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* Image Compression Using Deep Learning
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Introduction

* Image Compression Using Deep Learning
- Autoregressive
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Introduction

* Image Compression Using Deep Learning

- Autoregressive

- Advantages and Disadvantages
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Related works

 Pixel RNN
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Related works

* Pixel RNN
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Related works

* Pixel RNN
- Masking
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Related works
* Pixel RNN

- Mapping architectures

- Input to state & state to state mapping S M2 ALE
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Related works

 Pixel RNN

- Mapping architectures
- Spatial LSTM 1} &2 Of| T
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Related works

* Pixel CNN

H At £ = B2 X|2F A 50| Pixel RNNO HI6HA1 ';—é%

- O|OfX] -4 XpH|= T2 S0l M sequential SFA

- Pixel CNN 2] receptive field 0= blind spot O| =X

R SBTHsha 0
SOGANG UNIVERSITY



Related works

» Gated Pixel CNN

« Horizontal & Vertical Stack
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» Gated Activation
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Related works

* Pixel CNN++
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Proposed method

* Likelihood-Based Generative Models
- Joint probabilityE & 2} Probability distribution modeling
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Proposed method

» Likelihood-Based Generative Models

- Joint probability S & 2} Probability dlstrlbutlon modeling
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Proposed method

» Likelihood-Based Generative Models

- Joint probability S & 2} Probability dlstrlbutlon modeling
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Proposed method

» Architecture
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_shA 5| A|S

1 —

z(l) . Z(S) bitstream

~»
.
.

AU
g 17

SOGANG UNIVERSITY



Proposed method

» Architecture
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[11] B. Lim, S. Son, H. Kim, S. Nah, and K. M. Lee. Enhanced Deep Residual Networks for Single Image Super-Resolution. In CVPR Workshops, 2017

Proposed method

» Architecture
-Modeling 2 &} The=3}
-Feature extractor blocks

FGO) =QoE®o...0c ED bitstream

-Predictor blocks

;' EDSR [11]: super-resolution architecture
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[8] F. Mentzer, E. Agustsson, M. Tschannen, R. Timofte, and L. Van Gool. Conditional Probability Models for Deep Image Compression. In CVPR, 2018.

Proposed method

» Architecture

-Modeling 2 &} The=3}

-Scalar differentiable quantization function [8]
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Proposed method

* Mixture Model

- Discretized Logistic Mixture Likelihood
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Experimental results

 Quantitative evaluation

- Reference model for comparison

-RGB: feature extractors — bicubic subsampling

-Shared: only train one predictor

[bpsp] Method Open Images DIV2K RAISE-1k
Ours L.3C 2.991 3.094 2.387
Learn_ed RGB Shared 4314 +44% 4.429 +43% 3779 +58%
Baselines RGB 3.298 +10% 3.418 +10% 2.572 +7.8%

PNG 4.005 +34% 4.235 +37% 3.556 +49%
Non-Learned JPEG2000 3.055 +2.1% 3.127 +1.1% 2.465 +3.3%
Approaches  WebP 3.047 +1.9% 3.176 +2.7% 2461 +3.1%

FLIF 2.867 —4.1% 2911 —5.9% 2.084 —13%
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Experimental results

 Quantitative evaluation

= Bitcost

[bpsp] ImageNet32 Learned
L3C (ours) 4.76 v
PixelCNN [40] 3.83 v
MS-PixelCNN [32] 3.95 v
PNG 6.42

JPEG 2000 6.35

WebP 5.28

FLIF 5.08

- Encoding / Decoding Time

Codec Encoding [s] Decoding [s] [bpsp] GPU CPU

L.3C (Ours) 0.242 0.374 3.386 vV
PNG 0.213 6.09-107° 4.733 v
JPEG2000 1.48-1072 2.26-10~* 3.471 v
WebP 0.157 7121072  3.447 v
FLIF 1.72 0.133 3.291 v
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Experimental results

* Qualitative evaluation
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