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Outlines

System architecture of learning based image/video coding

«  Learning based modules embedded into traditional hybrid coding frameworks
o In-loop filter, Intra prediction, Inter prediction, Entropy coding, etc.
o  Transform, quantization
o  Encoder optimization

«  End-to-end image and video coding

Coding for human vision vs. coding for machine intelligence



Theory of Source Coding and Hybrid Coding Framework
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In-Loop Filter

Filtering

» Network input
* Current compressed frame

» Network output
* Filtered frame

» Network structure

e 22-layer CNN with inception structure

Block 1 Block 2 Block N-1  Block N

» Integration into coding system
Same model for Luma and chroma component
Different model for different QP
For I-frame: replace Deblocking filter (DB) and
Sample Adaptive Offset (SAO)
For B/P-frame: added between DB and SAO,
switchable at CTU-level

R

Performance (anchor: HM16.0)

output

TABLE I
CONFIGURATION OF VR BLOCK
Layer Layer | Layer 2
Conv. module | convl_I | convl_2 | conv2_1 | conv2_2
Filter size 3x3 Ix1 3x3 Ix1
# filters 32 32 32 32

All-Intra Low-Delay B Random-Access
Y (%) | U(%) | V(%) | Y(%) | U%) | V(%) | Y (%) | U(%) | V(%)
Class A —5.4 —6.2 —5.5 — — — —53 | =112 | -9.6
Class B -1.3 -7.5 -9.0 =73 | =114 | —12.1 —8.0 | —11.1 | =111
Class C —99 | —-104 | —134 | —88 | —11.2 | =135 | —87 | —11.9 | —149
Class D —10.0 | —104 | —134 | —8.1 -9.0 | —120 | —-7.8 -9.0 | —124
Class E —134 | —10.0 | =95 | —142 | —149 | —132 — — —
Overall -9.2 -89 | -102 | 9.6 | —11.6 | —12.7 | —74 | —10.8 | —12.0
Enc. Time 4710% 1818% 1835%
Dec. Time 267686% 756074% 727860%

[1] Dai Y, Liu D, Zha Z J, et al. A CNN-Based In-Loop Filter with CU Classification for HEVC[C]//2018 IEEE Visual Communications and Image Processing (VCIP). IEEE,

2018: 1-4.




In-Loop Filter

Filtering with spatial and temporal information

» Network input

* Current compressed frame

* Previous reconstructed frame

» Network output
* Filtered frame

» Network structure

° - d
4-layer CNN AN
Layerl Layer2 | Layer3 | Layer4 O\ "
convl | conv2 | conv3 conv4d convs h H__‘_,—]
Filter Size 5X5 | 3Xx3 | 3x3 | 3x3 | 1x1 ( L
Feature Map Number 32 32 16 8 1 SN
Param Number 800 288 9216 1152 8 17]
Total Param Number 11464 Lo

Spatial CNN

[l

Co-located Slockin
Previous Coded Frame

»1

Conv+RelU
8

Residue Learning

Conv+RelU

Conv+RelU ’_:_’

Spatial (NN

D Current Block

» Integration into coding system

Same model for Luma and chroma component
Different model for different QP

Used in I/P/B frames

After DB and SAO

Switchable at CTU-level

» Performance (anchor: RA, HM16.15)

Sequences Random Access
Y

Kimono -0.7%
ParkScene -0.8%
Class B Cactus -0.3%
BasketballDrive -1.0%
BQTerrace -0.1%
BasketballDrill -1.0%
Class C BQMall -1.1%
PartyScene -1.2%
RaceHorsesC -1.5%
BasketballPass -2.0%
Class D BQSquare -1.8%
BlowingBubbles 2.1%
RaceHorses -2.2%
FourPeople -5.1%
Class E Johnny -0.8%
KristenAndSara -1.5%
Overall -1.3%

[2] Jia C, Wang S, Zhang X, et al. Spatial-temporal residue network based in-loop filter for video coding[C]//2017 IEEE Visual Communications and Image

Processing (VCIP). IEEE, 2017: 1-4.



In-

Loop Filter

Filtering with quantization information

» Network input

Current compressed frame
Normalized QP map

» Network output

Filtered frame

» Network structure

8-layer CNN
Normalized — Blocki (k, k,K;)
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» Integration into coding system

[3] Song X, Yao J, Zhou L, et al. A practical convolutional neural network as loop filter for intra frame[C]//2018 25th IEEE International Conference on Image Processing

Same model for Luma and chroma component
Same model for all QPs

Replace bi-lateral filter, DB and SAQO, and before ALF
Only used on | frames

No RDO

(ICIP). IEEE, 2018: 1133-1137.

> Network compression

Pruning:

v Operate during training

v" Filters pruned based on absolute value of the
scale parameter in its corresponding BN layer

v" Loss function: additional regularizers for efficient
compression

Low rank approximation:

v Operate after pruning

Dynamic fixed point adoption

» Performance (anchor: RA, JEM7.0)

Table 6. Test results of Al configuration with ALF on

Table 7. Test results of RA configuration with ALF on

CPU+GPU|  CPU CPU

Y U V  [EncT DecT|EncT DecT Y U A% EncT DecT

ClassAl -2.26% -6.21% -5.05% 93% 157% l()g% 15360% ClassAl _039% -196% -193% 99% 275%
ClassA2|-3.58% -6.33% -7.02%|92% 158%|112% 16312% , - e

ClassB | 3.08% 3.06% -6.27%|94% 148%|108% 15360% —oosa2 | 1.76% -3.70% -4.29% | 99% 303%

ClassC |-3.88% -6.08% -9.11%|04% 158%103% 11130% _classB | -1.46% -4.65% -4.14% | 99% 339%

ClassD |-4.13% -5.63% -8.20%|94% 214%|102% 7256% _ClassC | -1.28% -4.40% -4.75% | 99% 289%

ClassE |-4.93% -7.41% -6.88%|94% 169%]|111% 15441% ClassD | -1.22% -3.28% -4.20% | 99% 219%

Overall [-3.57% -6.17% -7.06%|93% 157%|109% 12887% Overall | -1.23% -3.65% -3.88% | 99% 284%




In-Loop Filter

Filtering with high-frequency information

» Network input

e Current compressed frame
* Reconstructed residual values

» Network output
* Filtered frame

» Network structure

Residuals

Noisy reconstructed |

pixel values

|
|
|
I Feature CUWll/%conle conv13 /\ G
: Extraction
* 4-layer CNN | e ¢
| concatenate. ' concatenate
| | -1
|
| concatenate .
| Feature
| Enhancement conv21 T" “conv22
I Layer 7,
| concatenate
| _.A
: Mapping conv3l . conv32
Layer
| y concatenate ‘
| o
| Reconstruction convéd V" -
: Layer ‘
| .
| [ 3
I eNNRR ‘
it reconstructed image __ _ _ __ _ _
Layer Layerl Layer2 Layer3 Layer4
Conv.module convll | convl2 | convl3 | convl4 | conv2l | conv22 | conv3l | conv32 | conv4
Filter size 3x3 5x5 3x3 5x5 3x3 3x3 Ix1 3x3 3x3
Filter number 32 16 32 16 16 32 32 16 1
Parameters 320 416 320 416 13,840 | 13,856 1,568 6,928 433
Total parameters 38.097

Al CONFIGURATION, BD-RATE RESULTS OF CNNF-R AND
VRCNN COMPARED WITH HM16.15

> Integration into coding system

Same model for Luma and chroma component
Different model for different QP

Replace DB and SAO

Only used on | frames

No RDO

» Performance (anchor: HM16.15)

TABLE 111

TABLE IV
RA CONFIGURATION, BD-RATE RESULTS OF CNNF-R AND

BD-rale(VRCNN) BD-rate(CNNF-R) VRCNN COMPARED WITH HMI6.15
Class Sequence -
Y T A Y T A
Traffic -47% [ -29% | -34% | -S6% | -3.7% | <4.1% BD-rate(VRCNN) BD-rate{CNNF-R)
TPeopleOnstreet A6 | 30% | at% | Sa% | fe% | X% Class v T Y Y T v
ClassA Nebuta 3% | 39% | 30% | 00% | 33% | 40% - =
SwamLocomotve | 0FE | 07% | 03% | 0% | 1% | 5% CamA | -14% | 09% | 06% | -17% | 23% | -1.9%
Kimono 35% | 20% | 18% | 35% | 28% | 23% ClassB | -19% | -0.1% | 0.5% | -23% | -LI% | -04%
FarkScene TEE | 4% | 28% | 47% | 7% | 20% ClassC | -03% | -07% | -08% | -1.0% | -15% | -1.6%
ClassB Cactus -3 1% -S30% | 3% 47% | 4.1% -£.4% ClassD 05% 0.0% 08% S1.0% 0.8% S13%
BaskeballDrive | -11% | 22% | 0% | 36% | 30% | 61% ClassE |55 502 1508 548 [ 55 T 5=
BQTerrace D07% | 29% | -18% | 25% | 44% | 27% -
Baskehal DAl | 3% | <38 | 8% | 545 | 578 | 47% Average | -L7% | -10% | -10% [ -23% | -20% | -19%
ClassC BQMall T1% | 41% | 59% | S2% | S0% | -40%
PartyScene 27% | -34% | -33% | -38% | 40% | -39%
RaceHorses 3% | S8% | 8% | 44% | 65% | 90%
BasketballPass | -3.8% | -4.1% | -7.1% | 53% | -S.1% | -86% TABLE V
ClassD e o0 e L L Al CONFIGURATION, COMPUTATION COMPLEXITY OF CNNF-R
ElowingBubbles | -3.4% | 0% | 60% | 42% | 61% | 66%  * ) N, COR b ! NF-
RaceHorses B | 7% | 93% | B8% | XI0% | -l04% AND VRCNN COMPARED WITH HM16.15 ON CPUs
FourPeople SR% | 44% | 45% | 68% | S5% | -54%
ClassE Tohnny T3% | S1% | SE% | S6% | 66% | 6% Class VRCNN vs. HMI6.15 CNNF-R vs. HMI6.15
KrsienAndSara L 3% X% Sa% | 6% L% EncThimes | DecT/umes | EncT/times | DecT/times
Class A TEE | 5% | 20% | %% | 4% | S5% ClassA a2 3630 13 1082
Summar Ths B IIE | ITE | S0% | 8% | 8% | 4% ClassB 25 3990 13 1137
: Class C 39% | 44% | S0% | 40% | S3% | 61% ClassC 35 2768 10 02
Class D 39% | 51% | -66% | 40% | S9% | 7% ClassD 37 2094 T 588
Class £ I3% | 0% | A3% | 62% | 2% | 6A% ClassE. ] 3313 12 335
Average 236% | 4.2% | -4.9% | -48% | -82% | -89% Average 42 3169 12 99

[4] Li D, Yu L. An In-Loop Filter Based on Low-Complexity CNN using Residuals in Intra Video Coding[C]//2019 IEEE International Symposium on Circuits and Systems

(ISCAS). IEEE, 2019: 1-5.



In-Loop Filter

Filtering with block partition information

» Network input
e Current compressed frame
* Block partition information: CU size

g i

WP AR NN

ASEE

(c) Boundary-based
mask

(a) Original frame with (b) Local Mean-based
partition information mask

» Network output
Filtered frame

» Network structure
deep CNN

32 residual blgeks

Decoded = Post- .
ecode = processed—p Original
Frame (:3 Frame Frame

Mask

t

Mask-flow

» Integration into coding system

Different model for different video content in an
Exhaustive search way

Different model for different QP

Used on I/P/B frames

After DB and SAO

CTU-level switchable

> Performance (anchor: HI\/I16 0)

w ASN@D"-38" .
. . Our 2-in=MM=AF . . o n ASN@4D
Conf.| Seg. VRCNN [1%] (D7) Qur ASN@4D &g ASNG4D & -
Y[ U]V Y[ UV I YTJTUTV 0 875
Class A[-7.10] -2.41 | -1.97 ||-10.04] -6.04 [ -5.72 |-12.02] -6.63 | -6.33 '§ 5 & ASNBaS”
Class B|-=37] =13 -343 |- 1010] -9.88 |-T1.93)- 11 14]- 10.64 - 1356 ;§ ASNO4S

LP Class C[-02T]-Z73 -4 121 -7.39 | -856 |- 11.07] -8.26 | -9.66 |- 1251 gg 55 OAs MEDD AD
Class D[029]-T88[-266||-7533[-6.76[-8.36|-3.31 |-8.253|-821 3 z A
Class E[-7.11|-11.25[-12.24]}- 12.97|-17.70]-17.75}- 15.14|- IR 52]- 18 4] 2c A DRN
Average[-3.57| 213 [-4957]-9.76 | -9.30 |- 10.68]-10.97[-10.33|-11.56 g '% 425  DCAD QECNN-?

Class A[=33[-TI31-0767]-7.74 | -5.07 | -4.88 | -9.25 [ -557 [ -531 @ ‘a—,
Class B[-2.26[ -268 [ -390 (| -7.38 | -8.33 |-10.68] -8.33 | -9.2T [-T1.93 Lg AS

LB Class C|0.38| -2.07 [-3.39 || -6.85 [-7-86 [-10.20] -7.35 | -8.87 [-1130 o 3
Class D[ TIR|-T35 [-Z35 (|7 3T [637 [T 98 [-7.67 [ -6.85 [ -9.1F ! o7 _ s % *?
Class E[-537]- 032 TT38[ |- T3.03[-T6.80[- 16,73 T332 T7 36| T7.0 Computational complexity (ms/CTU)

Average|-2.03| -3.20 | -3.96 || -8.2% | -8.48 [ -9.79 | -89 [ -9.20 |- T0.77
Clos AlS 63 D038 513381 [ 889 539] 505 Figure 14. Comparison of different methods on computational time per CTU
s B3 TT _]:35 i | B B D B i B k) T3] in decoder side versus BD-rate saving over HEVC baseline.

RA Class C[0.63]-148[-265]]-6.48|-7.84 -]-().14 -1 -8.72 -1-1.33 (1) VRCNN (S5) [18] which is a baseline CNN-based
Class D[1.73]-073-1.43]]-6.95]-6.04|-7.88 |-7.26 |-7.32[-7.25 compressed-video post-processing method: (2) QECNN-P [20]
Class E[-2.81] -9.48 [-10.19[4-12.54]-16.01]-15.75}-12.29]- 16.05]-15.79| which is a compressed-video post-processing method for P
Average[-1.71]-230[-293]-7.92]-8.16[-9.40 | -8.57 [ -8.75 [ -9.73 frames in HEVC; (3) DRN [21]. which is another state-of-

- = b = = the-art compressed-video post-processing method. (4) VR-
Class A[-361[-1.69]-1.74]]-6.41 [-3.74]-335]-7.27[-3.73 | -3.79 CNN+MM+AF (S7), which integrates our partition-aware-
Class B-1.35]-2Z.33[-3.80|[-3.87]-5.74 | -8.32| -3.9T [ -5.2T [ -B.2T based approach into the existing baseline VRCNN method;

Al Class C|T.OD| 238380 -6. 1T [ -85 [-930 | -562]-TT |-10.02 (5) DRN+MM+AF., which integrates our partition-aware-

: Class D133 238 [ 355 || -6.35 | -B.1T | -B32|-6.05 | -6.06 | -6.0% | based approach into the existing DRN method: (6) Our 2-
Class E|3. T3 -R3T7(97 VIS 0 B3] P ) I e B B et ] P e in+MM+AF (D7), which is the full version of our partition-

- - T - < - = — aware-based approach with local mean-based mask and add-
Average[ T36] -3 T7]-3T3]] -0 ]-0. 71| -R24|-TIT[-675] 774 based fusion; (7) Our ASN@4D*, which is the adaptive-

switching scheme with the deep CNN model. From the table.

[5] Lin W, He X, Han X, et al. Partition-Aware Adaptive Switching Neural Networks for Post-Processing in HEVC[]]. IEEE Transactions on Multimedia, 2019.



In-Loop Filter

= Content adaptive filtering

o Filtering for reconstructed pixels
o Inserted into diff. position of in-loop filtering chain: deblocking > SAO > ALF

o  Replace some filters in the chain

o Information utilized
o  Reconstructed pixels in current frame
o  Temporal neighboring pixels

o QP map, blocksize, prediction residuals, ...

o Network

o  From 4-layer to deep



Spatial-Temporal Prediction: Intra

Prediction block refinement using CNN

/ 10 layers

>0 0 o) =) 0 00 ) I::)

NeY-+AU0D
)|
| NTON+NE-+AT0D |

| neweNg 0D |
|
N
!

| NTOY+NE-+ATOD |

A

Residual Image

Predicted Image by HEV!

» Network input

e 8x8 PU and its three nearest 8x8 reconstruction blocks
» Network output

* Refined PU
» Network Structure: composed of 10 weight layers

* Conv+ RelU: for the first layer, 64 filters of size 3x3xc

Target/Original Image

 Conv + BN + RelU: for layers 2 ~ 9, 64 filters of size 3x3x64

e Conv: for the last layer, c filters of size 3x3x64
*C. C represents the number of image channels

[1] Cui W, Zhang T, Zhang S, et al. Convolutional neural networks based intra prediction for HEVC[]]. arXiv preprint arXiv:1808.05734, 2018.

> Integration into coding system
* Replace all existing intra modes

* Fixed block size

» Performance (anchor: Al, HM14.0)

Table 1 BD-rate saving for The Proposed Scheme with Ranges of Sequences

Sequences BD-rate Sequences BD-rate
Traffic -0.9% PartyScene -0.5%
PeopleOnStreet -1.2% RaceHorses -0.7%
Kimono -0.2% BasketballPass -0.4%
ParkScene -0.8% BQSquare -0.1%
Cactus -0.8% BlowingBubbles -0.7%
BasketballDrive -0.6% RaceHorses -0.7%
BQTerrace -0.8% FourPeople -0.3%
BasketballDrill -0.5% Johnny -1.0%
BQMall -0.6% KristenAndSara -0.8%

All average -0.70%




Spatial-Temporal Prediction: Intra

Prediction Block Generation Using CNN > Integration into coding system
 As an additional intra mode

> Network input * CU-level selective o

. 8 rows and 8 columns reference pixels * Different models for all TU size in HEVC :

b 4x4,8x8,16x16,32x32

» Network output

* prediction block — wion
» Network Structure: —— _4/ ) _,_‘, rasctorm || Quantistior |—sltntron dF

* 4 fully connected networks with PRelLU

o FNC hera

Predicticn

IPECN » Performance (anchor: Al, HM16.9)

Kz
IPFCN-D IPFCN-S
(o \ Sequence
- Small QPs | Normal QPs | Large QPs | Small QPs | Normal QPs | Large QPs
-6
___15 Class A (4K) —2.2% —4.5% —5.0% —1.8% —3.8% —45%
- Class B (1080P) —-1.9% -3.1% —-3.9% —1.5% —2.7% —3.0%
Class C (WVGA) —1.1% —2.1% —3.3% —0.9% —1.8% —2.6%
-
. o 00 Class D (WQVGA) —0.9% —1.8% —3.0% —0.8% —1.5% —2.9%
Class E (720P) —2.3% —45% —4.9% —1.8% —4.9% —3.8%
o Average of All Classes —1.8% —3.4% —4.0% —1.4% —-2.9% -3.5%
:/; *Small QPs: {11, 16, 21, 26}, Normal QPs: {22, 27, 32, 37}, Large QPs: {33, 38, 43, 48}.
19
\ - IPFCN-D: different model for angular intra modes and non-
\\

angular intra modes, respectively
IPFCN-S: same model for angular intra modes and non-

angular intra modes
l Fully Connected Layer ‘ Non-Linear Activation Layer

[2] Li ], Li B, Xu J, et al. Fully connected network-based intra prediction for image coding[J]]. IEEE Transactions on Image Processing, 2018, 27(7): 3236-3247.



Spatial-Temporal Prediction: Intra

Prediction Block Generation Using RNN > Network Structure:
*  Qverall structure: CNN + RNN

> Network input v" using CNN to extract local features of the input context
* neighboring reconstructed pixels and current PU block and transform the image to feature space.
v" using PS-RNN units to generate the prediction of the
______________ . feature vectors.

I
I
] —[ Preprocessing Convolutional Layers ]— —[ Cascaded PS-RNN Units } —[ R truction Layer }—
I

Full Context Model
TTTT
1
1
'
1
1
1 1 | N,
' 1 ]
| memmmmmmmm ) >
T ! .

Partial Context Model

* PS-RNN:

Fig. 4. Different availability of reference samples in a coding unit. Blocks Vertical RNN

with two different colors are processed using two different models. A— em—
| Ay ey | I
» Network output ' 5

| | Horizontal RNN concatenate = 1 S
* prediction block CTHE

Input

> Training strategy: Feature Maps
* Loss Function : MSE/SATD

Output
Feature Maps

—_—

Fig. 2.  Structure of a PS-RNN unit. It splits a stack of feature maps into vertical and horizontal planes. Each plane represents a feature map of a vertical line or
a horizontal line in the original grey-scale image. After the progressive prediction, these planes are concatenated to reconstruct the feature maps. A convolutional
layer is used to fuse the predictions from the vertical and horizontal feature maps.

[3] HuY, Yang W, Li M, et al. Progressive spatial recurrent neural network for intra prediction[J]. IEEE Transactions on Multimedia, 2019, 21(12): 3024-3037.



Spatial-Temporal Prediction: Intra

Prediction block generation using RNN
» Performance (anchor: Al, HM16.15)

TABLE I
QUANTITATIVE ANALYSIS OF SELECTED METHODS. THE RESULTS ARE SHOWN IN BD-RATE USING HEVC (HM 16.15) As THE ANCHOR. PU SI1ZE
Is SET TO 8 x 8 IN BOTH THE PROPOSED MODEL AND THE ANCHOR

Class Sequence PS-RNN-SATD | PS-RNN-MSE | FC-SATD | Li [16]
Traffic -3.8% -2.3% -3.1% -1.0%

PeopleOnStreet -3.8% -2.2% -3.1% -1.3%

Class A Nebuta(10bit) -1.9% -1.9% -1.9% -1.6%
SteamLocomotive(10bit) -3.2% -2.8% -3.2% -1.7%

Class A Average -3.2% -2.3% -2.8% -1.4%

Kimono -6.6% -3.6% -6.4% -3.2%

ParkScene -3.4% -1.9% -2.9% -1.1%

. Cactus -3.3% -1.8% -2.2% -0.9%
Class B BasketballDrive -7.8% 3.2% -3.7% -0.9%
BQTerrace -2.6% -1.8% -1.6% -0.5%

Class B Average -4.7% -2.5% -3.4% -1.3%
BasketballDrill -2.9% -1.5% -1.9% -0.3%

BQMall -2.9% -1.9% -1.4% -0.3%

Class C PartyScene -2.3% -1.8% -1.1% -0.4%
RaceHorses -2.8% -2.1% -2.3% -0.8%

Class C Average -2.7% -1.8% -1.7% -0.5%
BasketballPass -2.5% -1.7% -1.4% -0.4%

BQSquare -1.8% -1.2% -0.8% -0.2%

Class D BlowingBubbles -2.3% -1.6% -1.7% -0.6%
RaceHorses -2.6% -2.5% -2.2% -0.6%

Class D Average -2.3% -1.8% -1.5% -0.5%

Johnney -6.8% -3.8% -4.7% -1.0%

Class E FourPeople -5.6% -2.8% -4.1% -0.8%
’ KristenAndSara -6.6% -2.9% -4.0% -0.8%
Class E Average -6.3% -3.2% -4.3% -0.9%

Average -3.8% -2.3% -2.7% -0.9%

[3] HuY, Yang W, Li M, et al. Progressive spatial recurrent neural network for intra prediction[J]. IEEE Transactions on Multimedia, 2019, 21(12): 3024-3037.



Spatial-Temporal Prediction: Intra

Prediction Block Generation Using Single Layer Network

» Network input

* Rrows and R columns reference pixels

v Height/width of current block smaller than 32: R = 2

v" Otherwise: R =1

* Mode;

v Height/width of current block smaller than 32: 35 modes

v" Otherwise: 11 modes

» Network output
* prediction block

mode —p

T Rec. samples -

weights
biases

v

Non-linear
weighted prediction

R N

Figure 1. Prediction of MxN intra block from reconstructed samples using a neural network.

U

F $9mples -

N

> Network Structure:

2-layer neural network during training
v’ Layerl: feature extraction, same for all modes
v’ Layer2: prediction, different for different modes

f(x)i = lllaX(—l,Xz-), R: reference samples
{A; x , b;} = network parameters

ty = f(Air +by) | =network layer index , k = mode

Pi (r) = Aoty + by index
Py (r) = output prediction results

Network Simplification:

v Pruning: compare the predictor network and
the zero predictor in terms of loss function
in frequency domain. If loss decrease is
smaller than threshold, use zero predictor
Instead.

v’ Affine linear predictors: removing the
activation function, using a single matrix
multiplication and bias instead.

[4] Helle P, Pfaff J, Schafer M, et al. Intra picture prediction for video coding with neural networks[C]//2019 Data Compression Conference (DCC). IEEE, 2019: 448-457.



Spatial-Temporal Prediction: Intra

Prediction Block Generation Using Single Layer Network

» Signaling mode index » Performance (anchor: Al, VTM1.0)
e Use a two-layer network to predict the conditional
probabmty of each mode Sequence class | Sequence name v BD&}:)MO o
: Tango2 -5.20 | -4.31 | -3.42
* The outputs from step#1 are sorted to obtain an Al FoodMarketd | =67 | 200 | .06
i i i ; : Campfire -1.44 | -0.88 | -1.29
MPM-list and an index is signaled in the same way as T e
a conventional intra prediction mode index. A2 DaylightRoad2 | -4.01 | -1.60 | -2.47
ParkRunning3 -1.93 | -1.81 | -2.24
- MarketPlace -3.11 | -1.33 | -0.48
weights RitualDance 549 | -2.80 | -2.68
""I’C“' B Cactus 388 | -2.17 | -1.90
OC-> P BasketballDrive | -2.92 | -1.95 | -2.00
P Buin . o) BQTerrace 260 | -0.60 | 0.10
T M ¥ meural networ > | plmode) RaceHorses 278 | 163 | -1.88
B o BQMall 440 | 247 | 2.29
N ' PartyScene -2.80 | -1.56 | -1.62
BasketballDrill | -2.51 | -2.32 | -2.61
Figure 2. Prediction of mode probabilities from reconstructed samples using a neural network. RaceHorses -3.74 | -2.43 | -2.00
D BQSquare -2.84 | -0.79 | -1.05
BlowingBubbles | -2.71 | -1.63 | -2.00
1 1 1 BasketballPass | -3.43 | -2.22 | -2.52
» Integration into coding system o e
* Network generated prediction as an additional intra mode k Johnny -5.80 | -2.80 | -2.85
) KristenAndSara | -6.12 | -3.23 | -3.88
* RDO to choose intra mode average 370 -2.14 [-2.07

[4] Helle P, Pfaff ], Schafer M, et al. Intra picture prediction for video coding with neural networks[C]//2019 Data Compression Conference (DCC). IEEE, 2019: 448-457.



Spatial-Temporal Prediction: Intra

= Prediction for block of pixel values
o Refinement of traditional prediction: content adaptive filtering

o Prediction by extrapolation
o  Prediction domain: spatial domain, frequency domain
o  Supplement or replace to traditional modes
o  Network architecture: CNN, RNN, FCN and their combinations
o Reference pixels: one or multiple raw(s)/column(s)

o Loss function: Energy of residuals in spatial domain (MSE), Hardmad transform domain (SATD),
DCT domain

= Prediction of intra mode

o Probability estimation for all modes: Most Probability Modes list



Spatial-Temporal Prediction: Inter

Subpixel Interpolation

> Network input > Integration into coding system
* Integer-pixel frame * Different model for different QP
» Network output * Directly replace ¥2 DCTIF
* Half-pixel Interpolated frame
» Network Structure: > Performance (anchor: LDP, HM16.7)
* SRCNN: 4-layer CNN . BD-rate
y Class Sequence YT U v
Kimono T 0.1 0.2
ParkScene 03 VK] 03
Class B Cactus 08 0.0 0.3
BasketballDrive 13 02 o1
64 feature maps of 32 feature maps of High-resolution BQICI':\CITD . -?3 -(l)g -Ol :')
. - - L . S asketballDri -1.2 -0. 2
Lp\\ re;plutlon low-resolution image  high-resolution image image(output) . BOMaT 5 ol il
image(input) Class C PartyScene 3 03 3
~/ RaceHorses T3 03 i)
Ix1 5x5 BasketballPass 13 04 0.3
2 S — tﬁf@ Soemss ) BQSquare I3 35 11
m T I BlowingBubbles EVk) 03 08
RaceHorses -0.8 -0.9 0.0
FourPeople -3 -0.4 0.1
Class E Tohnny T3 04 07
AL / RrsienAndSara 10 03 03
Patch extraction BasketballDrill Text -1.4 -0.2 0.1
: lon-li ; i ChinaSpeed 8 03 03
and representation Non-linear mapping Reconstruction et Sh:]r:zdﬁ;eng 0.0 0.3 0.3
ShideShow 7 1 3
Class B 14 04 03
Class C 09 0.1 03
Class Summary | Class D EVk) 03 0
Class £ T2 2 =8|
Class 7 01 00
Overall All -0.9 0.1 0.2

[1] Yan N, Liu D, Li H, et al. A convolutional neural network approach for half-pel interpolation in video coding[C]//2017 IEEE international symposium on circuits
and systems (ISCAS). IEEE, 2017: 1-4..



Spatial-Temporal Prediction: Inter

Subpixel Interpolation

> Integration into coding system

» Network input * Different model for different QP, different half-pixel
* Integer-pixel position samples position and different inter-prediction direction

> Network output * Use as an additional interpolation filter: CU-level
* Half-pixel position samples of each sub-pixel position selection between CNN,¥2 DCTIF and % DCTIF

> Network Structure: » Performance (anchor: HM16.7)

TABLE Il
- SULTS J : A /C (EN : SEQUENCE JIN A EN 7 ‘IN I s 'FEREN
° lefe rent FRCN N for- d Iffe rent half_ plxel pOSItIOﬂ BD-RATE RESULTS OF QUR SCHEME COMPARED TO HEVC (ENTIRE S:gv;gcc. TRAINING DATA GENERATED BY BLOWINGBUBBLES AT DIFFERENT
. 1 1 BD-rate of LDP BD-rate of LDB BD-rate of RA
* FRCNN: 4- |ayer CNN with |ﬂCept|On structure Class Sequence Y U VE [ Y& U Ve [ Y& UE Vi
Tratfic = = = = = = —07 —00 —00
1 PeopleOnStreet - - - - - - —-09 -12 -08
Class A -

F F NN Nebuta - - - - - - —08 —09 —10
F 1 r " Training —- SteamLocomotive - - - - - - —-14 -12 -14
- - — Kimono =3 02 0T [ =12 03 05 | =05 =02 =03
ParkScene -19  -10 -13 | 09 -06 -06 | —03 -0l —0I
Prr Peur e Class B Cactus —38 —09 =1 -22 -03 -13 | -12 -05 -04
______ o, Basketball Drive -50 -18 -17| -25 -05 -07 | -15 -08 -07
E»W\ 1 :::: BQTerrace _ —65 —41 —47 | -29 08 —08 | —15 —02 —-02
il iBy :z:g Basketball DAl | p— T | 38 -08 02 | -18 —03 -0%
i i Class C BQMall —48 23 —-1.7 38 -0.8 -0.2 -19 -0.5 -0.6
o000 | | eeee® ass PartyScene -32 -16 -20 | -33 -09 -08 | =23 -07 -08
-4 +{FRCNNT 1H— Q999 Predicted Layerl Layer2 Layer(N-1) LayerN RaceHorses -30 18  —19 | -15  —09  —13 | -L1 _-08 -12
2000 i ! #9989 blocks Forx forxnz g BasketballPass -33 —-1.8 —-1.4 =21 =035 =12 =11 =10 -09
Referenceblock | | | Y Class D BQSquare —42 07 -LI —:.6 -21  -27 —3.9 -1l -6
i+ FRCNN3 | BlowingBubbles —4.7 —I.(.) =09 —-54 -09 0.6 -24 -09 —0.6
sl RaceHorses -19 -17 -—16| -14 08 —06 | —08 —06 —05

Sixfrxng Swx fux I | Residue image FourPeople . ey ey N e Y — = = =

; Y4 - Conv2,l : Class E Johnny -62 —-18% 27 | -38 0.0 -1.0 - - -

'v‘ : 'VI KristenAndSara —63 —-13 —14 | -39 -09 02 - - -
Je Je BaskethallDrillText | —4.1  —2.1  —08 | —35 —-06 —05 | —1.7 _—05 —06
nput ! ChinaSpeed -20 -17 -12 | -14 -12 00 | -13 -13 -1l
image X || Convl ’ e Convy Fl;a:;':'fl Class F SlideEditing —07 -02 -03 | -05 —02 -03 [ -01 -0l -0
' SlideShow -23 18 22| -19 27 -18 | —07 —04 05
! Class A = = = = = = —09 —08 —08%
Comv2ks Conv(N-Dky. Class B 43 -15 -18 | -19 -03 04 | —10 —04 03
Class Summary | €125 € -38 -17 -1l | -31 -08 -07 | -18 -06 —08
i ¥ | Class D -35 -13 -13 | -34 -11  —09 | —18 -09 -09

Fig. 3. Schematic illustration of FRONN, which consists of a series of convolutional modules and non-linear units (ReLU {20} in this paper). The integer-pixel Class E -6l =17 =20 | -4l -05  -03 - - -
values of a reference picture are taken as input to the network, and the output is the predicted pixel values corresponding to a specific fractional-pixel position Class F -23 —1.3 —1.4 —1.8 -12 —0.7 —0.7 —-04 —-0.35
(ie. aij -y in Fig.[T). Overall All -39 —1.5 —-1.4 2.7 —0.7 —.6 —1.3 —0.6 —0.7

[2] Yan N, Liu D, Li H, et al. Convolutional neural network-based fractional-pixel motion compensation[J]. IEEE Transactions on Circuits and Systems for Video
Technology, 2018, 29(3): 840-853..



Spatial-Temporal Prediction: Inter

Subpixel Interpolation
» Network input

* Integer-pixel position samples
» Network output

> Integration into coding system
* Different model for different sub-pixel level

* Use as an additional interpolation filter: CU-level
selection between CNN,¥2 DCTIF and % DCTIF

* Quarter/half-pixel position samples of each sub-pixel > Performance (anchor: HM16.4)
pOSltl on BDerate of LDP BDerate of LDB BDerate of RA
Class Sequence
Y U v Y U v Y U v
» Network Structure: T — o= s e
PeopleOnStreet . . . . . . 9% «0.1% DE%
. . Class A Nebuta . . . . . . |0i% 03% D4%
* Grouped variation neural network: Smmlocomoive |+« o« | -+ - o |4 bsm s
X L. Average . . . . . . 6% J02% WL3%
v" one model can generate all sub-pixel positions at one sub- m— D& 1% 16% [17% D09% 00% |.13% 02% 0%
BQTerrace $2% «34% «39% |-13% 03% 02% |-25% 00% .L1%
: ; ; ; Basketbal|Dri 33% 02% W05% | 05% 05% 01% |-14% J08% -DE%
pixel level and deal with frames coded with different QPs. Cm B | popei ™ | 0h% 0s% | 03% o0-% o% | 9% o3% new
. . Cactus 25% 05% 0E% | -1.0% 0% DI% |-LI% 02% -10%
v" Shared feature map is generated and then used to infer sub- Average 33% 438 08% |11% 0% 04% |48 0i% 478
. . . Basketbal|Drill 212% .13% 06% | l0% (0% 1% |07% 00% O0.1%
pIX8| samples at different locations. Quarter-Pixel BQMall 29% 21% W17% | «13% 09% 0% |-L1% 02% -10%
Position Samples Class C PartyScene 6% WJ5% W4T | 9% W02I% WDLR | W07 D4R LL®
RaceliorsesC Q0% 14T 6 | 5% D4F DER | 16 15% .13%
Shared Feature Map Extraction Average 222%  L13% W3R | W% W04% W06 | .10% W05%  WDER
Integer-Position Shared Group Baskethal|Pass 3% WTR 1A% | JER D% 5% | J09% LJI0% .S5%
Sample * Feature Map Variations BlowingBubbles Q1% LJ09% W03% | W0% 02% W0H2% | LHER O OLTR O 02%
4 Class D BQSyuars D6% 12% 3% | L07% 16% 09% | 07% 03% DS%
Raceliorses 27%  <lTR 0E® | -19% 00% DI% | .14 L05% -LI%
v > = (o Average Q2% TR 02% | L& D2% DL | 10 WLTR WL
FourPeopls 6% J05% 02% | 28% S9% 0.0%
) Johnny 29% 02% 04% |-12% L1%  14%
Ca= E KristenAndSars 22%  LI%  02% |.13% 6% 12%
Averzge 22% 03% 02% |-16% 25% 0.8%
BasketbalIDrillTex: | «|8% «09% O0I% |.1.0% .06% 8% |-09% 02% 5%
ChinaSpesd AR W19R W4T | 0% W13 WS5% | .14 20% .18%
Class F SlideEditing 0.0% «0.1% .02% | 00% .0.1% 1% | 06% 09% 09%
SlideShaw £L5% 02% 06 | 09% 05® 10% | 08% 03% .09%
Fig. 2. Framework of the proposed GVCNN. The network first extracts feature maps from the integer-position sample. Then the group variations that identify Average D% 0T WD5% | HTR DT L6 | 06T 02T D6
the differences between different sub-pixel position samples and the integer-position sample are inferred using the same feature maps. Final results of sub-pixel
position samples are naturally obtained by adding the variations back to the integer-position sample. All Sequences | Overall 22% J6% JD5% | 2% L% 0% | L09% 03 GJD6%

[3] Liu J, Xia S, Yang W, et al. One-for-all: Grouped variation network-based fractional interpolation in video coding[J]. IEEE Transactions on Image Processing, 2018,
28(5): 2140-2151.



Spatial-Temporal Prediction: Inter

Subpixel Interpolation

» Network input

* Integer-pixel position samples

» Network output

* Half-pixel position samples of each sub-pixel position

» Network Structure:
* 4-layer CNN

Layerl

Convl

Layer2

Layer3

3x3x16

Layerd

3x3x1

Exfan

Convd

P!’l

Qutput

» Training Scheme:

* Interpolate sub-pixel samples from integer-pixel samples

* Recover integer-pixels samples from sub-pixel samples

v'vl X o

original picture

reconstruction loss

[4] Yan N, Liu D, Li H, et al. Invertibility-Driven Interpolation Filter for Video Codingl[J]. IEEE Transactions on Image Processing, 2019, 28(10): 4912-4925.

:{ regularization loss |

—— MNipping  —

1IN
k‘&i i/(.x,)

» Integration into coding system
Different model for different QP, different sub-pixel

position

» Performance (anchor: HM16.7)

Additional mode and replacement mode are studied

Choose between DCTIF/InvIF InvIF Only
Class Sequence LDB RA LDB RA
Y{%) U(%) V&) | Y% UG Vi) |[Y( U Vi |[Yk Uk Vix
Traftic - - - —4.1 -0.2 -0.2 - — - -33 0.2 -0.3
Class A PeopleOnStreet - - - -32 -0.7 -0.7 - - - =30 -05 -03
Nebuta - - - —-0.5 -0.7 -05 - - - 0.6 05 02
SteamLocomotive — — — —-2.4 —0.6 —-1.2 - - — —0.6 0.5 —-0.9
Kimono 28 03 03 24 -0.2 -03 —1.4 1.0 0.7 —18 03 0.2
ParkScene =22 —0.5 —-0.7 =26 -0.2 -0.2 0.7 03 0.1 =20 0.2 0.1
Class B Cactus —46 -03 —1.3 —4.1 -0.7 -05 =20 0.7 1.6 -36 —03 —0.1
BasketballDrive —4.0 -03 —0.5 -29 —0.6 —0.6 =26 1.1 0.7 —-18 0.1 03
BQTerrace —54 —16 —-0.7 —6.7 —1.1 -15 19 1.5 23 —4.0 -0.3 —0.7
BasketballDrill =51 0.4 09 =37 —0.1 —0.1 —4.1 1.2 -19 —-34 04 0.2
Class C BQMall —-59 —-1.0 -1.0 —-47 —0.6 -1 -39 —-04 -07 -39 —-03 —0.5
PartyScene —47 =22 -24 -57 —1.8 -18 =27 =20 =20 -52 —1.3 —-1.5
RaceHorses =31 —04 —-0.9 -24 —0.5 —0.6 =21 -0.0 0.6 -19 0.2 0.0
BasketballPass —3.8 —-0.7 —-0.7 -26 —0.6 -0.7 —-33 —0.1 —0.1 =23 —0.3 —-0.2
Class D BQSquare -10.3 —47 —49 | =131 —-54 -52 —3.0 -33 -32 | =125 -5 -5
BlowingBubbles —-53 =20 -09 —-53 -1 -12 —-36 —-1.0 -0 -50 09 —-1.0
RaceHorses —4.2 —0.9 —0.3 -29 —0.2 —0.1 —35 —0.2 0.2 -25 0.0 0.2
FourPeople -79 —0.3 —0.4 - - - —54 0.6 0.6 - - -
Class E Johnny —-6.8 1.8 03 - - - -1.3 58 6.4 - - -
KristenAndSara —8.8 0.8 1.4 — - — —6.4 26 38 - - -
BasketballDrill Text —49 —03 —0.4 —38 —0.5 —0.6 —3.0 03 1.0 —-34 0.2 -0.2
Class F ChinaSpeed —-1.4 -1.0 -09 —-1.0 -1.0 -09 —0.1 0.5 04 -03 —-0.2 0.0
SlideEditing —-0.4 —0.1 —-0.2 —-0.3 -0.2 -0.2 0.0 03 0.5 —0.0 —0.1 -0
SlideShow —3.2 —3.1 —1.5 —0.9 —0.3 —0.4 =2.1 -23 -23 —04 0.1 0.0
Class A - - - =25 —0.5 —0.6 - - - —16 0.2 -0.2
Class B —38 —0.6 —-0.3 -37 —0.6 —0.6 —-0.7 0.9 1.1 =26 0.0 0.0
Summary Class C —4.7 —0.8 —0.8 —-42 -0.7 -09 -32 -0.3 -0 -36 —-0.3 -04
© | Class D —-59 =21 —-1.7 —6.0 —1.8 -18 —46 -1 —0.8 —-56 —-1.6 —1.5
Class E -79 05 0.4 - - - —44 3.0 36 - - -
Class F 25 —1.1 —-0.7 —1.5 —0.5 —0.5 —1.6 —0.3 —0.1 —-1.0 —0.1 —0.1
Overall All —4.7 —0.8 —0.7 —3.6 —0.8 —0.9 -2.7 0.3 0.6 -2.9 —0.3 —0.4




Spatial-Temporal Prediction: Inter

Block Refinement of Uni-Prediction

» Network input > Integration into coding system
* Predicted CU by conventional methods « Different model for different QP

* L-shape neighboring pixels of current CU « Switchable at CU-level

» Performance (anchor: LDP, HM12.0)

Predicted [ The Input of the CNNMCR o S BD-Raie (Simple CNNMCR) | BD-Raie (CNNMCR) BD-Raie (OBMC) BD-Raie (OBMC + CNNMCR)

(Red Square Region ) ass equence v U v Y U v Y U v Y U v

Kimono T19%  07%  -03% | 27%  06% 03% | -18% -24% -22% | —23% -24%  -26%

ParkScene 05% 00%  -02% | 04% 03% 00% | -27% -30% -29% | -25¢ -27%  -29%

The Input of the Simple CNNMCR Class B Cactus -18%  -06%  -03% | -25% -09% -06% | —44% 43% -42% | -65% -5.1% —42%

(Lignt Blue Square Region)  Regjon To Compress BasketbllDrive -19%  02% 0.1% | -26% -02%  01% | -23% -34% 30% | -46% -31% -29%

BQTerrace -50%  24%  -23% | -60% -32%  -30% | -68% -55%  —48% [ -112%  -70%  -69%

BasketballDrill 27% 0% 3% | 33% 08% 10% | 43% -371% —36% | 156 -27%  -39%

_ BQMell -19%  03%  00% | -29% -06%  02% | -45% -52% -55% | -69% -50%  -54%

> Network output Class € | pyriyScene 22%  01%  02% | 27% -05% -03% | -38% -28% -34% | -63% -38%  -38%
. _ RaceHorsesC -05% 08%  00% | 09% 03% -01% | 40% —48% -S2% | 47% 43%  -41%

e Refined pred icted block BasketballPass 3% 1% 15% | 23%  06%  07% | 24% 33% 41% | S9% 32%  39%

Class D BQSquere 60% -22%  -19% | -67% -23% -17% | -70% —46% -60% | -124% -63%  -7.2%

. BlowingBubbles | -19%  0.0%  -0.1% | -26%  01% 08% | -34% -27% -28% | -57% -19%  -32%

> Network Structure: RaceHorses 08%  03%  03% | -15% 03% 02% | -39% —40% -34% | -S1% -36%  -36%
FourPeople TT1%  07%  07% | -21%  08%  10% | 22% -25% -21% | 27% -11%  -18%

* \VVRCNN : 4- |ayer CNN Class E Johnny S13%  24%  16% | -25%  10%  18% | -37%  -24% -24% | -55%  -LI%  -0.5%
KristenAndSara -17%  19% 18% | -27%  17%  13% | -20% -16% -15% | -50% -07%  -04%

BasketbalDrillText | —24%  03%  06% | -26%  03%  10% | =0% 31% 25% | 64% 33%  -35%

[ ‘ 5 Class T ChineSpeed 00% 06%  08% | 00% 02% 02% | 09% -02% -0.1% | 08% -05%  -0I%

Res.dw SlideEditing 05% 02%  03% | 03% 0I% 00% [ 09%  10% 09% | 20% 17% 1.7%

. 7 Fz J—?' - SlideShow -15%  05%  -09% | -LI%  06% -09% | 00% -02% -16% | -10% 0I1%  -07%

v " ’ ) Class B 20% 04%  06% | -27% -071% -08% | -36% -31% -34% | -58% 41%  -39%
S 15 3 3 16 3- Ot Class C -18%  05%  03% | -25%  00% 02% | 42% —41% -47% | -64% -39%  43%
MPut{Luma) co-u Comv2 Com3 Cunvd utputituma) Cless Summary | Class D 256 -02% -0.0% | -33%  -03%  00% | 47% -37% -41% | -72% -37% -4.5%
Clss E S14%  17%  14% | -25%  12%  14% | -26% -22% -20% | -S.1% -12%  -09%

Class F 08% 04%  02% | 08% 03% 0I% | -06% -08% -13% | -12% 05  07%

Average of Classes BF CI8%  03%  0.0% | 23% 00% 01% | 32% 30% 32% | -52% -28%  -30%

[5] Huo S, Liu D, Wu F, et al. Convolutional neural network-based motion compensation refinement for video coding[C]//2018 IEEE International Symposium on

Circuits and Systems (ISCAS). IEEE, 2018: 1-4.




Spatial-Temporal Prediction: Inter

Block Refinement of Uni-Prediction

> Network input > Integration into coding system
* Prediction CU of conventional methods « Different model for different QP and different blocksize
* L-shape neighboring reconstructed pixels of both « Switchable at CU-level
current predicted block and temporal reference block

» Performance (anchor: LDP, HM16.9)

Ternporal neighboring pixels Spatlal neighboring pixels

Table 2. The BD-rate of NNIP for luma component compare
o HM 169

Class  Resolution Sequence BD-Y
Class A 2560x1600 Thafie %
FeopleOnstreer -0.6%
T 1 Kimono -1.9%
» Network Output refer?:cp: {,Tock Curent block ParkScene  -03% Table 3. The computational complexity of NNIP
. . Class B 1920x1080 Cactus -23% AT, ATy
Y enc ec
Refined predicted block e e —
. BQTerrace -R 6%
> Network Structure: P T TE—— ClassB  3314% 3301%
* Fully connected network + CNN Case  mimegy  BoManr  22% ClassC  2479% 2416%
ECN FarryScens 07% ClassD  2842% 1578%

5310% 1113%

Loy RaceHorses 0.6%
Y . . . ek
\—{ Relation Residue Prediction Baskerball Pass -0.9%
Ml S N l conv2 convd ’.—HL’E Average 3444% 2022%
BQSquare -1.3% g o c
/ Bd BN md 1§ ClassD  416x240
|
convl cat co Al conve

BlowingBubbles*  -0.7%

T ‘f CO\’I
L] _:l/ RaceHorses -0.6%
, :C, FC "Cs FC
N T FC,  FC: FCuy F 00"\3 con\S FourPeople -1.5%
L ClassE  128x720 Johny -20%

KristenAndSara  -2.1%

Average -1.7%

(6] Y. Wang, X. Fan, C. Jia, D. Zhao and W. Gao, "Neural Network Based Inter Prediction for HEVC," 2018 IEEE International Conference on Multimedia and Expo
(ICME), San Diego, CA, 2018, pp. 1-6, doi: 10.1109/ICME.2018.8486600.



Spatial-Temporal Prediction: Inter

Bi-prediction Block Generation

» Integration into coding system
* Different model for different QP and different block size
* Directly replace the traditional simple average of bi-prediction

» Network input

* 2 reference blocks
» Network output

* Bi-directional prediction block
» Network Structure:

reference blocks
» Performance (anchor: RA, HM16.15)

TABLE II
BD-RATE XELDUCTIONS IN THE DIFFERENT CONPIOURATIONS.

° C N N COMPUTATIONAL CO&(PLEXIT\:TQN'Bki [coxncumno,\' OF DIFFEREN
Random Access Low Delay B SEQUENCES
Sequences BD-rate Y BD-rate U BD-rate V | BD-rate Y BD-rate U BD-rate V
nput 1™ Features 1™ Features [*): Features [); Features £'*: Features ¢'* Resldual &' Average: Qutput 2™ Class A Traffic 26 % 0.4 % 04 % -2.1 % 1.6 % 1.7 % Sequences ATene ATpe.

IX2NX2N A% 2N X2N BAX2NX2N 64X 2N X 2N 63X INXZN 64X 2N X 2N LX2NX2N  1X2ZNX2N 1X2NX2N PeopleQnStreet 17 % 0% -1l % 06 % 03 % 0.0 % Class A Traffic 184.0 % 3632.7 %
: - = — — — Kimeno 25%  01%  01% | -7% 0.4 % 10 % PeopleOnStreet  152.1 % 3093.1 %
I ParkScene | 27%  02%  04% | -15%  08%  02% Kimono 1594 % 4866.2 %
Class B Cactus -35 % 0.1 % -0.6 % -6 % 0.1 % 0.1 % ParkScene 173.8 % 36782 %
s e e o BaskethallDrive | -2.6 % 0.6 % 0.5% 13 % 1.0 % 08 % Class B Cactus 162.8 % 4627.5 %
' =; e A ™ e BQTerrace 6.2 % -0.8 % 0.9 % -3.3 % L0 % 08 % BasketballDrive 1584 %  4081.1 %
| el ean i BaskethallDrill | 2.1 % 0.4 % 0.4 % 20 % 19 % 17 % BQTemace 1908 % 35167 %
comed Comd tony 3 Convd Class C BQMall 27 % 03 % 0.5 % -1.5% 06 % 1.0 % BasketballDrill 1537 %  3623.0 %
PartyScene 27 % -0.5 % -0.7 % 05 % 02 % 0.6 % BQMall 1613 % 45557 &

RaceHorses -1.0 % 05 % -0.5 % -0.1 % 0.3 % 05 % Class C
. . e BuskethallPass | -16%  07%  03% | 05% 05%  05% ParyScene 1031 % 47089 %
3 S Commeeor Caep| BQSmwe | S5 wre 4o | 3% 028 L% Roceflores  1400% *oB2*%
BlowingBubbles | 26 % 0.6 % 0.4 % -13% 05 % 12 % BasketballPass 1804 %  6078.2 %
RaceHorses | -14%  -04%  -07% [ -04% 05 % 00 % Classp  DQSquare 2066 % 6759.1 %
FourPeople - - - 37 % 0.4 % 04 % BlowingBubbles 1624 % 5590.5 %
Class E Johnny - - - 28 % 26 % 34 % RaceHorses 122.8 % 4567.3 %
KristenAndSara - - - -26 % 16 % 25 % Average 1649 % 4470.0 %

Average -30 % 0.6 % -0.6 % -6 % 08 % 09 %

[7] Zhao Z, Wang S, Wang S, et al. Enhanced Bi-Prediction With Convolutional Neural Network for High-Efficiency Video Coding[]]. IEEE Transactions on Circuits
and Systems for Video Technology, 2018, 29(11): 3291-3301.



Spatial-Temporal Prediction: Inter

Refinement of Bi-prediction Block > Integration into coding system
» Network input « Different model for different QP and different block size

* 2 reference blocks, together with L-shape neighboring * Replace traditional averaging bi-prediction in AMVP mode
piXG|S of the 2 reference blocks ° Switchable in Merge mode
* Predicted block by averaging of 2 reference blocks, > Performance bR KA CONHGURATION(ANCHOR: V16,15
together with L-shape neighboring pixels of current block Sequence | LWP 101 | Zhao ta1 | 7R Y | DU
« Temporal distances between each reference block and (anchor: RA, HM16.15 ) S i | 0o | 2o oo
current block Bt |t sh | sonk | sk | asre
ParkScene -0.02% -3.01% -2.95% -3.68%
> Network output R o S s R
. N BQMall -0.06% -2.81% -2.86% -3.42%
*  Current b|-pred|cted block PartyScene o0.11% 2eo% | 2e1% | 385%
RaceHorsesC -0.23% -0.96% -1.07% -1.51%
» Network Structure Snremairas | orin | s | aesk | aaen
BQSquare 0.09% -8.10% -7.91% -10.77%
i L: neighboring pixels BlowingBubbles -0.53% -2.10% -2.29% -2.72%
)‘*LA F RaceHorses -0.26% -1.65% -1.37% -2.21%
‘4,\_/ Class D -0.14% -3.59% -3.53% -4.76 %
' FourPeople -0.40% “711% -7.43% -8.73%
Johnny -0.41% -5.89% -5.89% -7.05%
POCo d1=POC¢ - POCo KristenAndSara -0.08% -7.03% -6.99% -8.02%
Reference Frame from List0 Class E -0.30% -6.68% -6.77 % -7.94%
DiC1 C: C: D2 CanotSTA -1.77% -2.70% -3.82% -3.48%
vS:neighbmugpuel\ 'y J ’ J ',‘ MilkyWay -3.50% -5.14% -7.35% -7.43%
K TPMSTA -0.72% -2.86% -3.51% -3.29%
ki . Mensen | rsen | adr | asre | asen
+ crop AverageAllSeq -0.61 % -3.83% -4.18% -4.80 %

POCe _
Current Frame 7 — ) ‘ COMPUTATION COMPLEXITY ON RA CONFIGURATION
P =!»B +!, F 5x3x3x64 64x3x3x64  64x3x3x64 64x3x3x64 64x3x3x64  64x3x3x64 64x3x3x64 1 Final Bi-predictor

Clacs LW [10] Zhao [14] LWP [10}+Zhao [14] | proposed STCNN
Q: neighboring pixels Enc(%) Dec(%) | Enc(%) Dec(%) | Enc(%) Dec(%) Enc(%) Dec(%)

kot ClassB | 123 102 165 750 191 750 179 1425

¥ LY ClassC | 121 98 157 843 180 821 168 1396

wN ClassD | 116 104 160 1429 181 1462 169 2209

Poc, ClassE | 124 106 181 947 209 953 195 1462

Reference Frame from List] d2=POCe - POC Overall | 121 102 165 980 189 984 177 1620

[8] Mao J, Yu L. Convolutional Neural Network Based Bi-prediction Utilizing Spatial and Temporal Information in Video Coding[J]. IEEE Transactions on Circuits
and Systems for Video Technology, 2020, 30(7), 1856-1870.



Spatial-Temporal Prediction: Inter

= Prediction of block of pixel values

o Fractional pixel interpolation
o  Super-resolution: position-aware model
o Refinement of traditional prediction or directly generation of prediction

o Content adaptive temporal filtering to replace simple average

o  Generalize of bi-hypothesis uni-directional and bi-directional by introduce temporal distances:
temporal interpolation and extrapolation

o  With/without motion vector
o As supplementing inter modes or replacing to traditional ones

= Prediction of motion/optical flow



Transform

> Network structure: » Performance
° CN N Laye rs: featu re ana |yS|S Table 1. BD-rate results of our symimetric network compared with different anchors
) Fu | |y Connectlon Layer: fulflll the tra nsform Qurs vs. DCT (32 x 32) Qurs vs. .]PE(; Qurs vs. Toderici et al.
kodim01 | =17.74% -28.45% -36.71%
Original block kodim02| =3.13% -36.38% =79.21%
{8202} kodim03 | =10.28% —47.29% —67.99%
| kodim04 | =2.86% -50.96% -65.11%
} kodim03 | —=18.31% -24.65% —28.60%
33 (64) 23 (256 A kodim06 | =13.29% -35.05% =530.77T%
RelU RelU kodim07 | =11.10% -39.13% =54.94%
RelU Quantization .
ﬂ kodim0R | =11.63% -24.42% -36.11%
?;Zcoanzs)"ucted block - kodim09 | =8.00% -41.15% -61.45%
X
P kodiml0 | =35.46% -42.18% -61.39%
kodimll [ =10.91% -33.09% -35.32%
kodim12 | =8.84% -43.60% -60.24%
1x1 (1) kodim13 | =13.35% -23.27% -41.25%
RelU kodim14 | =15.91% -30.20% -46.09%
- - . kodiml3| 7.17% -37.82% -60.90%
> Tralnlng method: kodiml6| =7.95% -46.79% -67.92%
* Initialization: FC Layer is initialized by transform matrix of DCT/IDCT xedimi7| 11.85% -35.22% - 44.26%
. . kodim1g | =15.79% -34.46% -48.31%
* Joint training of FC and CNN kodim19 | —0.84% —47.52% —65.65%
* Loss: joint rate-distortion cost Sodia) | = 26% s =62.65%
) ] o kodim2] | =17.32% -34.80% -60.27%
* Rate estimated by the [1-norm of the quantized coefficients  wawz|-125% —30.39% | -57.85%
° : : : kodim23 | =3.48% -34.09% =77.02%
Distortion estimated by MSE kodim?24 | =10.00% -26.80% =51.71%
Average | —-8.83% -38.03% -56.66%

=  How good will it be for prediction residuals?

[1] Liu D, Ma H, Xiong Z, et al. CNN-based DCT-like transform for image compression[C]//International Conference on Multimedia Modeling. Springer, Cham, 2018: 61-72.



Quantisation

Content-adaptive QP selection > Performance

e 11% bitrate saving for luma channel
against HEVC at same SSIM.

* Convolution layer: 362 trainable parameters (19«19 kernel + 1bias) etmence image S il Coded sing QF map Coded sing 07 map

e Subsampling layer: scale=2, 2 trainable parameters( 1 weight + 1 bias) g

* Full connection layer: 530 trainable parameters( 23*23 weight + 1 bias)

» Local visibility threshold prediction- VNet-2

Input patch bop: 2.60, ;;a{n ‘|_1 7% bpp: 2.9, g;;m 14.3%
(II:/I xpN) F eatlure map Feature map
(distortion visibility)
> SSIM:0.89 SSIM: 0.88 SSIM: 0.88
bpp: 2.13 bpp: 1.82, gain 14.9% bpp: 2.12, gain 0.8%
Layer Cl: Layer S2: Layer F3: :
Convolution  Subsampling Full connection

» Quantization steps derivation for CTU
log(Qstep) = aC? + BC +y

e ( : predicted local visibility threshold
* {a,B,v}: model coefficients depend on patch features,
predicted from 3 separate NNs.

bpp 249 bpp: 2.2%5, gain 9.6%  bpp: 239, g.\n‘?

SSIM: 0.82 SSIM: 0.82 SSI\( 0.84
bpp: 2.12 bpp: 1.69, gain 202% 2.03, gain 4.3%

[1] Alam M M, Nguyen T D, Hagan M T, et al. A perceptual quantization strategy for HEVC based on a convolutional neural network trained on natural
images[C]//Applications of Digital Image Processing XXXVIII. International Society for Optics and Photonics, 2015, 9599: 959918.



Entropy coding

Probability Estimation of Intra Prediction Mode

» Network inputs
* Reconstructed pixels: above-left, above and left blocks with the
same size of current coding block
* Prediction modes of 3 neighboring blocks: one 35-D one-hot
binary vector for each neighboring block

» Network output

* 35-D probability vector of 35 intra prediction modes
» Network structure

* Based on LeNet-5

cl
32@NKN o
S4@N/2XN2 Sé

INPUT
I@NxN

Convoluticas Max pooling

Ceavolutions Max pooling

Full connection

INPUT  concat
1@isx|

» Integration into coding system

Recs Probability
_| CNN based | distribution
"| Network
I Mulli.-le\"el ) coded bits
m » Arithmetic Coding ——»
syntax Engine
element

>

Fig. 3. The scheme of CNN-based arithmetic coding.

» Performance (anchor: Al, HM12.0)

TABLE |
BITS SAVINGS FOR INTRA PREDICTION MODES IN HM-INTRA-8

QP 22 27 32 37
ClassA -9.9% -9.8% -9.6% -8.0%
ClassB -8.9% —9.1% -8.7% —6.3%
ClassC | -10.0% -10.2% -9.7% -7.1%
ClassD -7.0% -8.0% -8.7% —6.6%
ClassE -9.7% -11.5% -13.0% -12.0%
ClassF | -8.8% -9.9% -9.7% -9.3%

Average -9.0% —9.8% -9.9% —8.2%

[1] Song R, Liu D, Li H, et al. Neural network-based arithmetic coding of intra prediction modes in HEVC[C]//2017 IEEE Visual Communications and Image Processing

(VCIP). IEEE, 2017: 1-4.



Entropy coding

Probability Estimation of Transform Kernel Index

» Network input

* Transform coefficients block
» Network output

* Probability vector of transform kernel indexes
» Network structure

* Convolution layer

e Subsampling layer: scale=2

* Fully connected layer

(F4): Layer  (F5): Layer
36 36
(o} sl
(€1)32 f(i::;re maps (C2) 64 feature maps  (s3) G4 feature maps : '\
Input coeff. Block e (2x2) [ ‘Kl
(axa) | S—<°
o\ Ve
o\ o
/AAT .
s o \—14-0
o \\[o
ol T \of
% /
Subsampling
Convolution layer l layer ‘ Fully connected

residual X
Ty
—

» Integration into coding system

* Utilize the probability to reorder transform kernel

iIndexes
* Binarize the index with truncated unary code
TO N Probabilities
. P = [PoPyr - Pyl .
\ c Cq Pre-trained Constructlnc_lex Truncated bits b
vee| Ty |oee Q CNN Model t’:r'z::bf&'z:g ™| unary coder [} CABAC >

Fig. I: Block Diagram of proposed CNN-based transform index coding
» Performance (anchor: Al, HM15.0)
[ Class Sequence EP CTXT CNN  Nolndex |
Output: A Nebuta -0.37 038  -0.40 -0.37
probabilities of PeopleOnStreet 075 069  -0.90 -1.75
transform Indices SteamLocomotive 0.03 -0.03 -0.03 -0.19
\ Traffic -0.85  -0.83  -L.10 -1.82
Overall -049 048  -0.6I -1.03
B BasketballDrive -0.22 042 048 -0.47
BQTerrace -1.44 -1.56 -1.70 =301
Cactus -1.02 107 -1.25 <248
Kimono 0.18 -027  -0.05 -0.08
ParkScene -0.45 -0.59 074 -2.81
Overall -0.59 067 -0.84 -1.79
C BasketballDrill -314 2336 334 -3.29
BQMall -1.74 181 -1.91 -3.33
PartyScene -2.03 =214 2205 -3.89
RaceHorses -1.59  -1.57 -1.82 -3.38
Overall 2,12 222 2.31 -3.47

[2] Puri S, Lasserre S, Le Callet P. CNN-based transform index prediction in multiple transforms framework to assist entropy coding[C]//2017 25th European Signal

Processing Conference (EUSIPCO). IEEE, 2017: 798-802.



Entropy coding

Probability estimation - Possibility estimation

o For different syntaxes

o Mode indexes, coefficients values, ...

o Using correlated information
o  Reconstructed pixels, intermediate reconstructed pixels

o Decoded neighboring modes

o Labels
o Happened or not — POSSIBILITY instead of probability

o  Possibility describes the likelihood of a value happening in one symbol while probability
describe the frequency of a value happening in an infinite string of symbols

o  Possibilityis a more suitable descriptor for non-stationary process

Z. He, L. Yu, Possibility distribution based lossless coding and its optimization, Signal Processing, Vol. 150, pp 122-134, Sep. 2018



Performance

Performance (anchor: HEVC) = compared to JPEG
#: evaluated in BD-rate with MS-SSIM (%)
0.7[1] 3.4[2]
e reciion Im—" 300
- 3.8[4]

o - 0.9(3] 3.6[4]
Inter Prediction — 5.2[5]

h L.716] 3.0[7]

0.201] 1bo 4.8[8]

Entropy Coding ; 4.7(3]

7.401]
Filter : 2304 1.32] 3.6[3]

———8.6[5]

Transform=* 4 A 38[1]

Qua Ntization 7 | ]171]

0 2 4 6 8 10 38
BD-rate with PSNR (%)



Hybrid or End-to-End

Input video

> Quantization [

| i T —
A

—_——— —_.—_— — —

\ 4

Dequantization

!

Inv. Transform

Bitstream

—_———— e — —— —

— _ ————— 'i > : Entropy COdInQI_I_’.:-:-

—
I
| |
Statistical redundancy
o« Intra prediction [+ T _I
I

\ 4

S Ep——— In-loop filter




End-to-End Video Coding

» Overall Network Structure

limited temporal
information utilization

End-to-end Video Compression Framework

=

Xt
Current
Frame

h -

y

D

Residual

er N

|

P |

Motion

Compensation Net

Decoded Frames Buffer

s Ve
Bit Rate
Estimation N

et

» Loss function

L= AD +R = Ad(x;, x;) + R(m;) + R(J¢)

* Optical Flow Net

v An optical flow estimation network
* MV Encoder & MV Decoder

N4

v, f——— MV Encoder +———|
§ N ~ ~ ~
i 2 @ s
- i = e E — E —
A Ry
L
[ = = c
- S 8 S S Q

-
Decont(B 2,2)
IGIDN
econv:a 128,2)
IG[I)N
Deconv:s 128,2)
IG[I)N
Deconvl(3,128,2)

[—»;VDecoder<_{
* Motion Compensation Network

CNN

I Ut
* Residual Encoder Net & Decoder Net
v An end-to-end image compression network

* Bit Rate Estimation Net

= v" Bit rate estimation part of an end-to-end
Image compression network

[1] Lu G, Ouyang W, Xu D, et al. Dvc: An end-to-end deep video compression framework[C]//Proceedings of the IEEE Conference on Computer Vision and Pattern
Recognition. 2019: 11006-11015.



End-to-End Video Coding

temporal information
utilization by using LSTM

» Overall Network Structure

Residual Coding

Original Frames

rl

Intra Coding

Inter Coding

Reconstructed Frames Bit stream )

> Loss function

L= AD + R = Ad(x; x) + R(My) + R(Fr)

—

* Intra Coding & Residual Coding

v An end-to-end image compression network

* Inter Coding

v" One-stage Unsupervised Flow Learning:

Stage One |

Compressead Flow

e
l

—— Warping

Optical flow estimation and compression realized in one stage

v" Context Adaptive Flow Compression

Upcated Priors

Temporal Priors ConvLSTM

G G-

R L

S
Quantuzed Features l
=t

i | 3D Masked Conv Autoregressive Priors
: | ) |
: I
1 -

| A
- = 1 3
1. = __ 1 /p: 1

Hyper Decoder -
|

Feature Fusion

=

Hyper Priors

For entropy model, besides using spatial features and
hyperpriors, temporal priors generated by ConvLSTM are used.

[2] Liu H, Huang L, Lu M, et al. Learned Video Compression via Joint Spatial-Temporal Correlation Exploration[C]//AAAI. 2020.



End-to-End Video Coding

> Performance

e P HEVC Closs B dataset HEVC Class C datasat HEVC Class D datasst HEVC Class E dataset
- 0907 - 09
0964 _.;’ - 0@
0961 0961 Bom”l o " 0960
b L. .- - - 0.8%0 { Al
AP 0974 e - 0875
0974 = 097 = 06875 |
= - = = = s = o9
S & ) & 0974 D nm | 3
9 — NVC % 096+ 30%_ g { o 0966
- et [ —— L CvPR018 | 2 = = Proposed = === Proposed s —— Lu_CVPR2019 | ~osw| 4 .
/ —w. H265 0861 —— Ly CVPR2OIS | g —— L CvPR2019 | P/ T HLCVPREDe 0800 —w= H265 / ki
0ssd ¥, —— Vi ECCV2018 —w- H2B5 ’I -w. H265 ' - H265 ‘ . 09561 4 - H.265
/ -=- H264 % -=- H264 osd 4 =w H264 0961 Jl =->- H264 L == H264 0950 = H264
. 0541
o 02 02 0 01 02 o 0& 05 06 o1 02 03 o0& 05 08 01 02 03 0¢ 05 06 07 a3 0N 03 o L A
8pp 8pp Bop 8pp Bpp

Criginal Frame {Bpp/MS-SSIM)

Progesed (0.0

18100.9747)

H.265/HEVC (0.01835/0.9686)

H.284/AVC (0.01848/0.8578)

H.264/AVC (0.01867/0.8541)

Original Frame (Bpp/MS-SSIM)

Figure 8: Visual Comparison. Reconstructed frames of our method, H.265/HEVC and H.264/AVC. We avoid blocky artifacts
and provide better quality of reconstructed frame at low bit rate.

[1] Liu H, Huang L, Lu M, et al. Learned Video Compression via Joint Spatial-Temporal Correlation Exploration[C]//AAAI. 2020.



Conclusion

= All roads lead to Rome
« NN modules embedded into hybrid video coding frameworks can bring significant coding gains
«  End-to-end image and video coding - still follow the source coding theory

«  Training: separately or jointly

«  Performance of learning based coding comes from
«  Re-organization of information: non-linear transform to independent symbol
«  Quantization: scalar vs. vector quantization

«  Entropy coding: hyperprior to estimate of possibility + arithmetic coding



Latest Publications on Learning-based Coding

SPECIAL SECTION ON LEARNING-BASED IMAGE AND
VIDEO CODING, IEEE TCSVT 2020. Jul

12 papers:

« End-to-end image compression (1)
« Intra prediction (3)

« Inter prediction (2)

« Filtering (2)

« Arithmetic coding (1)

« Encoder optimization (3)
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Deep Neural Network Based Video Coding

= AhG on DNNVC established in 130t MPEG meeting in Apr. 2020

= Mandates

« Evaluate and quantify performance improvement potential of DNN based video coding
technologies (including hybrid video coding system with DNN modules and end-to-end DNN
coding systems) compared to existing MPEG standards such as HEVC and VVC, considering various
quality metrics;

« Study quality metrics for DNN based video coding;
« Solicit input contributions on DNN based video coding technologies;

« Analyze the encoding and decoding complexity of NN based video coding technologies by
considering software and hardware implementations, including impact on power consumption;

« Investigate technical aspects specific to NN-based video coding, such as design network
representation, operation, tensor, on-the-fly network adaption (e.g. updating during encoding) etc

Subscribe mailing list:

https://lists.aau.at/mailman/listinfo/mpeg-dnnvc



Image/Video Coding for ...

Reconstruction image/video for human vision -- yes, but not the only target

e O
©

.9

v
1| 01 o U
+ Encoding a J111LELE ﬁ Decoding

Coding image/video for machine understanding
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Video Coding for Machine: Use Cases

* 6 major application areas
* Smart Industry
* Intelligent Transportation

Traffic sign
recognition

Adaptive Emergency braking
* Smart Retaller Sl e
* Smart City - e
* Smart Sensors Networks oo
* Immersive Video / HD Entertainment A e

* Smart Media Editing and Creation

* Use Cases:
* machine-oriented analysis
* hybrid machine/human representation

Action



Video Coding for Machine: Potential Pipelines

Video Encoder

Bitstream

A 4

Video Encoder

Bitstream

Video Decoder

Video
Video [ Machine | Feature Feature
—{ Analysis > ; >
(Part1) Conversion
Video Machine Feature

»  Analysis
(Partl)

\ 4

Feature Encoder

Bitstream

\ 4

Video Decoder

Y

\ 4

A

Video Encoder

Bitstream

Feature Decoder

\ 4

\ 4

Video Decoder

Video Machine Analysis Inference R
| (Part1) (Part2) Results
.| Feature Inverse | Feature %ﬁ;{;}gg Inference
| Conversion " (Part2) Results
Machine
Feature o  Analysis InF:ereIr]cce >
(Part2) esults

Video
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Video Coding for Machine

AHG on Video Coding for Machines
r and compr

VCM mailing list

AhG on VCM established in 127th MPEG meeting in July, 2019

Mandates

To create and evaluate anchors for object detection, object segmentation and
object tracking

To collect data sets, ground truth

To define metrics for object detection, object segmentation and object
tracking

To compare performance of analysis using original data vs. analysis using
compressed features at different bit rates in the typical cases of object
detection

To collect evidence on the level of achievability of combined
human/machine-oriented video representation and compression

To encourage experts to provide feature stream codecs

To encourage experts to provide uncompressed bitstream from feature
extractor

Preliminary Timeline

2019.07 Establish VCM, set up mailing list, release use cases
2020.01 Release requirements, provide evidences on Mandate 5 and 6
2020.07 Call for evidence

42



Thanlk!

Contact me: yul@zju.edu.cn



