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PART ONE: REVIEW

How to measure the distance/divergence?



DIVERGENCE
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maximum mean discrepancy 
(MMD)

Kullback–Leibler 
(KL) divergence

Gretton, Arthur, et al. "A kernel two-sample test." The Journal of Machine Learning Research 13.1 (2012): 
723-773. https://www.jmlr.org/papers/volume13/gretton12a/gretton12a.pdf 

https://www.google.com/url?q=https://www.jmlr.org/papers/volume13/gretton12a/gretton12a.pdf&sa=D&source=editors&ust=1705250555247544&usg=AOvVaw3XpLkkeSQ1fxAs3ceR-hb-


MAXIMUM MEAN DISCREPANCY
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Muandet, Krikamol, et al. "Kernel mean embedding of distributions: A review and beyond." Foundations and 
Trends® in Machine Learning 10.1-2 (2017): 1-141. https://www.nowpublishers.com/article/Details/MAL-060 

https://www.google.com/url?q=https://www.nowpublishers.com/article/Details/MAL-060&sa=D&source=editors&ust=1705250556444635&usg=AOvVaw0DyBSQBIyy9NIWNYI1iJJJ


MAXIMUM MEAN DISCREPANCY
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MAXIMUM MEAN DISCREPANCY
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Gretton, Arthur, et al. "A kernel two-sample test." The Journal of Machine Learning Research 13.1 (2012): 
723-773.

 

 

 

 

cross-distribution 
similarity

within distribution 
similarity

within distribution 
similarity



Euclidean distance

EUCLIDEAN DISTANCE AND MMD
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Principe, Jose C., et al. "Learning from examples with information theoretic criteria." Journal of VLSI signal 
processing systems for signal, image and video technology 26 (2000): 61-77.

 



Euclidean distance

EUCLIDEAN DISTANCE AND MMD
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Exactly the expression of the famed maximum mean discrepancy (MMD)!



 

KULLBACK–LEIBLER DIVERGENCE
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distance definition

• non-negative

• null only if pdfs are equal

• symmetric

• triangle inequality

KULLBACK–LEIBLER DIVERGENCE
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PART TWO: PROBLEM OF DOMAIN ADAPTATION



PROBLEM OF DOMAIN ADAPTATION
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Netzer, Yuval, et al. "Reading digits in natural images with unsupervised feature learning." (2011).
LeCun, Yann, et al. "Gradient-based learning applied to document recognition." Proceedings of the IEEE 86.11 
(1998): 2278-2324.

Training data: SVHN dataset Test data: MNIST dataset
https://machinelearning.apple.com/research/bridging-the
-domain-gap-for-neural-models



PROBLEM OF DOMAIN ADAPTATION
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Training data: EEG signals 
from hospital A

Test data: EEG signals 
from hospital B

Training data: EEG signals 
collected in 2020

Test data: EEG signals 
collected in 2023

Tang, Xingliang, and Xianrui Zhang. "Conditional adversarial domain adaptation neural network for motor 
imagery EEG decoding." Entropy 22.1 (2020): 96. https://www.mdpi.com/1099-4300/22/1/96 

https://www.google.com/url?q=https://www.mdpi.com/1099-4300/22/1/96&sa=D&source=editors&ust=1705250562277009&usg=AOvVaw0uP7xV0vjH2fnOeqoQ1k_a


PROBLEM OF DOMAIN ADAPTATION
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Training data: EEG signals 
from hospital A

Test data: EEG signals 
from hospital B

Training data: EEG signals 
collected in 2020

Test data: EEG signals 
collected in 2023



DISTRIBUTIONAL SHIFT
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DISTRIBUTIONAL SHIFT
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distance between source and target feature



DISTRIBUTIONAL SHIFT
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distance between source and target labeling function

 

 

 



PART THREE: GENERALIZATION BOUND OF DOMAIN ADAPTATION

How to bound risks in target domain? How to design practical algorithms?



LEARNING FROM SINGLE DOMAIN (NO DISTRIBUTIONAL SHIFT)
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data 
(source domain)

training data test data

  

 

  

 



LEARNING FROM SINGLE DOMAIN
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data 
(source domain)

training data test data

  

 

data 
(target domain)

test data

 



LEARNING FROM SINGLE DOMAIN
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data 
(source domain)

data 
(target domain)

training data test data test data

   

  



GENERALIZATION BOUND ON DOMAIN ADAPTATION
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Ben-David, Shai, et al. "A theory of learning from different domains." Machine learning 79 (2010): 151-175.
https://link.springer.com/content/pdf/10.1007/s10994-009-5152-4.pdf  

https://www.google.com/url?q=https://link.springer.com/content/pdf/10.1007/s10994-009-5152-4.pdf&sa=D&source=editors&ust=1705250564391281&usg=AOvVaw2J8HmNczdhxOZ81LQW3EH2


KULLBACK–LEIBLER (KL) DIVERGENCE-GUIDED BOUND
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latent 
representation

Nguyen, A. Tuan, et al. "KL Guided Domain Adaptation." International Conference on Learning 
Representations. 2021. https://arxiv.org/abs/2106.07780 

https://www.google.com/url?q=https://arxiv.org/abs/2106.07780&sa=D&source=editors&ust=1705250564582619&usg=AOvVaw0MixOS7PvWx84TuwTPL-h4


KULLBACK–LEIBLER (KL) DIVERGENCE-GUIDED BOUND
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latent 
representation

Nguyen, A. Tuan, et al. "KL Guided Domain Adaptation." International Conference on Learning 
Representations. 2021. https://arxiv.org/abs/2106.07780 

 
Jensen inequality

 

https://www.google.com/url?q=https://arxiv.org/abs/2106.07780&sa=D&source=editors&ust=1705250564689049&usg=AOvVaw0XbKG9z-gfGPtvzpg77DYV


KULLBACK–LEIBLER (KL) DIVERGENCE-GUIDED BOUND
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latent 
representation

 

 

 

 
 

 



KULLBACK–LEIBLER (KL) DIVERGENCE-GUIDED BOUND
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latent 
representation

 

 
Pinsker’s inequality

 

 

chain rule of 
KL divergence



INVARIANT REPRESENTATION LEARNING
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Discrepancy loss in latter layers

Long, Mingsheng, et al. "Learning transferable features with deep adaptation networks." International 
conference on machine learning. PMLR, 2015. https://proceedings.mlr.press/v37/long15 

https://www.google.com/url?q=https://proceedings.mlr.press/v37/long15&sa=D&source=editors&ust=1705250565864092&usg=AOvVaw0zBbo_YLxFc5ZQ0B93daiL


KULLBACK–LEIBLER (KL) DIVERGENCE-GUIDED BOUND
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PART FOUR: COMPRESSION GENERALIZATION

What is compression? How to design practical algorithms?



INFORMATION BOTTLENECK AND COMPRESSION



INFORMATION BOTTLENECK
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INFORMATION BOTTLENECK
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“cat” laying on a “laptop”

Federici, Marco, et al. "Learning Robust Representations via Multi-View Information Bottleneck." 8th 
International Conference on Learning Representations, 2020.



INFORMATION BOTTLENECK
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“cat” laying on a “laptop”

• Tasks
Is there a cat? relevant: “cat”; irrelevant: “laptop”, etc.

How many pixels are there in the image? irrelevant: “cat”,  “laptop”



INFORMATION BOTTLENECK
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“cat” laying on a “laptop”

• Tasks
Is there a cat? relevant: “cat”; irrelevant: “laptop”, etc.

How many pixels are there in the image? irrelevant: “cat”,  “laptop”



INFORMATION BOTTLENECK
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Sufficient Statistics 𝑆(𝑋)

 



INFORMATION BOTTLENECK
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Sufficient Statistics 𝑆(𝑋) Minimal Sufficient Statistics 𝑇(𝑋)

 



INFORMATION BOTTLENECK
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Sufficient Statistics 𝑆(𝑋) Minimal Sufficient Statistics 𝑇(𝑋)

Sufficiency vs Minimality !



INFORMATION BOTTLENECK

39

 

 

Sufficient Statistics 𝑆(𝑋) Minimal Sufficient Statistics 𝑇(𝑋)

Information Bottleneck as an Approximation



INFORMATION BOTTLENECK THEORY BEHIND DEEP LEARNING
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• A natural approximation of minimal sufficient statistic

 

 

 

Tishby, Naftali, Fernando C. Pereira, and William Bialek. "The information bottleneck method." 37th Allerton 
Conference on Communication and Computation, 2000.
Gilad-Bachrach, Ran, Amir Navot, and Naftali Tishby. "An information theoretic tradeoff between complexity 
and accuracy." Learning Theory and Kernel Machines. Springer, Berlin, Heidelberg, 2003. 595-609.



COMPRESSION IN DEEP LEARNING
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Low-level features Mid-level features High-level features

DNN as Markov Chain of Random Variables



COMPRESSION IN DEEP LEARNING
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Are there compression in deep neural networks? 



COMPRESSION IN DEEP LEARNING
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I(T; X)

I(T
; Y

)

A Initial State



COMPRESSION IN DEEP LEARNING
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I(T; X)

I(T
; Y

)

B Fitting Phase



COMPRESSION IN DEEP LEARNING
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I(T; X)

I(T
; Y

)

C Phase Change



COMPRESSION IN DEEP LEARNING
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I(T; X)

I(T
; Y

)

D Compression Phase



COMPRESSION IN DEEP LEARNING
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I(T; X)

I(T
; Y

)

E Final State



COMPRESSION IN DEEP LEARNING
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I(T; X)

I(T
; Y

)

DNN learns in a 2-phase manner:

Phase 1: Information fitting for target
Phase 2: Information compression for sample



COMPRESSION IN DEEP LEARNING
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Shwartz-Ziv, Ravid, and Naftali Tishby. "Opening the black box of deep neural networks via information." arXiv 
preprint arXiv:1703.00810 (2017).
Yu, Shujian, and Jose C. Principe. "Understanding autoencoders with information theoretic concepts." Neural 
Networks 117 (2019): 104-123.



COMPRESSION IN DEEP LEARNING
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Shwartz-Ziv, Ravid, and Naftali Tishby. "Opening the black box of deep neural networks via information." arXiv 
preprint arXiv:1703.00810 (2017).
Yu, Shujian, and Jose C. Principe. "Understanding autoencoders with information theoretic concepts." Neural 
Networks 117 (2019): 104-123.

The “fitting” and “compression” of 
latent representations

 



COMPRESSION IN DEEP LEARNING
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Shwartz-Ziv, Ravid, Amichai Painsky, and Naftali Tishby. "Representation compression and generalization in deep 
neural networks." https://openreview.net/forum?id=SkeL6sCqK7 
Galloway, Angus, et al. "Bounding generalization error with input compression: An empirical study with 
infinite-width networks.” https://openreview.net/forum?id=jbZEUtULft  
Kawaguchi, Kenji, et al. "An Analysis of Information Bottlenecks." https://openreview.net/forum?id=h8RIDPvVubq  

https://www.google.com/url?q=https://openreview.net/forum?id%3DSkeL6sCqK7&sa=D&source=editors&ust=1705250584421202&usg=AOvVaw334JKeqzjYDQoC4nwiuPNO
https://www.google.com/url?q=https://openreview.net/forum?id%3DjbZEUtULft&sa=D&source=editors&ust=1705250584421436&usg=AOvVaw2-_JFitYfKzBaiemU2h9gp
https://www.google.com/url?q=https://openreview.net/forum?id%3Dh8RIDPvVubq&sa=D&source=editors&ust=1705250584421582&usg=AOvVaw2P0laWQV0421AAFOOEwJKX


COMPRESSION IN DEEP LEARNING

52

 

 

Alemi, Alexander A., et al. "Deep variational information bottleneck." International Conference on Learning 
Representations, 2017.



COMPRESSION IN DEEP LEARNING
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Alemi, Alexander A., et al. "Deep variational information bottleneck." International Conference on Learning 
Representations, 2017.



COMPRESSION IN DEEP LEARNING
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Generalization in practical applications

Mahabadi, Rabeeh Karimi, Yonatan Belinkov, and James Henderson. "Variational Information Bottleneck for 
Effective Low-Resource Fine-Tuning." ICLR, 2021. https://arxiv.org/abs/2106.05469 

https://www.google.com/url?q=https://arxiv.org/abs/2106.05469&sa=D&source=editors&ust=1705250587070238&usg=AOvVaw3i4TwFR8hAXh6WUUZoeuaX


COMPRESSION IN DEEP LEARNING
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Generalization in practical applications

Mahabadi, Rabeeh Karimi, Yonatan Belinkov, and James Henderson. "Variational Information Bottleneck for 
Effective Low-Resource Fine-Tuning." ICLR, 2021. https://arxiv.org/abs/2106.05469 

https://www.google.com/url?q=https://arxiv.org/abs/2106.05469&sa=D&source=editors&ust=1705250587269421&usg=AOvVaw0sJB3yP8Zoc75iDhAJNPVH
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