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Introduction



• Definition [Pan et al., IJCAI13 ]: 
Ability of a system to recognize and apply knowledge and skills learned in 
previous domains/tasks to novel domains/tasks 

• .

Domain Adaptation/Transfer Learning


����
�������	�����

S. Pan, Q. Yang and W. Fan. Tutorial: Transfer Learning with Applications, IJCAI 2013. 
Tan, Chuanqi, et al. "A survey on deep transfer learning." International Conference on Artificial Neural Networks. Springer, Cham, 2018.



§ Successful Application of ML in industry depends on learning from large 

amount of labeled data

ØExpensive, time consuming to collect labels

ØDifficult or dangerous to collect data in certain scenarios, e.g, auto driving

§ Domain Adaptation/Transfer Learning provides essential ability of

üReusing existing labeled resources

üAdapting to changing environment

üLearning from simulations

Why Domain Adaptation



Transfer Learning vs Traditional ML
Transfer Learning/Domain Adaptation

Training 
domain/task A

Test
domain/task B
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Traditional  ML
(Semi-)Supervised Learning

Training 
domain/task A

Test
domain/task B
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Motivation Examples
Different feature distributions
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Different label spaces
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Applications in Computer Vision



Adapting to New Domains
§ Reuse existing datasets, hence the annotation information

ØObject Recognition

ØObject Detection

ØPerson Re-Identification

ØImage Segmentation

ØImage Classification … ...
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Learning from Simulations
§ Gathering data and training model are either too expensive, time-

consuming, or too dangerous

§ Solution:  create data, learning from simulations
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OpenAI's Universe will potentially allow us to train a
self-driving car using GTA 5 or other video games.

Training models on real robotics 
is too slow and expensive

http://ruder.io/transfer-learning/index.html

https://universe.openai.com/
https://techcrunch.com/2017/01/11/training-self-driving-cars-on-the-streets-of-los-santos-with-gta-v-just-got-easier/


Common Datasets
§ Object recognition:

Office-31:
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§ Digits: MNIST, SVHN, USPS

§ Syn2Real dataset – a new dataset for object recognition 
[Peng et al, 2018]



Common Datasets
§ Semantic Segmentation/object 

detection:
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Domain Adaptation Methods



Three main classes:
§ Reweighting/Instance-based Methods
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§ Feature-based/Representation Learning Methods
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§ Parameter/Model- based Methods
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Categories of DA Methods



Start with Instance Reweighting
§ Context
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§ h() – prediction function,  x --- input , y – output

§ Expected risk in target domain:

Simple Math Analysis



§ Assume shared conditional distribution

§ To minimize target risk, source instance can be reweighted: 

Covariate Shift ��
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§ Assume shared conditional distribution

§ In addition, note 
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§ Assumption of support:  
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§ Density ratio estimation
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§ Direct weight estimation
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§ Maximum Mean Discrepancy (MMD)
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Learning Weights Directly: MMD
[Gretton et al. 2012]



§ MMD for domain adaptation
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Learning Weights Directly: MMD
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§ Extend MMD to learn representation function ∅(#)
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Extend to Representation Learning

Long et al. " ��	��
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[Long et al. CVPR13]



§ Representation learning methods present larger capacity in bridging 
domain discrepancy

§ Widely applied in transfer learning for computer vision tasks 

§ Recent development of representation learning based domain adaptation
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Recent Feature-based Methods



§ Main idea:
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Adversarial Loss-based Adaptation Framework
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§ A-distance, measure of distance between probability distribution 

§ Bound on target domain error
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Theoretical Connection
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Ben-David et al. "Analysis of Representations for Domain Adaptation”, NIPS 06
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Kifer et al. Detecting change in data streams. In Very Large Databases (VLDB), 2004. 
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§ Main idea:
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Adversarial Loss-based Adaptation Framework
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§ DANN:    Adversarial is 
implemented via GRL (gradient 
reverse layer)

Domain Adversarial Neural Network (DANN)
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§ Adversarial Discriminative Domain Adaptation (ADDA)

source CNN is trained without sacrificing any discriminativity

Model Sharing and Adversarial Adaptation 
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§ Re-weight source domain label 
distribution to help reduce domain 
discrepancy and adapt classifier

§ Reweighted adversarial loss (RAAN)

Reweighted Adversarial Adaptation    [Chen et al, CVPR 18]
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§ Maximum Classifier Discrepancy (MCD): 
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§ Adversarial loss: 
Target domain 
prediction discrepancy

Alternative Adversarial Terms

K. Saito, et al. " Maximum Classifier Discrepancy for Unsupervised Domain Adaptation”, CVPR 18
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Train both classifiers and generator to 
classify the source samples correctly



Conditional Adversarial Domain Adaptation
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§ Conditional Domain Adversarial Networks (CDANs) [NeurIPS 18]:
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DA Recognition Results



Question Raised: Transferabiliy vs Discriminability
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Batch Spectral Penalization (BSP)
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Object detection         DA-Faster-R-CNN
§ Adversarial loss �via GRL�at both image level and instance level
§ Consistent regularization at the two levels

Multi-Level Adversarial Adaptation

Chen, et al. " 
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Object detection: Strong-Weak

Multi-Level Adversarial Alignment

Saito, et al. " �*(&%�����"�� )*( �+* &%�
# �%$�%*��&(�
��'* ,����!��*���*��* &% 	”, CVPR 19
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https://arxiv.org/pdf/1812.04798.pdf


Object detection

Multi-Level Adversarial Alignment

Saito, et al. " �%#! ���������$%#��&%�! ����� �� %��!#����"%�'�������%���%��%�! �”, CVPR 19
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https://arxiv.org/pdf/1812.04798.pdf


Object detection

DA Detection Results



§ Main idea:
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Generative Model based Methods



§ Limitation of domain alignment techniques:
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§ CyCADA:  
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Cycle-Consistent Adversarial DA
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Cycle-Consistent Adversarial DA
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image-level GAN loss (green), the feature level GAN loss (orange), the source and target semantic 
consistency losses (black), the source cycle loss (red), and the source task loss (purple). 
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§ SBDA-GAN:
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Symmetric Bi-Directional Adaptive GAN 
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DA Recognition Results
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Pseudo-Label based Methods
Some positive application in domain adaptation: 
ØProgressive domain adaptation for Object detection

ØFor recognition:

Zhang et al. " Collaborative and Adversarial Network for Unsupervised domain adaptation :”, CVPR 18
Inoue et al. " Cross-Domain Weakly-Supervised Object Detection through Progressive Domain Adaptation”, CVPR 18



• Unsupervised domain adaptation has received a lot of attention
• Open domain learning remains to be challenging, but starts drawing 

attentions

• Most study has focused on classification problems
• Much less effort has been made on more complex tasks such as 

object detection

Summary


