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' JPEG: PSNR:35.12 ssim: 0.982 rate:0.698 -

_ 'OUR: PSNR:37.99 ssim: 0.989 rate:0.903’
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Input Video

Reference samples

Ref.

SAO

DPB

+ ® Residual

Bit-Stream
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t T & Q CABAC
» Motion -
Est. ‘lMVS _
Motion Inter
Sl Intra/Inter _MVsl/intra modes B
Mode Decision
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Full Resolution Image Compression with Recurrent Neural Networks , CVPR 2017, Google
LOSSY IMAGE COMPRESSION WITH COMPRESSIVE AUTOENCODERS, ICLR 2017,
Twitter

Learning to Inpaint for Image Compression, NIPS 2017, Intel lab
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To generate a binary representation for an image by quantizing laten variable
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Convolutional Encoder-Decoder

Pooling Indices

I conv + Batch Normalisation + RelU
Il Pocling [ Upsampling Softmax
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B BEHLE A, (Lucas Theis, 2017)
V =~ |_yj+ g, {01}

YIRS BEHLIE R, L ¥ (Johannes Balle, 2016)
y=y+u,ue{0,1}

tt 43 HE, (Eirikur Agustsson, 2017)
y =~ Z Co (Y)

—{fi&E4k, (George Toderici, 2017)

- 1,y>0
Y~l0,y=o0

LOSSY IMAGE COMPRESSION WITH COMPRESSIVE AUTOENCODERS,
ICLR 2017
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BinaryRNN for Entropy Coding--
Full Resolution Image Compression with Recurrent Neural networks.CVPR17

Bitplane Decomposition for Adaptive Arithmetic Coding--
Real-Time Adaptive Image Compression, ICML 2017

Gaussian Model for Entropy Rate Estimation--
Lossy Image Compression With Compressive Autoencoders, ICLR 2017

End to End Optimized Image Compression, ICLR 2017
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Wang, Zhou, Eero P. Simoncelli, and Alan Conrad Bovik (2003). “Multi-Scale Structural Similarity
for Image Quality Assessment”. In: Conf. Rec. of the 37th Asilomar Conf. on Signals, Systems

and Computers. DOI: 10.1109/ACSSC.2003.1292216
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245 % Kodak Photo CD dataset
« 24 3K768x512 PNG &

ﬁrﬁl‘iﬁa b
MS-SSIM  ( EMFEFR)

¢ PSNR (W AERR)

LA
+ JPEG
+ JPEG2K
. BPG

. KA LA

e LSTM, Associative LSTM, GRU
- FEINERESR

. One-shot, additive, residual scaling
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o imF|imAE T (auto-encoders)
* RNN (ICLR2016_Google, CVPR2017_Google,
ICIP2017_Google)

 CNN (ICLR2017_NYU, ICLR2017_Twitter, CSVT_HIT)
* GAN (ICML2017_waveone, MIT_2017)

* LI SN dmtD Ee
Intra CU mode decision
Down-samping Coding

in-loop filter & Post-processing
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ICLR2016_Google

o RNNZEEEBE'
—_#HA=ENE
. RNNﬁ’q’:ﬁE_‘u

by = B(E¢(ri—1)),

L‘IILI

Input (floats)
Size 32x32x3
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2y = Dy(by) + 721, Te =T =Ty, 10 =7,
Encoder Binarizer
E-Conv E-RNN#l E-RNN#2 E-RNN#3 B-Conv
Conv RNN Conv | | RNN Conv | | RNN Conv Encoded (floats) Conv
3x3xod 3x3x256 Ix3x512 Ix3Ix512 Size 2 %2512 1x1x32
Stride: 22 | | Stride: 2x2 | | Stride: 2x2 | | Stride: 2x2 Stride: 1x1

Binary Code (bits), Size 2x2x32

To=10

Decoder

D-Conv#l
Conv
1x1x512
Stride: 1x1

D-RNN#1
RNN Conv
2x2x512
Stride: 11

Depth
to
Space

D-RNN#2
RNN Conv
3x3x512
Stride: 11

Depth
to
Space

D-RNN#3
RNN Conv
3x3x256
Stride: 11

Depth
to
Space

D-RNN#4
RNN Conv
3x3x128
Stride: 11

Depth
to
Space

D-Conv#2
Conv
Ix1x3
Stride: 11

1, (floats)
Size 32x32x3

Figure 1: A single iteration of our shared RNN architecture.
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ICIP2017 Google

RNN with intra
prediction

Context (TL) Context (T)

32

Context (L)
Current Tile
1) Predict
32{ 2) Encode
Residual

AN

AN

Depthwise Pointwise Upsampled Target

Context  Convolution .. oiution  Convolution Convolution  Prediction
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e imZlimFE T (auto-encoders)

 RNN (ICLR2016_Google, CVPR2017_Google,
ICIP2017_Google)

e CNN (ICLR2017_NYU, ICLR2017_Twitter, CSVT_HIT)
* GAN (ICML2017_waveone, MIT_2017)

» LB SN R ws
Intra CU mode decision
Down-samping Coding
in-loop filter & Post-processing
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ICLR2017 Twitter

Rate estimation by Gaussian Scale Mixtures

logz q(z +u) = 3 log, Z TN (2hij + kij; 0, 0%, _ Model _
i,4.k
noise —ER]

Encoder [ W

64x5x5/2

128Bx5x5/2 128x3x3 128x3x3 128x3x3 128x3x3

96x5x5/2
Baa-ag-a -

v | v
- ae-aes

128x3x3 128x3x3 128x3x3 128x3x3 512x3x3/2

input

output
denormalize

256x3x3/2
12x3x3/2

Decoder



OSCERIH

Opensource Innovation Meetup

IT2ni7E

CSVT2017 HIT

o4 7S BN SN SN BN =N SN SN Sy

,

»

3

Image -
encoder

Compact Representatiol

[ ——————

L L = F

Image
decoder

1

1

1

Decoded Image ||
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i 2l iR T\ (auto-encoders)
« RNN (ICLR2016_Google, CVPR2017_Google,
ICIP2017_Google)
 CNN (ICLR2017_NYU, ICLR2017_Twitter, CSVT_HIT)

* GAN (ICML2017_waveone, MIT_2017)
LR R BN ZR D =

Intra CU mode decision

Down-samping Coding

in-loop filter & Post-processing
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* Multiscale analysis

» ETIFZRD

e Adaptive arithmetic coding and adaptive
codelength regularization

o i % Z (Discriminator loss)
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Feature extraction Feature reshape

ﬁ—@—»ﬂ@»ﬂ
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Feature fusion

ownsample ﬂ ® ! @ m
X3 -

Pyramidal decomposition Interscale alignment
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X 1 _
fenw = QUANTIZE 5 (Yenw) = 55— 25 yenw |

&N M HE A ZRES (AAC)

* Train context model to estimate probability
of each bin 25)= oot X {1l

+Zlg|yw Te(h—y) )|}
Y —=E

y. € RF*W Bitplane
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5 43 1% 7= (Discriminator loss)

* Discriminator:
* Input: target and reconstruction
 Multiscale discriminator

e Adversarial training
. A|t5¥f :

Reconstruction
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e imZlimAE T (auto-encoders)
* RNN (ICLR2016_Google, CVPR2017_Google,
ICIP2017_Google)

* CNN (ICLR2017_NYU, ICLR2017_Twitter, CSVT_HIT)
* GAN (ICML2017_waveone, MIT_2017)

* C(NNSI AN RERES

Intra CU mode decision

Down-samping Coding

in-loop filter & Post-processing
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i B TR T B (Intra CU mode decision)

* CNN oriented fast HEVC intra CU mode decision

Contributions:

1. Using CNN to analyze the textures of CU

2. Reduce the maximum number of CU modes
3. Introduce QP into CNN architecture design

Liu Z, Yu X, Chen S, et al. CNN oriented fast HEVC
intra CU mode decision. ISCAS 2016: 2270-2273.
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YT B AR R B (Intra CU mode
decision)

Input Feature maps Feature maps Hidden Hidden Output
BxB GE@6x6 BE3Ix3 17@1=1 11@1=1 2@1x1

(b) Architecture of Convolutional Neural Network for CU Mode Decision

Objective: learning to classify 2Nx2N or NxN

B The output of two nodes are RD-Cost

mmmmm
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o i B T A5 3% £ (Intra CU mode
decision)

« I R S35 R SR

e 63% time save with 2.7% loss in BDBR

T2

Table III: Performance Comparison between Proposed Solution and Existing Algorithms

Algorithm ATcwmp|%] ATpvp[%] BDBR| %] AT[%] VLSI

[3] 50-cv " 0.7 50 No
(517 26 45 1.0 60 No
(6] 52 0 0.8 52 No
Wl 52 5 5.1 57 Yes
: fH (] 4] fH e
Proposed 63 0 2.7 63 Yes

e
indicates that class F sequences were not tested.
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Downsampling-coding (T KFE4mME)

* 1. CTU (4w A5 H.J1)
e 2. Frame ({55101

1. LiY,LiuD, Li H, Li L, Wu F. Convolutional Neural Network-Based
Block Up-sampling for Intra Frame Coding.

2. Jia C, Zhang X, Zhang J, et al. Deep Convolutional Network based
Image Quality Enhancement for Low Bit Rate Image Compression.
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Downsampling-coding( T KA 2 1)

* CTU JZ 34
* Two steps RDO

* 1. Down-sample coding / Full resolution
coding

——————————————

: | Low-Resolution
—> Down-Sampling | b T

Coding <Mode Becisloi=>

Input Video Signal

DCTIF Based
Up-Sampling
Lo e e
First Stage Up-sampling

Split Into CTUs | Full-Resolution
| Coding |

Deblocking &
SAO

VR L s

ITZ5mmis
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Downsampling-coding( F K AEgm i)

» W Pl IE
* Input: low resolution patch, output: high
resolution

Multi-scale Deconvolution For Multi-scale
__ _ Feature Extraction | Up-sampling | Reconstruction
| I - |
| i ‘:
; 5 J ’i |} 2x1 ‘: 3x3, [1x1
| |
W e
il gautungzal dz i
|
| 1 | ‘
64 16 32 | |
| 1 Conv2 I h
i T |18
L —at__Deconwv __ ;. __Comvd__ ______ _ Convd
DCTIF

Up-Sampling F
D

* Xﬁ@ﬁf@,ﬁ downsampled luma also input

(chroma)
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Downsampling-coding (N KFEZmAY)
e Test Condition

* Qp:32,37,42,47

Class Sequence BD-Rate (Anchored on HEVC) BD-Rate (Anchored on HEVC+DCTIF)
Y U V Y SSIM Y U V Y SSIM

Traffic ~10.1% -3.5% 6.0% ~12.9% | -8.0% —13.2% —2.6% —7.9%

Class A PeopleOnStreet 97% -148% -145% -129% | -8.5% -204% -18.5% -9.7%
Nebuta -2.0% -22.0% 3.1% 44% | -1.7% -22.5% 1.6% -3.6%
SteamLocomotive -1.7% 277% -254% 6.1% | -1.2% -342% -25.6% -2.8%

Kimono —7.7% -5.5% 18.8% -9.6% | —3.4% -259% —4.3% -3.4%

ParkScene -71.1% -144% -2.3% -11.3% | -5.0% -252% -14.6% -6.6%

Class B Cactus —6.6% -2.5% 8.3% -10.0% | —5.0% —6.5% 0.9% —6.7%
BQTerrace -3.7% -7.6% -9.1% -9.6% | -3.1% -8.2% -7.1% -6.5%
BasketballDrive —6.1% -1.2% 3.2% -10.8% | —3.4% -5.8% —2.5% -3.8%
BasketballDrill —4.9% 4.5% 8.1% -19% | 4.0% 4.9% 2.1% -6.6%

Class C BQMall -2.9% -7.2% ~7.2% -6.2% | -2.3% -10.6% -9.1% -5.3%
PartyScene -1.0% -5.1% -1.6% —4.0% | -1.0% -5.5% -3.2% -3.6%
RaceHorsesC —6.7% 4.6% 7.5% -10.7% | —6.0% 1.9% 3.9% -8.6%
BasketballPass -2.0% -3.7% 9.2% —43% | -2.3% -7.5% 12.3% —4.4%

Class D BQSquare —0.9% —0.6% -21.1% -14% | —0.5% 1.7%  -16.7% -1.2%
BlowingBubbles -3.2% 3.1% -8.0% -53% | -1.7% 0.5% -9.6% -3.8%

RaceHorses —-9.9% 7.5% 6.4% —12.6% | —9.6% 5.0% 6.6% —11.1%

FourPeople -72% -105% -11.0% —11.0% | -7.2% -14.7% -14.5% -9.5%

Class E Johnny -9.0% -3.2% -3.2% ~11.1% | -7.1% —6.0% -8.3% -5.6%
KristenAndSara -68% -112% -11.1% -13.0% | -5.3% -84% -10.6% -8.2%

Fountains —40% -129% -11.2% -74% | -2.0% -16.1% -9.2% -2.0%

Runners —11.2% 22.8% -0.1% —12.4% | -7.0% 09% -13.7% -6.0%

Class UHD | Rushhour -8.5% 4.4% 1.8% -10.3% | -3.2% -9.2% -9.5% -3.0%
TrafficFlow -12.7% -11.7% -5.8% -12.7% | -6.9% -173% -119% -5.6%
CampfireParty -8.4% -10.8% —0.8% -95% | 6.5% -10.8% -5.0% —6.4%

Average of Classes A-E -5.5% -6.0% —2.2% -8.8% | 4.3% -10.0% —6.0% -5.9%
Average of Class UHD -9.0% -1.6% -3.2% -10.5% | -5.1% -10.5% -9.9% -4.6%
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In-loop filter & Post Processing

o ARSI 5 J08 b A Jim Ak 2

1. In-loop

Park W S, Kim M. CNN-based in-loop filtering for coding efficiency
improvement. IEEE Image, Video, and Multidimensional Signal
Processing Workshop (IVMSP) 2016: 1-5.

2. Post Processing

Dai Y, Liu D, Wu F. A Convolutional Neural Network Approach for Post-
Processing in HEVC Intra Coding. MMM 2017: 28-39.
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"In-loop filter

o AT AR I8

* In-loop

64 feature maps 32 feature maps

F. Residual

Table 1. Performance of our proposed IFCNN in comparison with
SAOQ in terms of BD rates (BDBR).

_ All Tntra LDP-Case|LDP-Case| RA-Case | RA-Case
Sizes| Seq. 1 11 1 11
BDBR (%)| BDBR (%) | BDBR (%)|BDBR (%)|BDBR (%)
BD | -10.1 -5.3 -3.0 -6.0 -6.7
832x|BOM| -3.7 -3.0 2.4 -2.4 -2.9
480 | PS 2.7 -2.0 -1.2 0.0 -1.1
BDT| -7.6 -3.5 2.4 -4.3 -4.9
BP -3.3 2.8 -1.5 -0.6 -1.1
416x| BQS | -24 -3.3 -2.9 1.4 -0.8
240 B -3.4 2.3 2.6 0.0 -14
RH =49 04 06 =12 -16
Avg | -48 -2.8 -1.9 -1.6 -2.6




OSCERIE]

Opensource Innovation Meetup

T2

Post-processing
o WLSMT 5 i

* Post processing, All Intra
« QP:22,27,32,37

‘ | l residual image reconstructed image

input image ‘ f
conv2 : ; convd
/ B

\ | concatenate /
oL ' ' concatenate convé

conv3 conv5

Class A | -2.8 | -3.2 | -3.1
Class B | -2.7 | -2.7T | -3.3
VDSR |Class C | -4.1 | -4.8 | -5.7
Class D | -4.4 | =56 | -7.3
(lass B | 57 =57 -6 1
Overall| -3.8 | -4.3 | -4.9
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PSNR/dB

38 -
36.5 -
35 -
33.5 -

32 -

30.5

29

27.5 -

26

RD curves on Kodak (PSNR)

-~ .
%/

A A

/ I =~ QOurmethod — BPG
S . N N S N — JPEG2000 —  WebP
| o |

4

0O 0.1 0.2 03 0.4 05 0.6 0.7 0.8 0.9
Rate/bpp
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