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Abstract
This contribution proposes a Neural Network-based Inter prediction blending. The proposed NN replaces the regular blending of bi-prediction of motion compensated blocks. Several networks with different complexity are proposed. All networks use a number of MACs per pixel between 11 and 17 kMACs.
It is reported that averagely 0.99%, 0.34% and 0.31% BD rate saving for RA for Y, Cb, and Cr components respectively, are achieved for the most complex network.
Introduction
In VVC [1], the inter bi-predictions are blended using several (excluding) modes: 
a) traditional blending: average of the 2 predictions
b) traditional blending + BDOF correction,
c) triangle blending,
d) BCW blending.
In this contribution, we propose to replace cases a) and b) by a NN based process.
Complexity/gains trade-offs are studied:
a) Two different network sizes
b) 3 different mode conditions
For comparison purposes, both the number of MACs per pixel and indicative running time using a pure CPU implementation inside the VTM reference software are given. Implementation is also based on a quantified network in order to obtain bit accurate decoding.
Proposal
The proposed network takes as input the 2 inter predictions blocks and produces the final prediction for the given block. The network is applied only on the luma component, regular blending is applied on chroma component.
Mode conditions
The conditions to use or not the NN based blending are presented in the table below.

	Mode
	fast

	normal
	a) CU is not affine
b) CU does not use CIIP
c) CU does not use BCW
d) POC of reference blocks symmetrically in past and future of the current block
e) CU does not use SMVD

	fast
	Same as normal + block width and height greater than 8

	slow
	Same as normal without condition d) and e)


 When the mode is not used, the default traditional blending is used.
Architecture
[image: ]
The figure above shows the general layout of the network:
· A first convolutional layer takes as input the 2 prediction blocks, parametrized by 16 3x3 convolutions.
· N-3 convolutional layers of 16 3x3 convolutions.
· A convolutional layer of 14 3x3 convolutions
· A concatenation between the 2 inputs and the output of the above layer
· A final convolution layer of 1 convolution layer
All layers but the last one uses a ReLU activation layer. The last one uses a clip after the convolution.
The input blocks are enlarged with a border of N pixels on each side.
Two versions of the network are proposed with N=5 or N=6 (see section below).


 Inference
A custom CPU-only based implementation is used for inference. The framework is single thread and uses naïve SIMD optimisation for some operations. The network is quantized on 16 bits integer and operation are performed using 32 bits integer. The network information in the inference stage is provided in Table 1 as suggested by [2].
Table 1. Network Information for NN-based Video Coding Tool Testing in Inference Stage
	Network Information in Inference Stage

	
	
	Small version (N=5)
	Medium version (N=6)

	
	HW environment:

	
	GPU Type
	none
	none

	
	Framework:
	Standalone C++
	Standalone C++

	
	Number of GPUs per Task
	0
	0

	
	　
	　
	

	
	Total Parameter Number
	7k 
	9k

	
	Parameter Precision (Bits)
	16 (I)
	16 (I)

	
	Memory Parameter (MB)
	~0.013 MB 
	~0.0178 MB

	
	MAC (kMACs)
	11.3 kMACs/pix 
	16.6 kMACs/pix

	Optional
	　
	　
	

	
	Total Conv. Layers
	5 
	6

	
	Total FC Layers
	0
	0

	
	Total Memory (MB)
	
	

	
	Batch size:
	1 block at a time
	1 block at a time

	
	Patch size
	Depending on the block (8x8..16x16)
	Depending on the block (8x8..128x128)

	
	Peak Memory Usage
	　16*3*3*26*26=95kB
	16*3*3*28*28=110kB

	
	Other information: 
	　
	


The current implementation in encoder is straightforward and no heuristic are used in the RDO, especially pessimistic block prefetching is used.
Training
Tensorflow 2.0 is used as the training platform. The BVI-DVC and UVG datasets are used to train the NN. The network information in the training stage is provided in Table 2 as suggested by [2]. The pair of blocks are extracted using blocks used in BDOF for a subset of each sequence in the dataset. The total dataset contains ~50M of blocks.
Table 2. Network Information for NN-based Video Coding Tool Testing in Training Stage
	Network Information in Training Stage

	Mandatory
	GPU Type
	GPU: Tesla-P100-16GB

	
	Framework:
	Tensorflow 2.x

	
	Number of GPUs per Task
	1

	
	　
	　

	
	Epoch:
	10

	
	Batch size:
	256

	
	Training time:
	~100h

	
	Training data information: 
	UVG, BVI-DVC

	
	Training configurations for generating compressed training data (if different to VTM CTC):
	VTM-11.0, QP {22, 27, 32, 37, 42}

	Optional
	　
	　

	
	Patch size
	16x16x2

	
	Learning rate:
	1e-4

	
	Optimizer:
	ADAM

	
	Loss function:
	SATD

	
	Preprocessing:
	none

	
	Other information: 
	　



Experimental results
Experimental results are presented below:
· First small and medium size networks results are presented, using the same mode configuration.
· Then, for the medium size network, 3 different modes configuration are presented. 
· For reference, the medium size network is compared to BDOF (as the tool is a replacement).
· LDB results are shown on 1 s. for reference.
All results used the 5 QPs as described in [2]. Further details are available in attached files.  
Small NN – Normal mode
	
	Random access Main10 

	
	BD-rate Over 

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT
	bit DIFF

	Class A1
	-0.26%
	-0.05%
	0.05%
	481%
	579%
	0%

	Class A2
	-0.77%
	-0.30%
	-0.21%
	554%
	832%
	0%

	Class B
	-0.56%
	-0.28%
	-0.20%
	553%
	751%
	0%

	Class C
	-0.76%
	-0.39%
	-0.32%
	488%
	825%
	1%

	Class E
	 
	
	 
	 
	 
	 

	Overall
	-0.60%
	-0.27%
	-0.18%
	520%
	746%
	0%

	Class D
	-1.51%
	-1.04%
	-0.77%
	500%
	1165%
	1%

	Class F
	-0.15%
	-0.02%
	-0.10%
	426%
	369%
	0%



Medium NN
Normal mode
	
	Random access Main10 

	
	BD-rate Over 

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT
	bit DIFF

	Class A1
	-0.42%
	-0.15%
	0.04%
	648%
	752%
	0%

	Class A2
	-1.06%
	-0.37%
	-0.31%
	757%
	1082%
	0%

	Class B
	-0.83%
	-0.40%
	-0.35%
	731%
	1033%
	0%

	Class C
	-1.24%
	-0.46%
	-0.41%
	645%
	1168%
	1%

	Class E
	 
	
	 
	 
	 
	 

	Overall
	-0.90%
	-0.36%
	-0.28%
	695%
	1011%
	0%

	Class D
	-2.68%
	-1.45%
	-1.10%
	654%
	1624%
	2%

	Class F
	-0.23%
	-0.07%
	-0.12%
	561%
	442%
	0%


Default mode vs VTM-11 without BDOF
VTM-11-BDOF=OFF vs VTM-11 BDOF=ON
	
	Random access Main10 

	
	BD-rate Over 

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT
	bit DIFF

	Class A1
	-0.47%
	-0.26%
	-0.12%
	105%
	100%
	0%

	Class A2
	-1.13%
	-0.43%
	-0.42%
	103%
	100%
	1%

	Class B
	-0.83%
	-0.43%
	-0.43%
	104%
	108%
	0%

	Class C
	-0.86%
	-0.56%
	-0.54%
	103%
	110%
	1%

	Class E
	 
	
	 
	 
	 
	 

	Overall
	-0.82%
	-0.43%
	-0.40%
	103%
	105%
	0%

	Class D
	-1.53%
	-0.79%
	-0.90%
	102%
	110%
	1%

	Class F
	-0.29%
	-0.08%
	-0.06%
	105%
	78%
	0%



VTM-11-BDOF=OFF vs VTM-11 medium normal NN
	


	Random access Main10 

	
	BD-rate Over 

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT
	bit DIFF

	Class A1
	-0.89%
	-0.41%
	-0.08%
	677%
	755%
	1%

	Class A2
	-2.18%
	-0.80%
	-0.73%
	777%
	1080%
	1%

	Class B
	-1.65%
	-0.83%
	-0.78%
	758%
	1113%
	1%

	Class C
	-2.09%
	-1.02%
	-0.95%
	662%
	1283%
	1%

	Class E
	 
	
	 
	 
	 
	 

	Overall
	-1.72%
	-0.79%
	-0.67%
	718%
	1063%
	1%

	Class D
	-4.15%
	-2.22%
	-1.99%
	666%
	1784%
	3%

	Class F
	-0.52%
	-0.16%
	-0.18%
	587%
	344%
	0%




Fast mode
	
	Random access Main10 

	
	BD-rate Over 

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT
	bit DIFF

	Class A1
	-0.42%
	-0.12%
	0.01%
	530%
	724%
	0%

	Class A2
	-0.95%
	-0.24%
	-0.20%
	593%
	1023%
	0%

	Class B
	-0.71%
	-0.27%
	-0.18%
	590%
	968%
	0%

	Class C
	-0.97%
	-0.38%
	-0.28%
	463%
	1014%
	1%

	Class E
	 
	
	 
	 
	 
	 

	Overall
	-0.77%
	-0.26%
	-0.17%
	542%
	935%
	0%

	Class D
	-2.11%
	-1.30%
	-0.93%
	459%
	1416%
	1%

	Class F
	-0.12%
	0.02%
	-0.03%
	474%
	428%
	0%



Slow mode
	
	Random access Main10 

	
	BD-rate Over 

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT
	bit DIFF

	Class A1
	-0.46%
	-0.14%
	-0.01%
	732%
	911%
	0%

	Class A2
	-1.16%
	-0.40%
	-0.28%
	835%
	1221%
	1%

	Class B
	-0.88%
	-0.29%
	-0.31%
	793%
	1106%
	0%

	Class C
	-1.40%
	-0.50%
	-0.55%
	692%
	1252%
	1%

	Class E
	 
	
	 
	 
	 
	 

	Overall
	-0.99%
	-0.34%
	-0.31%
	760%
	1122%
	1%

	Class D
	-2.89%
	-1.38%
	-1.27%
	691%
	1643%
	2%

	Class F
	-0.15%
	-0.04%
	-0.08%
	599%
	483%
	0%



LDB results
The results are given using for 1 sec., JVET CTC configurationfor LDB configuration.

	
	 
	 
	Low delay B Main10 
	 
	 

	
	 
	 
	Over VTM-11
	 
	 

	
	Y
	U
	V
	EncT
	DecT

	Class A1
	 
	 
	 
	 
	 

	Class A2
	 
	
	 
	 
	 

	Class B
	-0.36%#VALUE!
	0.13%#VALUE!
	0.30%#VALUE!
	575%#NUM!
	895%#NUM!

	Class C
	-0.34%
	0.05%
	0.09%
	433%
	671%

	Class E
	-0.91%
	-0.45%
	0.39%
	386%
	431%

	Overall
	-0.49%#VALUE!
	-0.04%#VALUE!
	0.25%#VALUE!
	473%#NUM!
	677%#NUM!

	Class D
	-0.85%
	0.07%
	0.00%
	392%
	582%

	Class F
	-0.04%
	0.20%
	0.15%
	222%
	277%



Trade-off analysis
From the results above, it is shown that the bigger network as a better trade-off of gain/MAC, typically ~17kMAC/pix for 1% bdrate gains.
The tool allows to more than double the gains of BDOF. 
The proposed tool also allows gains of xx%-0.49% in LDB configuration, whereas BDOF had smaller gains when applied in LDB configuration.
However, even if the trade-off gains/MAC is higher compared to other Neural Network based approaches (post-filters etc.), the overall complexity remains quite high compared to non NN approaches, and further investigation is needed to improve the overall complexity/gains trade-off.

References 
1. Versatile Video Coding Editorial Refinements on Draft 10, JVET-T2001, B. Bross, J. Chen, S. Liu, Y.-K. Wang.
1. [bookmark: _Ref52354371][bookmark: _Ref60061878]JVET common test conditions and evaluation procedures for neural network-based video coding technology, JVET-T2006, S. Liu, A. Segall, E. Alshina, R. -L. Liao.

Patent rights declaration(s)
InterDigital may have current or pending patent rights relating to the technology described in this contribution and, conditioned on reciprocity, is prepared to grant licenses under reasonable and non-discriminatory terms as necessary for implementation of the resulting ITU-T Recommendation | ISO/IEC International Standard (per box 2 of the ITU-T/ITU-R/ISO/IEC patent statement and licensing declaration form).

	Page: 2	Date Saved: 2021-04-20
image3.png
Final
prediction

9TXEXE IT

1eouod

9TXeXE T

9TXEXE 29T

9TXEXE 29T

CXEXE 9T

PO

P1

N-3




image1.png




image2.png




