A. (2021). Adamatch: A unified approach to semi-supervised learning and domain adaptation. arXivpreprint arXiv:2106.04732.
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Methods
AdaMatch: A Unified Approach to Semi-Supervised Learning and Domain Adaptation

RandomLogit Interpolation

RandomVector 𝜆로+ BN으로달라진모델의Logits들을+ Interpolation 해보자!

같은Input에대해서, Batch Normalization으로인해달라진Logits(𝒁′𝑺𝑳, 𝒁
′′
𝑺𝑳)을맞추기위해보간법수행

✓ 𝒁′𝑺𝑳과 𝒁′′𝑺𝑳사이의모든점에대하여Loss를산출하는것이아닌, [0, 1] 값을가지는Random Vector 𝜆로하나의Interpolation Value만을산출

Source Domain에대한Loss는Logit 𝒁𝑺𝑳을이용하여최소화

②

①

𝒁′′𝑺𝑳 = 𝑓(𝑥𝑆𝐿
𝑎𝑢𝑔

; 𝜃)

𝒁′𝑺𝑳, 𝑍𝑇𝑈 = 𝑓( 𝑥𝑆𝐿
𝑎𝑢𝑔

, 𝑥𝑇𝑈
𝑎𝑢𝑔

; 𝜃)

① {Source, Target}에대하여Logits을계산한뒤Batch Statics(𝛽,𝛾) 업데이트

② 저장된Statics를바탕으로{Source}에대하여Logits한번더계산→Batch Statics(𝛽,𝛾) 업데이트수행X

𝒁𝑺𝑳 = 𝝀 ∙ 𝒁′𝑺𝑳 + (𝟏 − 𝝀)𝒁′′𝑺𝑳

[2] Berthelot, D., Roelofs, R., Sohn, K., Carlini, N., & Kurakin, A. (2021). Adamatch: A unified approach to semi-supervised learning and domain adaptation. arXivpreprint arXiv:2106.04732.
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Methods
AdaMatch: A Unified Approach to Semi-Supervised Learning and Domain Adaptation

Distribution Alignment

Unlabeled Data의Class예측에대한분포를Labeled Data의분포와맞추는과정이필요

맞추기쉬운Class에대해서만잘예측하는것을방지하기위함

실제y 분포와의조정을시도했던ReMixMatch(2019. 11)와는달리, Source Domain의Prediction output과의조정(align)을시도

Weakly Augmented Source Domain의Output과Weakly Augmented Target Domain의Output 조정으로최종Pseudo Label 생성

Source에 대한 예측 평균과 Target에 대한 예측 평균 사이 비율

[2] Berthelot, D., Roelofs, R., Sohn, K., Carlini, N., & Kurakin, A. (2021). Adamatch: A unified approach to semi-supervised learning and domain adaptation. arXivpreprint arXiv:2106.04732.
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Methods
AdaMatch: A Unified Approach to Semi-Supervised Learning and Domain Adaptation

Relative Confidence Threshold

Domain이다른경우모델의Confidence Threshold가데이터셋마다다른점을감안

Weakly Augmented SourceDomain의Confidence 수준에따른상대적인Threshold 제안(𝑐𝜏)

Weakly Augmented Source Domain의top-1 예측값을사전에지정한Threshold(𝜏)에곱함

[2] Berthelot, D., Roelofs, R., Sohn, K., Carlini, N., & Kurakin, A. (2021). Adamatch: A unified approach to semi-supervised learning and domain adaptation. arXivpreprint arXiv:2106.04732.
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Methods

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation [3]

2020년에제안된Semi-Supervised Domain Adaptation 방법론(ECCV, 2023년10월기준102회인용)

Intra-domain Discrepancy 문제의발생과정및원인과이를해결하는과정을체계적으로제시한논문

Semi-Supervised Domain Adaptation

[3] Kim, T., & Kim, C. (2020). Attract, perturb, and explore: Learning a feature alignment network for semi-supervised domain adaptation. In Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part XIV 16 (pp. 591-607).
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Methods

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation [3]

Motivation :  Semi-SupervisedDomainAdaptation 상황에서발생할수있는Intra Domain Discrepancy 문제를해결하자!

Intra Domain Discrepancy 문제는악화될경우Labeled Target Domain을아예사용하지않는UDA의경우보다성능이저조해질수있음

Semi-Supervised Domain Adaptation

Intra Domain Discrepancy
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Methods

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation [3]

본논문은아래의네가지과정에서의Loss를산정하여 Intra Domain Discrepancy 문제를해결하고자함

1) Supervision        2) Attract        3) Perturb        4) Explore 

Semi-Supervised Domain Adaptation

[3] Kim, T., & Kim, C. (2020). Attract, perturb, and explore: Learning a feature alignment network for semi-supervised domain adaptation. In Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part XIV 16 (pp. 591-607).
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Methods

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation [3]

본논문은아래의네가지과정에서의Loss를산정하여 Intra Domain Discrepancy 문제를해결하고자함

1) Supervision        2) Attraction        3) Perturbation        4) Exploration 

Semi-Supervised Domain Adaptation

Labeled Sample(Source & Target)과이들의Prototype간Cross-entropy

ℒ𝑐𝑙𝑠 =𝔼 𝑥,𝑦 ∈𝐷𝑆∪𝐷𝑡[−log𝑝(𝑦|𝑥,p)]

= 𝔼 𝑥,𝑦 ∈𝐷𝑆∪𝐷𝑡[−log(
exp p𝑦∗

𝑓𝜃 𝑥

𝑇

σ𝑖=1
𝐾 exp p𝑖∗

𝑓𝜃 𝑥

𝑇

)]

1) Supervision

[3] Kim, T., & Kim, C. (2020). Attract, perturb, and explore: Learning a feature alignment network for semi-supervised domain adaptation. In Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part XIV 16 (pp. 591-607).
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Methods

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation [3]

본논문은아래의네가지과정에서의Loss를산정하여 Intra Domain Discrepancy 문제를해결하고자함

1) Supervision        2) Attraction        3) Perturbation        4) Exploration 

Semi-Supervised Domain Adaptation

Align되지않은Target Unlabeled Domain sample을Align하자!

2) Attraction

[3] Kim, T., & Kim, C. (2020). Attract, perturb, and explore: Learning a feature alignment network for semi-supervised domain adaptation. In Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part XIV 16 (pp. 591-607).
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Methods

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation [3]

본논문은아래의네가지과정에서의Loss를산정하여 Intra Domain Discrepancy 문제를해결하고자함

1) Supervision        2) Attraction        3) Perturbation        4) Exploration 

Semi-Supervised Domain Adaptation

Align되지않은Target Unlabeled Domain sample을Align하자!

Intra-domain Discrepancy 𝑑(·)

𝑑 𝐷𝑠 ∪ 𝐷𝑡,𝐷𝑈 = 𝔼 𝑥,𝑦 , 𝑥′,𝑦′ ∈𝐷𝑠∪𝐷𝑡
[𝑘 𝑓𝜃 𝑥 ,𝑓𝜃 𝑥′ ]

+𝔼 𝑧,𝑤 , 𝑧′,𝑤′ ∈𝐷𝑈
[𝑘 𝑓𝜃 𝑧 ,𝑓𝜃 𝑧′ ]

−2𝔼 𝑥,𝑦 ∈𝐷𝑠∪𝐷𝑡, 𝑧,𝑤 ∈𝐷𝑈[𝑘 𝑓𝜃 𝑥 ,𝑓𝜃 𝑧 ]

2) Attraction

Mean Maximum Discrepancy

[3] Kim, T., & Kim, C. (2020). Attract, perturb, and explore: Learning a feature alignment network for semi-supervised domain adaptation. In Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part XIV 16 (pp. 591-607).



40

Methods

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation [3]

본논문은아래의네가지과정에서의Loss를산정하여 Intra Domain Discrepancy 문제를해결하고자함

1) Supervision        2) Attraction        3) Perturbation        4) Exploration 

Semi-Supervised Domain Adaptation

Align되지않은Target Unlabeled Domain sample을Align하자!

Intra-domain Discrepancy 𝑑(·)

𝑑 𝐷𝑠 ∪ 𝐷𝑡,𝐷𝑈 = 𝔼 𝑥,𝑦 , 𝑥′,𝑦′ ∈𝐷𝑠∪𝐷𝑡
[𝑘 𝑓𝜃 𝑥 ,𝑓𝜃 𝑥′ ]

+𝔼 𝑧,𝑤 , 𝑧′,𝑤′ ∈𝐷𝑈
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[3] Kim, T., & Kim, C. (2020). Attract, perturb, and explore: Learning a feature alignment network for semi-supervised domain adaptation. In Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part XIV 16 (pp. 591-607).



55

Methods

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation [3]

본논문은아래의네가지과정에서의Loss를산정하여 Intra Domain Discrepancy 문제를해결하고자함

1) Supervision        2) Attraction        3) Perturbation        4) Exploration 

Semi-Supervised Domain Adaptation

Pseudo-labeling을통해모델을학습시키자!→ 일반적인준지도학습

𝑀𝜖 = 𝑥 ∈ 𝐷𝑢 𝐻𝑝 𝑥 < 𝜖 }

Ƹ𝑦𝑥 =argmax
𝑖∈{1,…,𝐾}

𝑝 𝑦= 𝑖 𝑥,𝑝)

ℒ𝑒 =𝔼𝐷𝑢 −1𝑀𝜖 𝑥 log𝑝 𝑦= Ƹ𝑦𝑥 𝑥,𝑝)

4) Exploration

Pseudo-labeling 결과와Prototype 간Cross-entropy를Loss ℒ𝒆로산정

[3] Kim, T., & Kim, C. (2020). Attract, perturb, and explore: Learning a feature alignment network for semi-supervised domain adaptation. In Computer Vision–ECCV 2020: 16th European Conference, Glasgow, UK, August 23–28, 2020, Proceedings, Part XIV 16 (pp. 591-607).
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Semi-Supervised Domain Adaptation의필요성

다양한원인에의해실제산업에서기존데이터의분포에대한변화(Domain Shift)가발생

분포변화가일어난데이터는일반적으로Labeling이적용된데이터의수가극히소수인경우가많음

Semi-Supervised Domain Adaptation via Minimax Entropy

Unlabeled Target Domain sample의Entropy를활용하여Target Domain에대한일반화

AdaMatch: A Unified Approach to Semi-Supervised Learning and Domain Adaptation

Relative Confidence Threshold와Distribution Alignment 및Random Logit Interpolation을활용하여Target Domain에대한일반화

Attract, Perturb, and Explore: Learning a Feature Alignment Network for Semi-supervised Domain Adaptation

세단계(Attract, Perturb, Explore)과정을통해Target Domain의 Inter/Intra Domain Discrepancy 문제해결

Conclusions
Semi-Supervised Domain Adaptation
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