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Abstract
JVET-AA0080 proposes to use CP decomposition plus fusing adjacent 1x1 convolution to reduce the complexity of NNLF. In addition, it also proposes to split architecture for luma and chroma components between input network and output network. Simulation shows that using JVET-X0140 low complexity model (EE1-1.4.1) as baseline, whose worse case block level complexity is 33.6 KMAC/Pixel, the proposal can achieve the AI luma gain about 5% with worst case complexity of 17.7 KMAC/pixel for (24L,8C) split. This contribution applies the same techniques proposed in JVET-AA0080 and investigates the RA case. The same baseline model shows the BD-rate saving of 5.78%, 6.80% and 5.03%4.98%,5.08%,3.36% (Y, Cb, Cr, respectively) for RA compared to EE1 NNVC-2.0 anchor VTM anchor 1. For the proposed complexity reduction techniques with first pass training, when compared against EE1 NNVC-2.0 anchorVTM anchor 1, the BD-Rate saving for RA (Y, Cb Cr, respectively) is:
· CP decomposition with fusing: 4.45%,5.68%,5.19%5.06%, 7.08%, 3.20%, with worst case block level complexity of 16.2 KMAC/Pixel
· Split Luma Chroma architecture (24L, 8C) + CP decomposition with fusion: 4.66%,8.78%,7.81%5.31%, 9.39%, 7.80%, with worst case block level complexity of 17.7 KMAC/Pixel
· Split Luma Chroma architecture (20L, 8C) + CP decomposition with fusion: 4.11%,8.15%,5.62% with worst case block level complexity of 14.2 KMAC/Pixel
Introduction
[bookmark: _Hlk106208441]JVET-AA0080 [1] proposes to use CP decomposition plus fusing adjacent 1x1 convolution to reduce the complexity of NNLF. In addition, it also proposes to split architecture for luma and chroma components between input network and output network. The proposed techniques shows that in AI case the luma gain is about 5% with worst case complexity of 17.7 KMAC/pixel for (24L,8C) split. The architecture retains majority of the luma gain and achieve higher chroma gain with worst case complexity further reduced to 14.2 KMAC/Pixel for (20L,8C) split and 11.3 KMAC/Pixel for (16L,8C) split, respectively.
In this contribution, further investigation is performed for RA case. The same baseline model JVET-X0140 low complexity model (EE1-1.4.1) [2] is chosen for our trial. This model has a good tradeoff on performance versus complexity. The block-level worst case complexity is 33.6 KMAC/Pixel. The simulation results indicate that EE1-1.4.1 achieved 4.98%,5.08%,3.36% 5.78%, 6.80% and 5.03% BD-rate saving for RA and 5.16%, 5.93%, 5.19% BD-rate saving for AI compared to VTM NNVC-2.0 anchor, for Y, Cb and Cr components, respectively.

Figure 1 shows the application of CP-decomposition of 3x3 convolution layers and fusion of adjacent 1x1 pointwise convolutions of the baseline JVET-X0140 Model. The 3x3 convolutions of each hidden layer are decomposed into 4 layers with rank R followed by fusion of adjacent 1x1 convolution:
· 1st layer: 1x1xKxR pointwise convolution
· 2nd layer: 3x1xRxR separable convolution
· 3rd layer: 1x3xRxR separable convolution
· 4th layer: 1x1xRxK pointwise convolution
Figure 1 shows the baseline JVET-X0140 NNLF architecture. Figure 2 shows the split Luma, Chroma architecture combined with CP decomposition and fusing of adjacent 1x1 conv layer. The block-level complexity in KMACs/Pixel is shown in Table 1.
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Figure 1 CP Decomposition + fusion of 1x1 conv layers of JVET-X0140 Baseline Model
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[bookmark: _Ref115965901]Figure 2  Split luma and chroma model + CP Decomposition + fusion of 1x1 conv layer


[bookmark: _Ref108540618]Table 1 Block-level complexity measure in KMacs/Pixel for split luma and chroma model + CP + fusion
	Split luma+chroma model
	complexity in KMAC/Pixel

	CP + fusion
	16.2

	(24L, 8C)
	17.7

	(20L, 8C)
	14.2

	(16L, 8C)
	11.3



Simulation results
Simulations are performed based on the common test conditions for neural-network-based video coding technology [4] for RA condition. For I picture, the model in JVET-AA0080 is used. 
Table 2 shows our proposal CP decomposition + fusion of adjacent 1x1 conv compared against VTM EE1 VTM NNVC-2.0 anchor 1. Table 3 shows our proposal CP decomposition + fusion of adjacent 1x1 conv compared against JVET-X0140 EE1-1.4.1 baseline model. 

[bookmark: _Ref107909154]Table 2  Simulation results of CP decomposition + fusion compared against EE1 VTM NNVC-2.0 anchorAnchor 1
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc-2.0+V0056

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.88%
	-3.60%
	-4.36%
	
	3567%

	Class A2
	-4.57%
	-4.95%
	-3.70%
	
	3397%

	Class B
	-4.07%
	-6.08%
	-5.93%
	
	3770%

	Class C
	-4.52%
	-7.27%
	-6.01%
	
	3538%

	Class E
	
	
	 
	
	

	Overall 
	-4.45%
	-5.68%
	-5.19%
	
	3590%

	Class D
	-5.90%
	-6.23%
	-6.70%
	
	3837%




[bookmark: _Ref107909232]Table 3  Simulation results of CP decomposition + fusion compared against JVET-X0140 EE1-1.4.1
	
	Random Access Main10 

	
	BD-rate Over JVET-X0140 EE1-1.4.1

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	0.13%
	-0.67%
	-1.74%
	
	81%

	Class A2
	0.54%
	-0.72%
	-1.45%
	
	81%

	Class B
	0.62%
	-0.84%
	-2.46%
	
	81%

	Class C
	0.82%
	-0.26%
	-1.62%
	
	82%

	Class E
	
	
	
	
	

	Overall 
	0.56%
	-0.63%
	-1.89%
	
	81%

	Class D
	0.88%
	0.55%
	-1.52%
	
	81%




The simulation for combined split luma and chroma model + CP decomposition + fusion of adjacent 1x1 conv compared to EE1 VTM NNVC-2.0 anchor is shown in Table 4 for setting 1 (24L, 8C).  

[bookmark: _Ref115970492]Table 4  Simulation results of split luma and chroma model + CP decomposition + fusion compared using (24L, 8C) against EE1 VTM NNVC-2.0 anchorAnchor 1
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc2.0+V0056

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.63%
	-5.84%
	-6.30%
	
	4736%

	Class A2
	-4.88%
	-9.21%
	-5.34%
	
	4518%

	Class B
	-4.33%
	-8.91%
	-8.88%
	
	4993%

	Class C
	-4.93%
	-10.51%
	-9.45%
	
	4655%

	Class E
	 
	
	 
	
	

	Overall 
	-4.66%
	-8.78%
	-7.81%
	
	4753%

	Class D
	-6.37%
	-9.99%
	-10.66%
	
	5097%



The simulation for partially trained split luma and chroma model + CP decomposition + fusion of adjacent 1x1 conv compared to EE1 VTM NNVC-2.0 anchor is shown in Table 5 for setting 2 (20L, 8C).  

[bookmark: _Ref117404929]Table   Simulation results of split luma and chroa model + CP decomposition + fusion compared using (20L, 8C) against EE1 VTM NNVC-2.0 anchor
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc2.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.38%
	-5.24%
	-4.03%
	
	4756%

	Class A2
	-4.34%
	-8.03%
	-3.97%
	
	4519%

	Class B
	-3.75%
	-8.65%
	-6.43%
	
	5034%

	Class C
	-4.18%
	-9.78%
	-7.03%
	
	4709%

	Class E
	 
	
	 
	
	

	Overall 
	-4.11%
	-8.15%
	-5.62%
	
	4785%

	Class D
	-5.52%
	-10.26%
	-7.94%
	
	5121%



Training and inference information
The models are trained based on BVI-DVC [3] for RA. The raw video data was compressed using RA configurations to create the training examples where Intra model is from JVET-AA0080. As in JVET-X0140 EE1-1.4.1, joint models are used for luma and chroma components. 2 models are used for Intra and 2 modes are used for Inter. 1st stage RA training dataset was generated without deblock RDO using (older NNVC anchor configuration). 2nd stage RA training dataset was generated using deblock RDO (NNVC-2.0 anchor configuration).
More information related to the training & inference of models can be found in the tables below.


Table   Training information of split luma and chroma model + CP decomposition + fusion
	Network Information in Training Stage

	Mandatory
	GPU Type
	Nvidia GeForce RTX3090 

	
	Framework:
	Tensorflow 2.8.0

	
	Number of GPUs per Task
	1

	
	 
	 

	
	Epoch:
	(30-50 per each RA stage)
Baseline CP Fused - Stage1:50 Stage2:50
Split LC CP Fused (24,8) - Stage1:50 Stage2:30
Split LC CP Fused (20,8) - Stage1:30 (Stage2 pending)


	
	Batch size:
	 16

	
	Training time:
	124200hours per each RA stage

	
	Training data information: 
	 BVI-DVC

	
	Training configurations for generating compressed training data (is different to VTM CTC):
	QP=20,25,30,35,40,45

	Optional
	 
	 

	
	Number of iterations
	 

	
	Patch size
	  72x72 (4 luma and 2 chroma planes)

	
	Learning rate:
	  Epoch :  LR,    0-2030 1E-4, 320 to 430 1E-5, >430 1E-6  

	
	Optimizer:
	ADAM

	
	Loss function:
	12-1-1 Weighted L2

	
	Preprocessing:
	Convert 144x144 YUV420 signal to 6 72x72 blocks. Normalize to 0~1

	
	Other information: 
	

	
	 
	 



Table   Inference information of split luma and chroma model + CP decomposition + fusion
	Network Information in Inference Stage

	
	Split LC (16L, 8C)
	Split LC (20L, 8C)
	Split LC (24L, 8C)

	Mandatory
	HW environment:

	
	GPU Type
	CPU only

	
	Framework:
	Tensorflow 2.8.0

	
	Number of GPUs per Task
	0

	
	 
	 

	
	Number of Parameters (Each Model)
	36974
	46066
	57014

	
	Total Parameter Number
	73948
	92132
	114028

	
	Parameter Precision (Bits)
	Floating (32bits)

	
	Memory Parameter (MB)
	0.282
	0.368
	0.435

	
	MAC/Pixel (Kilo)
	11.3
	14.2
	17.7

	Optional
	 
	

	
	Total Conv. Layers
	88

	
	Total FC Layers
	0

	
	Total Memory (MB)
	

	
	Batch size:
	

	
	Patch size
	72x72 (4 luma and 2 chroma planes )

	
	Changes to network configuration or weights required to generate rate points
	

	
	Peak Memory Usage (Total)
	
	

	
	Peak Memory Usage (per Model)
	
	

	
	Other information: 
	




Conclusion
[bookmark: _Hlk115956318]This contribution shows the potential of using split luma and chroma model combining with CP decomposition plus fusion of 1x1 convolutional layer to achieve computational complexity reduction by approximately half compared to the JVET-X0140 low complexity model (EE1-1.4.1). With one pass training, when EE1 VTM Anchor 1 is used, the RA luma gain over VTM NNVC-2.0 anchor is about 5.064.45% with worst case complexity of 16.2 KMAC/Pixel for CP decomposition fused model. When applying split luma-chroma architecture plus CP decomposition fused model, the RA luma gain is about 5.314.66% with worst case complexity of 17.7 KMAC/pixel for (24L,8C) split and RA luma gain is about 4.11% with worst case complexity of 14.4 KMAC/pixel for single stage trained (20L,8C) split. The contribution proposes to further study the complexity reduction framework in EE.
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