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E-D CNN for Inverse Problems
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E-D CNN for Inverse Problems
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E-D CNN for Inverse Problems
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Successful applications to various inverse problems



Why Same Architecture Works
for Different Inverse Problems ?



Classical Methods for Inverse Problems

Step 1: Signal Representation
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Classical Methods for Inverse Problems

Step 2: Basis Search by Optimization

Eg. Compressed
Sensing

Wavelet basis
Learned Dictionary

Sparse coefficient
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Why do They Look so Different ?

Any Link between Them ?



Our Theoretical Findings
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Our Theoretical Findings
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Our Theoretical Findings
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Our Theoretical Findings
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Our Theoretical Findings
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Linear E-D CNN
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Linear E-D CNN w/ Skipped Connection

B = [El Erf iEl...Egr-1lgk El§2 St
B =[D'---Dr iD'...Dr"1gk D'S? S
e oreesieTT
Iml_l ® wll 1 Iml_l ® ?ﬂfn 1 [mz-1 ® 1%,1 Iml—l ® WLQ!
S = : §'= : L '
, ) ' .
\‘Iml—l ® wl,m—l fmi J Ly ﬂ@ SRR T ®¢5H—17fn

Learned filters /



Deep Convolutional Framelets

Perfect reconstruction

Frame conditions

w/o skipped connection
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Ye et al, SIAM J. Imaging Science, 2018



Role of ReLUs?
Generator for Multiple Expressions

)
B(z) = E'S'(2)E*. Ef””___}__(@E"
B(z) = Dlz: (x)D? - 2,;--1--( z)D"
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--> Input adaptivity




Input Space Partitioning for Multiple Expressions




Expressivity of E-D CNN
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Expressivity of E-D CNN
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Expressivity of E-D CNN
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Expressivity of E-D CNN
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Lipschitz Continuity

Related to the generalizability
|F(W,2) = F(W,z?)[|s < K2 — 2|,

K =max K, K, =||B(2)B(z) " ||z

Dependent on
the Local Lipschitz




Benign Optimization Landscape

Nguyen, et al, ICML, 2018
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Benign Optimization Landscape

Nguyen, et al, ICML, 2018
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Summary

Deep learning is a novel signal representation using
combinatorial framelets

RelLUs generate multiple linear representation by partitioning
the input space

Local Lipschitz controls the global Liptschiz continuity

Skipped connection improves the optimization landscape
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