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Abstract
This contribution reports the experimental results of EE1-1.10. The models for complexity reduction in this EE test are originally proposed in JVET-AA0080 and JVET-AB0136, with the introduction of parallel fusion of deblocked samples and NNLF outputs for further improvement. In EE1-1.10.1, the model with CP decomposition plus fusing adjacent 1x1 convolution is tested. In EE1-1.10.2, the model with CP decomposition, fusing adjacent 1x1 convolution and split architecture for luma and chroma components is tested. The models are implemented on top of NNVC common software NNVC-3.0. They are also implemented with fixed point using SADL. BD-Rate results are reported compared to NNVC-3.0 anchor. While the JVET-X0140 low complexity model achieves about 5.16% luma gain for AI and 4.98% for RA with worse case block level complexity of 33.6 KMAC/Pixel, the proposed models can achieve better trade-off with lower complexity. The AI and RA results of {Y, Cb, Cr} BD-Rate gain are as follows:
EE1-1.10.1: CP-decomposition with fusing, worst case block level complexity of 16.2 KMAC/Pixel
· [bookmark: _Hlk122049282]LibTensorflow, fp32:  AI {-4.65%, -5.66%, -5.03%}, RA {-5.05%, -6.29%, -4.46%}
· SADL, fp32:  AI {-4.64%, -5.62%, -4.97%}, RA {-5.02%, -6.36%, -4.38%}
· SADL, int32: AI {-4.62%, -5.62%, -4.96%}, RA {-5.01%, -6.24%, -4.32%}
EE1-1.10.2: CP-decomposition with fusing and split luma chroma (24L, 8C), worst case block level complexity of 17.7 KMAC/Pixel
· LibTensorflow, fp32:  AI {-4.94%, -7.76%, -7.69%}, RA {-5.43%, -7.79%, -6.57%}
· SADL, fp32:  AI {-4.91%, -7.21%, -6.97%}, RA {-5.37%, -7.61%, -6.31%}
· SADL, int32: AI {-4.88%, -7.24%, -6.99%}, RA {-5.34%, -7.64%, -6.34%}
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 show that in AI case the luma gain is about 5% with worst case complexity of 17.7 KMAC/pixel for (24L, 8C) split. JVET-AB0136 [2] further reports the RA results of the proposed models, where the CP fused model with split luma chroma (24L, 8C) shows 4.66% luma gain.
In this contribution, the CP fused model (EE1-1.10.1) and the CP fused model with split luma chroma (24L, 8C) (EE1-1.10.2) are selected and implemented on top of NNVC common software NNVC-3.0. They are also implemented with fixed point using SADL. BD-Rate results are reported compared to NNVC-3.0 anchor.
Proposed methods

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 [3]. 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 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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[bookmark: _Ref107346337]
Figure 1 CP Decomposition + fusion of 1x1 conv layers of JVET-X0140 Baseline Model (EE1-1.10.1)
Ky
NxN
KC
Channel Concat
LY
NxN
LC
3x3 conv 3x3x10xM

Leaky ReLu
3x3 conv 3x3xKYxLY
1x1 conv 1x1xMxM
Leaky ReLu
3x3 conv 3x3xKxK
1x1 conv 1x1xMxK
Leaky ReLu

3x3 conv 3x3xKYxKY
1x1 conv 1x1xMYxKY
BS info
QStep
Yx4+U+V 72x72x10
NxN
1x1 conv 1x1xKYxMY
Leaky ReLu
3x3 conv 3x3xKYxKY
1x1 conv 1x1xMYxKY
Y’x4+U’+V‘ 64x64x6
N’xN’
nY Hidden Layers (Luma) 
nC Hidden Layers (Chroma) 
1x1 conv 1x1xMCxKC
1x1 conv 1x1xKCxMC
3x3 conv 3x3xKCxKC
1x1 conv 1x1xMCxKC

3x3 conv 3x3xKCxKC
1x1 conv 1x1xKCxMC
Leaky ReLu
3x3 conv 3x3xKCxLC
Leaky ReLu
1x1 conv 1x1xKYxMY
Layers approximated with CP decomposition
Separable Convolution layers
3x3 conv 3x3xKYxKY
Rank RY CP decomposition
1x1 conv 1x1xKYxRY
3x1 Sep conv 3x1xRYxRY
1x1 conv 1x1xRYxKY
1x3 Sep conv 1x3xRYxRY
Illustration of CP decomposition in Luma layer hidden unit

















[bookmark: _Ref108532404]
[bookmark: _Ref115965901]Figure 2 Split luma and chroma model + CP Decomposition + fusion of 1x1 conv layer (EE1-1.10.2)

[bookmark: _Ref108540618]Table 1 Block-level complexity measure in KMacs/Pixel 

	Models
	complexity in KMAC/Pixel

	JVET-X0140 baseline
	33.6

	CP + fusion (EE1-1.10.1)
	16.2

	(24L, 8C) (EE1-1.10.2)
	17.7



Compared to the models in JVET-AB0136 and JVET-AA0080, the parallel fusion in current NNVC-3.0 software is added, as shown in Figure 3.

[image: ]

Figure 3 Parallel fusion of the NNLF and Deblocking Filter’s outputs

Following changes were added to SADL library to realize the proposed low complexity NNLF models:
· Support for 3x1 and 1x3 convolutions
· Support for separable convolutions
· Support for slicing for split models
Current SADL library does not have SIMD support for separable convolutions and 1D (3x1 and 1x3) convolutions. Additionally, the tensor layout for all convolution layers is assumed to be NHWC format. NHWC layout SIMD acceleration is done along the channel/depth dimension (C). However, separable convolutions cannot be efficiently optimized for SIMD along the depth dimension C. Separable convolutions can be efficiently accelerated using SIMD in NCHW format where the parallelization is done along the spatial dimension. Therefore, the SADL float and int32 are realized in C without SIMD acceleration in the current proposal.
Simulation results
Simulations are performed based on the common test conditions for neural-network-based video coding technology for AI and RA configurations [5]. BD-Rate results compared to the NNVC-3.0 anchor are reported.
Tables 2-7 show the AI and RA performances of CP fused model in EE1-1.10.1 compared against NNVC-3.0 anchor. LibTensorflow fp32, SADL fp32 and SADL int32 results are reported respectively. Note that the SADL fp32 and SADL int32 encode and decode times are higher due to lack of SIMD acceleration in the current SADL library.

[bookmark: _Ref107909154]Table 2  AI performance of EE1-1.10.1 (LibTensorflow, fp32, NNVC-3.0 anchor)
	
	All Intra Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.48%
	-4.04%
	-4.55%
	108%
	2397%

	Class A2
	-4.22%
	-5.70%
	-4.51%
	119%
	1892%

	Class B
	-4.19%
	-5.99%
	-5.32%
	110%
	1925%

	Class C
	-4.52%
	-6.90%
	-5.48%
	110%
	1548%

	Class E
	-6.21%
	-5.02%
	-4.94%
	112%
	2275%

	Overall 
	-4.65%
	-5.66%
	-5.03%
	112%
	1950%

	Class D
	-4.95%
	-5.46%
	-5.25%
	109%
	1718%



Table 3 RA performance of EE1-1.10.1 (LibTensorflow, fp32, NNVC-3.0 anchor)
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-5.55%
	-3.47%
	-4.11%
	117%
	3567%

	Class A2
	-5.38%
	-5.19%
	-3.25%
	116%
	3397%

	Class B
	-4.65%
	-6.74%
	-5.02%
	116%
	3770%

	Class C
	-4.94%
	-8.66%
	-4.93%
	110%
	3538%

	Class E
	 
	
	 
	 
	

	Overall 
	-5.05%
	-6.29%
	-4.46%
	114%
	3590%

	Class D
	-6.03%
	-8.64%
	-5.15%
	108%
	3837%



Table 4 AI performance of EE1-1.10.1 (SADL, fp32, NNVC-3.0 anchor)
	
	All Intra Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.43%
	-3.94%
	-4.45%
	134%
	7623%

	Class A2
	-4.21%
	-5.68%
	-4.47%
	143%
	5965%

	Class B
	-4.17%
	-5.95%
	-5.25%
	127%
	6038%

	Class C
	-4.52%
	-6.87%
	-5.43%
	127%
	4619%

	Class E
	-6.19%
	-5.00%
	-4.92%
	138%
	7139%

	Overall 
	-4.64%
	-5.62%
	-4.97%
	132%
	6070%

	Class D
	-4.95%
	-5.49%
	-5.20%
	120%
	4700%



Table 5 RA performance of EE1-1.10.1 (SADL, fp32, NNVC-3.0 anchor)
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-5.48%
	-3.61%
	-4.00%
	153%
	10661%

	Class A2
	-5.34%
	-5.26%
	-3.19%
	147%
	10120%

	Class B
	-4.63%
	-6.77%
	-4.98%
	155%
	11256%

	Class C
	-4.91%
	-8.72%
	-4.82%
	139%
	10487%

	Class E
	 
	
	 
	 
	

	Overall 
	-5.02%
	-6.36%
	-4.38%
	149%
	10696%

	Class D
	-6.02%
	-8.53%
	-5.13%
	138%
	11163%



Table 6  AI performance of EE1-1.10.1 (SADL, int32, NNVC-3.0 anchor)
	
	All Intra Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.37%
	-3.97%
	-4.40%
	172%
	17993%

	Class A2
	-4.19%
	-5.66%
	-4.46%
	160%
	14040%

	Class B
	-4.16%
	-5.94%
	-5.22%
	142%
	14253%

	Class C
	-4.51%
	-6.87%
	-5.47%
	134%
	10822%

	Class E
	-6.17%
	-5.01%
	-4.92%
	154%
	16949%

	Overall 
	-4.62%
	-5.62%
	-4.96%
	150%
	14310%

	Class D
	-4.94%
	-5.47%
	-5.22%
	131%
	11033%



Table 7 RA performance of EE1-1.10.1 (SADL, int32, NNVC-3.0 anchor)
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-5.44%
	-3.46%
	-3.87%
	190%
	26123%

	Class A2
	-5.34%
	-5.18%
	-3.16%
	181%
	24749%

	Class B
	-4.60%
	-6.66%
	-4.83%
	192%
	27617%

	Class C
	-4.96%
	-8.57%
	-4.87%
	165%
	25378%

	Class E
	 
	
	 
	 
	

	Overall 
	-5.01%
	-6.24%
	-4.32%
	182%
	26123%

	Class D
	-6.05%
	-8.26%
	-5.27%
	167%
	27310%



Tables 8-13 show the AI and RA performances of CP fused model with split luma chroma (24L, 8C) in EE1-1.10.2 compared against NNVC-3.0 anchor. LibTensorflow fp32, SADL fp32 and SADL int32 results are reported respectively. Note that the SADL fp32 and SADL int32 encode and decode times are higher due to lack of SIMD acceleration in the current SADL library.

Table 8 AI performance of EE1-1.10.2 (LibTensorflow, fp32, NNVC-3.0 anchor)
	
	All Intra Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.38%
	-6.24%
	-6.94%
	112%
	3135%

	Class A2
	-4.54%
	-8.74%
	-6.26%
	122%
	2455%

	Class B
	-4.43%
	-7.91%
	-8.15%
	112%
	2497%

	Class C
	-5.05%
	-8.59%
	-8.86%
	111%
	1988%

	Class E
	-6.58%
	-6.91%
	-7.56%
	114%
	2967%

	Overall 
	-4.94%
	-7.76%
	-7.69%
	114%
	2533%

	Class D
	-5.45%
	-7.77%
	-9.80%
	110%
	2224%



Table 9 RA performance of EE1-1.10.2 (LibTensorflow, fp32, NNVC-3.0 anchor)
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-5.47%
	-5.63%
	-5.59%
	121%
	4736%

	Class A2
	-5.82%
	-8.35%
	-4.70%
	120%
	4518%

	Class B
	-5.06%
	-8.22%
	-7.64%
	120%
	4993%

	Class C
	-5.55%
	-8.46%
	-7.36%
	112%
	4655%

	Class E
	 
	
	 
	 
	

	Overall 
	-5.43%
	-7.79%
	-6.57%
	118%
	4753%

	Class D
	-6.78%
	-7.93%
	-8.69%
	111%
	5097%



Table 10 AI performance of EE1-1.10.2 (SADL, fp32, NNVC-3.0 anchor)
	
	All Intra Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.32%
	-5.25%
	-6.09%
	143%
	9097%

	Class A2
	-4.51%
	-8.16%
	-5.64%
	147%
	7110%

	Class B
	-4.42%
	-7.41%
	-7.33%
	132%
	7207%

	Class C
	-5.04%
	-8.26%
	-8.43%
	129%
	5495%

	Class E
	-6.55%
	-6.50%
	-6.62%
	144%
	8509%

	Overall 
	-4.91%
	-7.21%
	-6.97%
	137%
	7236%

	Class D
	-5.44%
	-7.46%
	-9.40%
	130%
	5608%



Table 11 RA performance of EE1-1.10.2 (SADL, fp32, NNVC-3.0 anchor)
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-5.38%
	-5.35%
	-5.35%
	159%
	13080%

	Class A2
	-5.76%
	-8.09%
	-4.53%
	151%
	12415%

	Class B
	-5.02%
	-8.03%
	-7.26%
	161%
	13835%

	Class C
	-5.51%
	-8.40%
	-7.19%
	146%
	12710%

	Class E
	 
	
	 
	 
	

	Overall 
	-5.37%
	-7.61%
	-6.31%
	155%
	13088%

	Class D
	-6.77%
	-7.80%
	-8.61%
	145%
	13705%



Table 12 AI performance of EE1-1.10.2 (SADL, int32, NNVC-3.0 anchor)
	
	All Intra Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-4.24%
	-5.28%
	-6.01%
	184%
	22072%

	Class A2
	-4.49%
	-8.16%
	-5.65%
	165%
	17226%

	Class B
	-4.39%
	-7.43%
	-7.35%
	147%
	17502%

	Class C
	-5.02%
	-8.30%
	-8.48%
	138%
	13306%

	Class E
	-6.53%
	-6.55%
	-6.75%
	163%
	20805%

	Overall 
	-4.88%
	-7.24%
	-6.99%
	156%
	17571%

	Class D
	-5.43%
	-7.42%
	-9.37%
	135%
	13583%



Table 13 RA performance of EE1-1.10.2 (SADL, int32, NNVC-3.0 anchor)
	
	Random Access Main10

	
	BD-rate Over VTM-11.0_nnvc-3.0

	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-5.33%
	-5.58%
	-5.36%
	199%
	33066%

	Class A2
	-5.71%
	-8.19%
	-4.54%
	190%
	31479%

	Class B
	-4.98%
	-8.00%
	-7.27%
	202%
	35023%

	Class C
	-5.50%
	-8.34%
	-7.28%
	179%
	32167%

	Class E
	 
	
	 
	 
	

	Overall 
	-5.34%
	-7.64%
	-6.34%
	193%
	33131%

	Class D
	-6.75%
	-7.80%
	-8.61%
	182%
	34488%



Training and inference information
The models are trained based on DIV2K [6] for AI and BVI-DVC [4] for RA. The raw DIV2K image data was compressed using AI configurations to create the training examples for AI. 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 models 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).
For SADL int32, the model parameters are quantized to int32 precision, and the inference is also performed on the int32 precision basis.
More information related to the training & inference of models can be found in the Table 14 and Table 15 below.
[bookmark: _Ref123725783]Table 14  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:
	400 for AI
50 each RA stage

	
	Batch size:
	 16

	
	Training time:
	75 hours for AI
200 hours per each RA stage

	
	Training data information: 
	DIV2K(AI), BVI-DVC(RA)

	
	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:
	AI:  1E-4 
RA:  
· 1E-4 0-30 epochs
· 1E-5 30-40 epochs 
· 1E-6 40-50 epochs  

	
	Optimizer:
	ADAM

	
	Loss function:
	12-1-1 Weighted L2

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

	
	Other information: 
	

	
	 
	 




[bookmark: _Ref123725793]Table 15  Inference information of split luma and chroma model + CP decomposition + fusion
	Network Information in Inference Stage

	
	Baseline CP Fused
	Split LC (24L, 8C)

	Mandatory
	HW environment:

	
	GPU Type
	CPU only

	
	Framework:
	libTensorflow, SADL float, SADL int32

	
	Number of GPUs per Task
	0

	
	 
	 

	
	Number of Parameters (Each Model)
	52566
	57014

	
	Total Parameter Number
	105132
	114028

	
	Parameter Precision (Bits)
	Floating (32 bits) / integer (32 bits)

	
	Memory Parameter (MB)
	0.411
	0.435

	
	MAC/Pixel (Kilo)
	16.2
	17.7

	Optional
	 
	

	
	Total Conv. Layers
	46
	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 CP decomposition plus fusion of 1x1 convolutional layer to achieve computational complexity reduction by approximately half compared to the JVET-X0140 low complexity model. RA luma gain over NNVC-3.0 anchor is about 5% with worst case complexity of 16.2 KMAC/Pixel for CP decomposition fused model in EE1-1.10.1. When applying split luma-chroma architecture plus CP decomposition fused model, the RA luma gain is about 5.4% with worst case complexity of 17.7 KMAC/pixel for (24L,8C) split in EE1-1.10.2. For AI case, the luma gain is about 4.6% and 4.9% for EE1-1.10.1 and EE1-1.10.2. The results of SADL implementation shows consistent coding performance compared to LibTensorflow. However, the run time of SADL float and int32 implementations are significantly higher due to lack of SIMD support for separable convolutions. 
The contribution proposes to continue EE-1.10 in following aspects:
· SADL INT16 implementation
· SADL SIMD optimization for separable convolutions
· Training crosscheck if time permits.
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