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Background

인물사진을이용해감정을분류하는문제를풀어보자!

Deep Neural Network

Happy

Sad

Angry

Classification

서구권여성인물사진데이터
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Background

인물사진을이용해감정을분류하는문제를풀어보자!

Deep Neural Network

Happy

Sad

Angry

Classification

Accuracy 99%
서구권여성인물사진데이터



7

Q1. 성별이다른데이터셋을이용해도좋은예측성능을보일까?

Background

인물사진을이용해감정을분류하는문제를풀어보자!

Deep Neural Network

Trained on Dataset A

Classification

Happy

Sad

Angry

서구권남성인물사진데이터
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Accuracy 15%

Background

인물사진을이용해감정을분류하는문제를풀어보자!

Deep Neural Network Classification

Happy

Sad

Angry

예측성능하락
Trained on Dataset A

서구권남성인물사진데이터
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Q2. 인종이다른데이터셋을이용해도좋은예측성능을보일까?

Background

인물사진을이용해감정을분류하는문제를풀어보자!

Deep Neural Network Classification

Happy

Sad

Angry

Trained on Dataset A

아시아여성인물사진데이터
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Accuracy 46%

Background

인물사진을이용해감정을분류하는문제를풀어보자!

Deep Neural Network Classification

Happy

Sad

Angry

예측성능하락
Trained on Dataset A

아시아여성인물사진데이터
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Accuracy 46%

Background

인물사진을이용해감정을분류하는문제를풀어보자!

Deep Neural Network Classification

Happy

Sad

Angry

예측성능하락
Trained on Dataset A

Why?

Domain
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Background

𝓓
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𝓓

Background

모델학습시활용
TargetDomain보다많은수의관측치
양질의레이블정보확보용이

모델평가시활용
SourceDomain보다적은수의관측치

레이블정보가없거나희박
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Common Scenario of Deep Transfer Learning

Common Scenario of Deep Transfer Learning

✓ 충분한양의데이터
✓ 양질의레이블정보

✓ 불충분한데이터
✓ 레이블정보한정적

✓ 우수한예측성능 ✓ 낮은예측성능
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Common Scenario of Deep Transfer Learning

Common Scenario of Deep Transfer Learning

✓ 충분한양의데이터
✓ 양질의레이블정보

✓ 불충분한데이터
✓ 레이블정보한정적

✓ 우수한예측성능 ✓ 낮은예측성능
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Common Scenario of Deep Transfer Learning

Common Scenario of Deep Transfer Learning

✓ 충분한양의데이터
✓ 양질의레이블정보

✓ 불충분한데이터
✓ 레이블정보한정적

✓ 우수한예측성능 ✓ 낮은예측성능

가설

목표

Source Model의지식을일부전이(Transfer)하여
활용한다면Target Model의성능을향상시킬수있을것!

DeepNeural Network 기반𝑓𝑇 · 의성능향상

전제 Source Domain과Target Domain은다르지만유사
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Deep Transfer Learning

[0] A perspective survey on deep transfer learning for fault diagnosis in industrial scenarios: Theories, applications and challenges

DeepTransfer Learning

1. Instance Weighting Strategy 2. Model-Based Strategy 3. Feature Transformation Strategy

Target Task 성능향상에도움이될만한일부
Source Domain관측치에가중치를부여하여활용

사전학습된Source Deep Model의파라미터및
모델구조를활용하여Target Model 학습에도움

새로운데이터공간에서도메인간분포를최소화하거나
도메인차이에강건한Representation생성

Weight Adjustment Approach Sequential Training Approach
Discrepancy-Based Approach
Adversarial-BasedApproach
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Deep Transfer Learning

[1] A perspective survey on deep transfer learning for fault diagnosis in industrial scenarios: Theories, applications and challenges

DeepTransfer Learning

1. Instance Weighting Strategy 2. Model-Based Strategy 3. Feature Transformation Strategy

Target Task 성능향상에도움이될만한일부
Source Domain관측치에가중치를부여하여활용

사전학습된Source Deep Model의파라미터및
모델구조를활용하여Target Model 학습에도움

새로운데이터공간에서도메인간분포를최소화하거나
도메인차이에강건한Representation생성

Weight Adjustment Approach Sequential Training Approach
Discrepancy-Based Approach
Adversarial-BasedApproach
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소량의LabeledDataset

Sequential Training Approach

Sketch Map of Model-Based Strategy

Pretrained Source Model

대량의LabeledDataset
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소량의LabeledDataset

Sequential Training Approach

Sketch map of Model-Based Strategy

대량의LabeledDataset
Transfer Knowledge

Pretrained Source Model
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Sequential Training Approach

Pretrained Source Model

대량의LabeledDataset

Sequential TrainingApproach: Step1

소량의LabeledDataset

Source Model의파라미터 Source Model의Risk Function

𝓕𝑺 ·; 𝜽𝑺 = 𝒂𝒓𝒈𝒎𝒊𝒏𝓡𝑺(𝒇𝑺 𝑿𝑺; 𝜽𝑺 , 𝒀𝑺)

순차적학습
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소량의LabeledDataset

Sequential Training Approach

Sequential Training Approach: Step2

대량의LabeledDataset

Pretrained Source Model

Target Model

순차적학습
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소량의LabeledDataset

Sequential Training Approach

Sequential Training Approach: Step2

대량의LabeledDataset

Freeze FineTuning

순차적학습
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소량의LabeledDataset

Sequential Training Approach

Sequential Training Approach: Step2

대량의LabeledDataset

Freeze FineTuning

순차적학습
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Sequential Training Approach

Pretrained Source Model

대량의LabeledDataset

Sequential Training Approach: Step2

소량의LabeledDataset

Target Model의파라미터 Target Model의Risk Function

Source Model의Layers 수

Target Model

순차적학습

𝓕𝑻 ·; 𝜽𝑻 = 𝒂𝒓𝒈𝒎𝒊𝒏𝓡𝑻 𝒇𝑻 𝑿𝑻; 𝜽𝑻 , 𝒀𝑻
𝒔. 𝒕. 𝛩𝑇 𝑖𝑛𝑖𝑡𝑖𝑎𝑙𝑖𝑧𝑒𝑑 𝑜𝑟 𝑓𝑟𝑜𝑧𝑒𝑛 𝑤𝑖𝑡ℎ 𝛩∗ 𝑤ℎ𝑒𝑟𝑒 𝛩∗ = {𝛩𝑆

𝑖 , 𝑖 ∈ [1,… , 𝐿𝑆]}
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Sequential Training Approach

[2] Yosinski, J., Clune, J., Bengio, Y., & Lipson, H. (2014). How transferable are features in deep neural networks?. Advances in neural information processing systems, 27.
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Sequential Training Approach

AlexNet 구조기반Experiment

SourceDomain TargetDomain

[2] Yosinski, J., Clune, J., Bengio, Y., & Lipson, H. (2014). How transferable are features in deep neural networks?. Advances in neural information processing systems, 27.
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Sequential Training Approach

[2] Yosinski, J., Clune, J., Bengio, Y., & Lipson, H. (2014). How transferable are features in deep neural networks?. Advances in neural information processing systems, 27.

AlexNet 구조기반Experiment

SourceDomain TargetDomain
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Concept of Feature-Based Deep Transfer Learning

Sketch Map of Feature-Based Strategy

[3] Tan, C., Sun, F., Kong, T., Zhang, W., Yang, C., & Liu, C. (2018, October). A survey on deep transfer learning. In International conference on artificial neural networks (pp. 270-279). Springer, Cham.
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Concept of Feature-Based Deep Transfer Learning

Sketch Map of Feature-Based Strategy

Representationof Data
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Concept of Feature-Based Deep Transfer Learning

Sketch Map of Feature-Based Strategy

Representationof Data
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Concept of Feature-Based Deep Transfer Learning
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Discrepancy-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

WeightSharing

𝑓

𝑓

𝑔𝑆

𝑔𝑇

ℎ𝑆

ℎ𝑇

Domain Shift 최소화

Source Risk 최소화

Mapping Function

Sketch Map of Discrepancy-Based Approach



36

Discrepancy-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

WeightSharing

𝑓

𝑓

𝑔𝑆

𝑔𝑇

ℎ𝑆

ℎ𝑇

Domain Shift 최소화

Source Risk 최소화

Mapping Function

Sketch Map of Discrepancy-Based Approach
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Discrepancy-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

WeightSharing

𝑓

𝑓

𝑔𝑆

𝑔𝑇

ℎ𝑆

ℎ𝑇

Source Risk 최소화

Mapping Function

Sketch Map of Discrepancy-Based Approach

Domain Shift 최소화
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Discrepancy-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

WeightSharing

𝑓

𝑓

𝑔𝑆

𝑔𝑇

ℎ𝑆

ℎ𝑇

Domain Shift 최소화

Source Risk 최소화

Mapping Function

Sketch Map of Discrepancy-Based Approach

+ 𝜆𝑀𝑀𝐷2(𝑋𝑠, 𝑋𝑇)

[4] Zhuang, F., Qi, Z., Duan, K., Xi, D., Zhu, Y., Zhu, H., ... & He, Q. (2020). A comprehensive survey on transfer learning. Proceedings of the IEEE, 109(1), 43-76.
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Discrepancy-Based Approach

[5] Tzeng, E., Hoffman, J., Zhang, N., Saenko, K., & Darrell, T. (2014). Deep domain confusion: Maximizing for domain invariance. arXiv preprint arXiv:1412.3474.
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Discrepancy-Based Approach

Domain Adaptation

Adaptation Layer를통해서Source Classifier가
𝑃(𝑋𝑆)에과적합되는것방지

fc7에위치한이유는실험적결과

[5] Tzeng, E., Hoffman, J., Zhang, N., Saenko, K., & Darrell, T. (2014). Deep domain confusion: Maximizing for domain invariance. arXiv preprint arXiv:1412.3474.
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Discrepancy-Based Approach

Domain Adaptation FinalLoss

𝜆는하이퍼파라미터로, Domain 조정정도를반영Adaptation Layer를통해서Source Classifier가
𝑃(𝑋𝑆)에과적합되는것방지

fc7에위치한이유는실험적결과

[5] Tzeng, E., Hoffman, J., Zhang, N., Saenko, K., & Darrell, T. (2014). Deep domain confusion: Maximizing for domain invariance. arXiv preprint arXiv:1412.3474.
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Adversarial-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

𝑓𝑆

𝑓𝑇

𝑔𝑆
ℎ𝑆

ℎ𝑇

Domain Shift 최소화

Source Risk 최소화

Mapping Function

Sketch Map of Adversarial-BasedApproach
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Mapping Function

Adversarial-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

𝑓𝑆

𝑓𝑇

𝑔𝑆
ℎ𝑆

ℎ𝑇

Source Risk 최소화

Sketch Map of Adversarial-BasedApproach

Input값의Domain 구분
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Mapping Function

Adversarial-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

𝑓𝑆

𝑓𝑇

𝑔𝑆
ℎ𝑆

ℎ𝑇

Source Risk 최소화

Sketch Map of Adversarial-BasedApproach

Input값의Domain 구분

적대적학습
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Adversarial-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

𝑓𝑆

𝑓𝑇

𝑔𝑆
ℎ𝑆

ℎ𝑇

Domain Shift 최소화

Source Risk 최소화

Mapping Function

Sketch Map of Adversarial-BasedApproach

• Feature Extractor는Domain 별로같을수도, 다를수도있음

✓ 다른FeatureExtractor라도일부레이어는파라미터를공유할수있음



46

Mapping Function

Adversarial-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

𝑓𝑆

𝑓𝑇

𝑔𝑆
ℎ𝑆

ℎ𝑇

Source Risk 최소화

LossFunctionof Adversarial-BasedApproach

Input값의Domain 구분

적대적학습

ℒ = ℒ𝑆𝑜𝑢𝑟𝑐𝑒 𝑇𝑎𝑠𝑘 + ℒ𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙

min
𝑓𝑆, 𝑓𝑇

max
𝐷

ℒ 𝐷, 𝑓𝑆, 𝑓𝑇 = 𝔼𝑥~𝑝𝑠 𝑥 𝑙𝑜𝑔𝐷 𝑓𝑆 𝑥 + 𝔼𝑥~𝑝𝑡 𝑥 log(1 − 𝐷 𝑓𝑇 𝑥 )
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Mapping Function

Adversarial-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

𝑓𝑆

𝑓𝑇

𝑔𝑆
ℎ𝑆

ℎ𝑇

Source Risk 최소화

LossFunctionof Adversarial-BasedApproach

Input값의Domain 구분

적대적학습

ℒ = ℒ𝑆𝑜𝑢𝑟𝑐𝑒 𝑇𝑎𝑠𝑘 + ℒ𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙

Source = 1, Target = 0일때Loss가최대화

Maximum  when  1 Maximum  when  0

Discriminator는Loss를Maximize 하는것이목적
Domain을제대로구분해서분포차이최대화

min
𝑓𝑆, 𝑓𝑇

max
𝐷

ℒ 𝐷, 𝑓𝑆, 𝑓𝑇 = 𝔼𝑥~𝑝𝑠 𝑥 𝑙𝑜𝑔𝐷 𝑓𝑆 𝑥 + 𝔼𝑥~𝑝𝑡 𝑥 log(1 − 𝐷 𝑓𝑇 𝑥 )
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Mapping Function

Adversarial-Based Approach

대량의LabeledDataset

소량의Labeled/UnlabeledDataset

𝑓𝑆

𝑓𝑇

𝑔𝑆
ℎ𝑆

ℎ𝑇

Source Risk 최소화

LossFunctionof Adversarial-BasedApproach

Input값의Domain 구분

적대적학습

ℒ = ℒ𝑆𝑜𝑢𝑟𝑐𝑒 𝑇𝑎𝑠𝑘 + ℒ𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑟𝑖𝑎𝑙

Target = 1일때Loss가최소화

Minimum  when 1

min
𝑓𝑆, 𝑓𝑇

max
𝐷

ℒ 𝐷, 𝑓𝑆, 𝑓𝑇 = 𝔼𝑥~𝑝𝑠 𝑥 𝑙𝑜𝑔𝐷 𝑓𝑆 𝑥 + 𝔼𝑥~𝑝𝑡 𝑥 log(1 − 𝐷 𝑓𝑇 𝑥 )

Feature Extractor는Loss를Minimize 하는것이목적
Domain을제대로구분하지못하게만들어서분포차이최소화
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Adversarial-Based Approach

[6] Tzeng, E., Hoffman, J., Saenko, K., & Darrell, T. (2017). Adversarial discriminative domain adaptation. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 7167-7176).
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Adversarial-Based Approach

Adversarial Training Testing on Target Domain

학습2단계, Target Domain에대한Inference 과정

[6] Tzeng, E., Hoffman, J., Saenko, K., & Darrell, T. (2017). Adversarial discriminative domain adaptation. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 7167-7176).
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Adversarial-Based Approach

[6] Tzeng, E., Hoffman, J., Saenko, K., & Darrell, T. (2017). Adversarial discriminative domain adaptation. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 7167-7176).
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Adversarial-Based Approach

[6] Tzeng, E., Hoffman, J., Saenko, K., & Darrell, T. (2017). Adversarial discriminative domain adaptation. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 7167-7176).
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Adversarial-Based Approach

[6] Tzeng, E., Hoffman, J., Saenko, K., & Darrell, T. (2017). Adversarial discriminative domain adaptation. In Proceedings of the IEEE conference on computer vision and pattern recognition (pp. 7167-7176).
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Deep Transfer Learning: How to Transfer Knowledge Across Domains by Deep Neural Network?
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