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Basic framework
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Basic framework
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Basic framework – successive refinement

 1

 Nx

 2

  n1   x̂1

  W1

 1
 2  1

 Nx

 2

 x

  W2

  u1

Encoder Decoder
 1

 Nx

 2

  n2
  x̂2

  W2

 1
 2  1

 Nx

 2

   x2 = x − x̂1

  W3

  u2

Encoder Decoder

 + −

  R(bits)

 D

  R(bits)

 D

 + −



5

Basic framework – deep model
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Applications
§ Regression problems

§ Denoising, superresolution, compression
§ Search and indexing problems

§ Physical object security
§ Classification based on distributed VAEs
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Applications
§ Regression problems

§ Denoising, superresolution, compression, novelty detection
§ Search and indexing problems

§ Physical object security
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Regression problems

a common basis
for most of imaging problems

§ Sampling
§ Compressive sensing
§ Learnable compressive sampling
§ Denoising
§ Restoration
§ Compression
§ Superresolution
§ Inpainting
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Regression problems

Smoothness of solution, local correlations ...
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Regression problems
Denoising

Original         Noisy           BM3D       Proposed   

Superresolution (single image)
Original        Bicubic (8x)  Proposed   

Lossy image compression
(domain adapted compression)
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Link to Information Bottleneck formulation
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 LIB-AE(φ,θ)

LIB-AE(φ,θ) = Iφ(X;U)− βIφ,θ(U;X)where

Information Bottleneck for AE formulation 

“Compress” Reconstruct
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Link to Information Bottleneck formulation

LIB-AE(φ,θ) = Iφ(X;U)− βIφ,θ(U;X)
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Link to Information Bottleneck formulation

where

Bounded Information Bottleneck AE (BIB-AE) 

Iφ,θ
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Link to Information Bottleneck formulation
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Link to Information Bottleneck formulation
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Link to Information Bottleneck formulation
VAE and        VAE: Variational Autoencoder
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Link to Information Bottleneck formulation
AAE: Adversarial Autoencoder
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Link to Information Bottleneck formulation
InfoVAE:
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Information Bottleneck based Novelty Detection
ND-AAE
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Link to Information Bottleneck formulation

Link to novelty detection
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Applications
§ Regression problems

§ Denoising, superresolution, compression, novelty detection
§ Search and indexing problems

§ Physical object security
§ Adversarial machine learning

§ Countermeasures
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Object identification 
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Visibly packages look identical
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Object identification

Feature 
extraction

Cloud storage 
and computing

Enrollment from physical object

Enrolled image

PUF ID



2. Stage 3: individual object recognition
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Open issue:
Big Data (millions of objects with high-dimensional features)

Fast search based on STC 
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2. Stage 3: individual object recognition
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Open issue:
Big Data (millions of objects with high-dimensional features)

Enrollment
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2. Stage 3: individual object recognition
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Open issue:
Big Data (millions of objects with high-dimensional features)
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Applications
§ Regression problems

§ Denoising, superresolution, compression
§ Learnable compressive sampling

§ Search and indexing problems
§ Physical object security

§ Classification based on distributed VAEs
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Modern “framework” of classification
End-to-end training of classifiers 
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Proposed classification paradigm: classification by compression
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Proposed classification paradigm: classification by compression
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Proposed classification paradigm: classification by compression
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Proposed classification paradigm: classification by compression
Recognition: correct cases
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Proposed classification paradigm: classification by compression
Recognition: erroneous cases
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Proposed classification paradigm: classification by compression
Rejection of “suspicious” and adversarial samples

Recognition: correct cases Recognition: erroneous cases

  DKL ≥T
  DKL < T

 T
 DKL

 Pm
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Recognition: rejection of “abnormal cases”

Trust in results:
rejecting just 7.7%, one obtains 
0.18% classification error

Interpretability of results:
A clear and meaningful  
interpretation of learned features

Proposed classification paradigm: classification by compression
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Summary
Regression
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Classification
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Seniors
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