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• Use `�-norm for f and g with � � 2

• Arimoto’s conditional entropy:

H�(X|W ) , �

1� �
logE

⇥
kPX|W (·|W )k�

⇤

• R

´

enyi entropy of order �:

H�(X) = log kPXk�

• Arimoto’s mutual information: I�(X;W ) = H�(X)�H�(X|W )
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PW (W )PX(X)

i
� 1

�2(W ;X)

�
2
(W

;Y
)

Estimation

Bottleneck

Estimation

Privacy

Funnel
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Numerical Results for BSC

� = 0.1, q = 0.1 � = 0.2, q = 0.4

Estimation
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Estimation

Privacy

Funnel

�2(W ;X)

�
2
(W

;Y
)

Mutual

Information

Set of achievable pairs

of Arimoto’s mutual information

Set of achievable pairs

of �2
-information

I�(X;W )

I �
(Y

;W
)



Outline
1. Two bottleneck problems

• Information Bottleneck and Privacy Funnel

2. Generalizing bottleneck problems
• Motivation and Formulation

3. Geometric properties of bottleneck problems
• Witsenhausen and Wyner
• How to solve generalizing bottleneck problems?

4. Applications
• Mrs. and Mr. Gerber’s Lemma
• Arimoto’s Mrs. and Mr. Gerber’s Lemma
• Estimation Bottleneck and Estimation Privacy Funnel

5. Final remarks
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Final Remarks
• Revisit the geometry of generalized bottleneck problems

{(If1(W ;X), If2(W ;Y )) |Y �X �W,PXY }

and provide a systematic framework to find out the upper and lower

boundaries

• Generalize the information bottleneck and privacy funnel

– Binary entropy function: Mrs. And Mr. Gerber’s Lemmas

– `�-norm: Arimoto’s Mrs. And Mr. Gerber’s Lemmas

– �2
-divergence: Estimation bottleneck and privacy funnel

• These results can be potentially useful for new applications of information

theory in machine learning



Thank You for Listening!


