
Mingsheng Long
Tsinghua University

Jan 25, 2018

https://github.com/thuml

Recent Advances in Transfer Learning



Machine Learning

 
test ≤ ̂train +

complexity
n

Learner: Distribution:

Error Bound:

fish

bird

mammal

tree

flower

…...

f :x→ y x, y( ) ~ P x, y( )



Transfer Learning

Learning across domains with non-IID distributions P≠Q

Model ModelRepresentation

P(x,y)≠Q(x,y)
2D Renderings Real Images
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Transfer Learning: Why?

Training Error high?

Train-Dev Error high?

Dev Error high?

Test Error high?
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Andrew Ng. The Nuts and Bolts of Building Applications using Deep 
Learning. NIPS 2016 Tutorial.
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Transfer Learning: How?

• Learning predictive models on transferable features s.t. P(x)=Q(x)
• Distribution matching: MMD (ICML’15), GAN (ICML’15, JMLR’16) 

Source Domain Target Domain

Learning
Features

Learning
Features

Transferring
Features

Predictive
Models

Adaptation
P(x)=Q(x)

Supervised

P(x) Q(x)

28%

72%

99%

98%



Distribution Matching

• Marginal distribution mismatch: P(x)≠Q(x)
• Conditional distribution mismatch: P(y|x)≠Q(y|x)

Song et al. Kernel Embeddings of Conditional Distributions. IEEE, 2013. 
Goodfellow et al. Generative Adversarial Networks. NIPS 2014.

Kernel Embedding Adversarial Learning



Distribution Matching

• Marginal distribution mismatch: P(x)≠Q(x)
• Conditional distribution mismatch: P(y|x)≠Q(y|x)

P(x)≈Q(x)
P(y|x)≠Q(y|x)

P(x,y)≈Q(x,y)
P(y|x)≈Q(y|x)

P(x)≠Q(x)
P(y|x)≠Q(y|x)



Problem 1

P(x)≠Q(x)



Deep Adaptation Network (DAN)

• Deep adaptation: match distributions in multiple domain-specific layers

• Optimal matching: maximize two-sample test power by multiple kernels
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M. Long et al. Learning Transferable Features with Deep Adaptation Networks. ICML, 2015.

dk2 P,Q( ) ! EP φ xs( )⎡
⎣

⎤
⎦ −EQ φ xt( )⎡

⎣
⎤
⎦ Hk

2

min
f ∈F
max
k∈K

1
na

J f xia( ),yia( )
i=1

na

∑ + λ dk2 Dsℓ,Dtℓ( )
ℓ=l1

l2

∑



Domain Adversarial Training (DANN)

• Adversarial adaptation: learning features indistinguishable across domains 

Y Ganin et al. Unsupervised Domain Adaptation by Backpropagation. ICML, 2015.
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Domain Separation Network (DSN)

K. Bousmalis et al. Domain Separation Networks. NIPS, 2016.
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Residual Transfer (RTN)
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M. Long et al. Unsupervised Domain Adaptation with Residual Transfer Networks. NIPS, 2016.



Asymmetric Transfer (ADDA)

Shared?

Adversarial?

E. Tzeng et al. Adversarial Discriminative Domain Adaptation. CVPR, 2017.
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Problem 2

P(x,y)≠Q(x,y)



Joint Adaptation Network (JAN)
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M. Long et al. Deep Transfer Learning with Joint Adaptation Networks. ICML, 2017.
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Adversarial JAN

M. Long et al. Deep Transfer Learning with Joint Adaptation Networks. ICML, 2017.
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Multilinear Adversarial Network (MAN)
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Empirical Benchmark
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Problem 3

Ys≠Yt



Partial Transfer Learning
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Selective Adversarial Network (SAN)
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Selective Adversarial Network (SAN)

Z. Cao et al. Partial Transfer Learning with Selective Adversarial Networks. arXiv, 2017.



Joint Domain and Semantic Transfer
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Z. Luo et al. Label Efficient Learning of Transferable Representations across Domains and Tasks. NIPS, 2017.
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Problem 4

Transferable
Architecture



Transferability

Unrelated 
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J. Yosinski et al. How Transferable Are Features in Deep Neural Networks?. NIPS, 2014.



Transferable Architecture

Some modules may not influence in-domain accuracy but influence the transferability



Open Problems

• Heterogeneous Transfer Learning

• Pixel-Level Transfer Learning

• Learning Transferable Architectures

Xs≠Xt � Ys≠Yt

P(x)≠Q(x) � P(z)≠Q(z)
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Thank You!


