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[0 PSR ESE-HEVC

+ ResiduaL Bit-Stream
H | @ 1T & Q CABAC [ ™

» Motion -
Input Video l" Est. ‘lMVS Y
. Inter
_ 4 I(\:thon_
Reference samples omp. Intra/Inter _MVs/intra modes -
Mode Decision
R Intra Quanlzed
| Est. residuals
a
R f Reconstructed S
ef. |||+~ sAO [—{Deblk.|< @;— Q& T+
DPB SAO Params
Filter Control Est. SAO params
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]R128X128X3

8x8x256
cCeR™T7,

q' c m8x8x256

CNN ) . CNN
Encoder Quanti l Dequant Decoder
gﬁﬁg %ﬂfu Entropy &%ﬂﬁ ﬁ’q’:ﬁg
a6 B Coding Ji B BEIRE
SRS 1
Bits —— | I3={hit ﬁl ratio-distoratio\nl cost:
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S0 miEmIEE X

To generate a binary representation for an image by quantizing
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Conv|9*9|128*128
Upsampling

Denormalization

Conv|5*5|128*128
Upsampling

Denormalization
Conv|5*5|128*128

Upsampling

Denormalization

Normalization
Down-sampling
Conv|5*5|128*128
Normalization
Down-sampling
Conv|5*5|128*128
Normalization
Down-sampling

Conv|9*9|128*3

o AL LEMIT] G WAL SR AH A, 2 AlexNet etc.
o MRRGMLREERG ] i FRRE, BAR, GRS AL
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LOSSY IMAGE COMPRESSION WITH COMPRESSIVE AUTOENCODERS,
ICLR 2017
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« EBFEIRZE - MSE.

To measure the average of the squares of the errors
between original images and reconstructed images.

MSE = Z{Y

i=1
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BinaryRNN for Entropy Coding--
Full Resolution Image Compression with Recurrent Neural networks.CVPR17
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EXETTTN

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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4% % - Kodak Photo CD dataset
e 24 57K768%512 PNG & F+

RRAEEL )

e MS-SSIM (3

* PSNR

LA
+ IPEG
+ JPEG2K
+ BPG

0 BA5)
€9kt

* REIMEBE5H

* LSTM, Associative LSTM, GRU

* NEIRYE

S EHE
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£

yals

* One-shot, additive, residual scaling
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o ImERIET, (auto-encoders)
« RNN (ICLR2016_Google, CVPR2017 Google,
ICIP2017_Google)
 CNN (ICLR2017_NVYU, ICLR2017_Twitter, CSVT_HIT)

* GAN (ICML2017_waveone, MIT_2017)
s SUHCIIERIIGmADES

Intra CU mode decision
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Down-samping Coding

in-loop filter & Post-processing
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ICLR2016 Google

* RNNZRIZ/E
° :\;: %JE“@%
* RNNF#ERDE

by = B(FEi(ri—1)), @t = Di(by) +v2T4—1, rme=a—2T¢, 190=2, T0=20
Encoder Binarizer
E-Cony E-RNN#1 | |E-RNN#2 ||E-RNN#3 B-Cony
Input (floats) Conv RNN Conv | | RNN Conv | | RNN Conv Encoded (floats) Conv
Size 12x32%3 ||3=3x6d Ix3=250 Ix3=512 Ix3=512 Size 2% 2%512 Ix1=32
Stride: 22 | | Stride: 22 | | Stride: 22 | | Stride: 22 Stride: 11
Binary Code (bits), Size 2x2x32
Decoder
D-Convé#l | | D-RNN#1 D-RNN#2 D-RNN#3 D-RNN#4 D-Convi2
Cony RNN Cony || PP | |RNN Conv || PP 11 RNN Cony || DP™ | |RNN Conv || PP || Cony I; (foats)
1x1x512 ||2x2x512 3x3x512 3%3%256 Ix3Ix128 1x1x3 Size 32%32%3
Stride: 11/ | Stride: 151 || SP% || Surides 11 || SP2€ | |Stride: 151 ]| SP2C | |Stride: 151 || SP%° || stride: 1x1

Figure 1: A single iteration of our shared RNN architecture.
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RNN with intra prediction

IT2Xizz

Context (TL) |Context (T)

32
Context (L)
Current Tile
1) Predict
32| 2) Encode
Residual
3 64 64 3
128 128
256 256
51z - 512
L~ 8192
~ o) |
§/ 2 |3 e Ig o = e x
~ » o - = = w P o~ i~
>SN L - L i S = A

Depthwise Pointwise Upsampled Target
Convolution Convolution Convolution Prediction
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o ImEimIRT,, (auto-encoders)
 RNN (ICLR2016_Google, CVPR2017_Google,
ICIP2017_Google)
 CNN (ICLR2017_NYU, ICLR2017_ Twitter, CSVT_HIT)
 GAN (ICML2017_waveone, MIT_2017)

* (LACIERI SRS aS

Intra CU mode decision

ITZmmiz
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Down-samping Coding

in-loop filter & Post-processing
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Rate estimation

log, ¢(z +u) = Zl‘)gz Zﬂ'ks

1,7,k

Encoder

input
mirror-pad

~Twitter

by Gaussian Scale Mixtures

2
(2kij + Ukij: 0, 0%s),

B64x5x5/2

128x5x5/2 128x3x3 128x3x3 128x3x3 128x3x3
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EXEIT Ty

Model

noise —oNeR]Y
Y S

96x5x5/2

code

512x3x3/2

Decoder

@
3 v | v
B ©
= E <+ sum <~ sum <
= ]
o =

V]

= 128x3x3 128x3x3 128x3x3 128x3x3
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o imZElUmiETL (auto-encoders)
* RNN (ICLR2016_Google, CVPR2017_Google,
ICIP2017_Google)

 CNN (ICLR2017_NVYU, ICLR2017_Twitter, CSVT_HIT)
 GAN (ICML2017_waveone, MIT_2017)

» LACIERII SRS RS
Intra CU mode decision
Down-samping Coding

in-loop filter & Post-processing
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* TR LR
* Multiscale analysis
» EFREIRED

* Adaptive arithmetic coding and adaptive codelength
regularization

o Hi#f % Z (Discriminator loss)
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Feature extraction Feature reshape

l /
® rm - m\ Feature fusion
/Qﬂ o—-o-f—o-o—@

Downsample ﬂ Q - & m

Pyramidal decomposition Interscale alignment
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fJenw = QUANTIZE p(Yenw) = 55— 125 yehw |

BN MERRIRED (AAC)
* Train context model to estimate probability of each bin
* BN ERBFIKEZIR (ACR)
* Obtain target codelength while training ., - e ¥ [l
+ ) logyge w*ﬁc(hfyxwfmﬂ},
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1 438 1% 7= (Discriminator loss)

nd

 Discriminator:
* Input: target and reconstruction
 Multiscale discriminator

* Adversarial training
* Alternatively train coding engine and discriminator
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o mZlUmiRTL (auto-encoders)

 RNN (ICLR2016_Google, CVPR2017_Google,
ICIP2017_Google)

* CNN (ICLR2017_NYU, ICLR2017_Twitter, CSVT_HIT)
* GAN (ICML2017_waveone, MIT_2017)
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Intra CU mode decision
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Down-samping Coding
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(Intra CU rfisde decision)

I fith FRL TG AR A

b

* CNN oriented fast HEVC intra CU mode decision
e 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.
N - 0 - < 5 & -« = OSCEEEM
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Input Feature maps Feature maps Hidden Hidden Output
8x8 6@6x6 B@3=3 17@1=1 11@1=1 2@1=1

I

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

* Objective: learning to classify 2Nx2N or NxN
* The output of two nodes are RD-Cost

I - 0 7 ¢ o= & s - & R OSCHEERESE
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* 63% time save with 2.7% loss in BDBR

Table III: Performance Comparison between Proposed Solution and Existing Algorithms

Algorithm  ATcmpl%] ATpwpl%] BDBR[%]  AT[%]  VLSI

[3] 50-cx Q 0.7 50 No
[5]7 26 45 1.0 60 No
(6] 52 0 0.8 52 No
(717 52 5 5.1 57 Yes

Proposed

—
indicates that class F sequences were not tested.
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Downsampling-coding (& F o

* 1. CTU (4w A5 B 1)
e 2. Frame ({55111

1. LiY, Liu D, 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( I KA EIREa=
* CTU %'J:El"ﬁ;‘?%{'lf

* Two steps RDO

* 1. Down-sample coding / Full resolution coding
e 2.CNN up-sampling / DCTIF sampling

——————————————

Low-Resolution

— Down-Sampling

~“Mode Decision

Input Video Signal Coding
S e DCTIF Based |
|| Up-Sampling I
s e ~“Mode Decision
First Stage Up-sampling
Split Into CTUs | Full-Resolution
| Coding

Deblocking & | L
SAO J

LA = L 3R
I, - o ¢ o« & & -« % OSCHEEM
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Downsampling—coding(??‘;{j? FiEEls

T2z

. Input: Iow resolution patch, output: high resolution

Multi-scale Deconvolution For Multi-scale
_ _ Feature Extraction _Up iaﬂ"'p_"ﬂg ________ R_‘-":_On_St_“Et'_Oﬂ _______
| I H
| I L =
: o ,_,--q = } : [
- el | | |
: X5 " ’i i } : 12x12 | : | 3x3, | 1x1 3x3
- |
mndl ' | | I JzAl HI ( F
| | 12 3! i |
S . |
- | [ | ‘ |
Down-sampled | 64 6 32 i | I: |
CTU (luma) | Convl Conv2 [ il I il B {
: } : 48 :| 16 32 t Reconstructed
e ol L imeenay | | SR Comya L) T SC LI Convd | CTU (luma)
DCTIF

Up-Sampling F
sl )

* Xﬁ’%ﬁ@@ downsampled luma also input

12x12 3x ‘llxl |

Down-sampled CTU
(luma and chroma)

48 16 32 2 Reconstructed CTU
Deconv Conv3 Convd (chroma)

[ bciF |
2017 % 2 & 2 - & % OSCEIEE

Up-Sampling
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Downsampling-coding ( | =gy | 1T
* 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% -129% | -8.0% -13.2% -2.6% ~7.9%
Class A PeopleOnStreet 97% -148% -14.5% -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% -25.4% —6.1% | -1.2% -342% -25.6% -2.8%
Kimono —1.7% -5.5% 18.8% 9.6% | 34% -259% —4.3% -3.4%
ParkScene ~11% -14.4% -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% 96% | -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% -7.9% | —4.0% 4.9% 2.1% —6.6%
Class C BQMall —2.9% -7.2% -7.2% —-6.2% | 23% -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% —4.3% | -2.3% ~7.5% 12.3% —4.4%
Class D BQSquare —0.9% —0.6% -21.1% —1.4% | —0.5% 1.7%  -16.7% -1.2%
BlowingBubbles -3.2% 3.1% -8.0% -5.3% | -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% | -72% -147% -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 4.0% -129% -11.2% —74% | 20% -161% —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% 4.49% 1.8% -103% | -3.2% 9.2% -9.5% -3.0%
TrafficFlow -127% -11.7% -5.8% -12.7% | 6.9% -173% -11.9% -5.6%
CampfireParty -84% -10.8% —0.8% -9.5% | -6.5% —10.8% -5.0% —6.4%
Average of Classes A-E —5.5% —6.0% -2.2% —88% | 43% -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%

= OSCHEIE
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In-loop filter & Post Processing gotmes |

o FLATMTIA 2% JE I AL Jm AL T
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.

7T E & & B = OSCHEIEN
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In-loop filter

o AT AR E I8

* In-loop

Input
Image Fo F

64 feature maps

OSCEAdES

Opensource Innovation Meetup

32 feature maps

Residual

Table 1. Performance of our proposed IFCNN in comparison with

SAO in terms of BD rates (BDBR).

_ All Intra LDP-Case|LLDP-Case| RA-Case |RA-Case
Sizes| Seq. | 11 1 II
BDBR (%)| BDBR (%) | BDBR (%)|BDBR (%)|BDBR (%)
BD -10.1 -5.3 -3.0 -6.0 -6.7
832x|BQM| -37 -3.0 2.4 -2.4 -2.9
480 | PS 2.7 -2.0 -1.2 0.0 -1.1
BDT| -76 -35 24 -4.3 -4.9
BP -3.3 -2.8 -1.5 -0.6 -1.1
416x| BQS 24 -33 -2.9 14 -0.8
240 B -3.4 =23 -2.6 0.0 -1.4
RH -49 -04 06 -12 -16
Avg. -4.8 2.8 -1.9 -1.6 2.6

[T iz

s 7 s e

+ % OSCHEEM

Opansourcs Inmowatesn Moslug



Post-processing
o ML ] A5 U8

e Post processing, All Intra

 QP:22,27,32,37

conv4

input i |mage '
conv2
\

convl

conv3 conv5

' | concatenate '

OSCEAdES

Opensource Innovation Meetup

IT2xWizz

residual image reconstructed image

; ‘ . \\ ’
/ -

concatenate convé

N : o ¢ s & R - &

Class A | -2.8 | -3.2 | -3.1
Class B | -2.7 | -2.7 | -3.3
VDSR |Class C | -4.1 | -4.8 | -5.7
Class D | -44 | -5.6 | -7.3
Class E | 5.7 =5.7 -6.1
Overall| -3.8 | -4.3 | -4.9

= OSCEIE
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