	[image: ][image: ]Joint Video Experts Team (JVET)
of ITU-T SG 16 WP 3 and ISO/IEC JTC 1/SC 29
32nd Meeting, Hannover, DE, 13–20 October 2023
	Document: JVET-AF0056-v1



	Title:
	EE1-1.2.2: Content-adaptive LOP filter

	Status:
	Input document to JVET

	Purpose:
	Proposal

	Author(s) or
Contact(s):
	
Ruiying Yang
Maria Santamaria
Francesco Cricri
Honglei Zhang
Jani Lainema
Miska M. Hannuksela
Antti Hallapuro
Nokia Technologies, Tampere, Finland
	
Email:
	

{ruiying.yang,
maria.santamaria_gomez,
francesco.cricri,
honglei.1.zhang,
jani.lainema,
miska.hannuksela,
antti.hallapuro}@nokia.com


	Source:
	Nokia


_____________________________
Abstract
This contribution reports the results for the EE1-1.2.2 test which studies an integrated signalling mechanism for the content-adaptive neural network loop-filter in JVET-AE0093, and uses as basis the LOP1 loop-filter. It is reported that a new type of adaptation parameter set (APS), called neural network filter update APS, was designed and implemented. In JVET-AE0093, the inference was conducted on top of NNVC 5.0, using SADL library with half rounding enabled. The attained coding gains were -1.21% (Y), -6.43% (Cb) and -5.52% (Cr). Nevertheless, it was observed that the deactivation of half rounding in SADL library led to a reduction in coding gains by approximately 1%. Therefore, this contribution also studies data-driven quantization as means to improve the inference performance with SADL library and int16 precision. It is reported that, the average coding gains of this approach are -1.19% (Y), -6.40% (Cb) and -5.49% (Cr) with respect to the NNVC 5.0 anchor (NN intra tool ON and LOP1 tool ON).

Introduction
[bookmark: _Hlk147406244]The content-adaptive approach for neural network loop-filter, as detailed in JVET-AE0093 [1], is achieved by means of overfitting one of the models of default LOP1 filter in NNVC 5.0. The generated weight-updates are coded with the MPEG-NNR standard [2, 3]. This EE1 test studies an integrated signalling mechanism to seamlessly carry the MPEG-NNR bitstream and other related data within the video bitstream. 
The inference of JVET-AE0093 used the SADL library [4] that, as explicated in JVET-AD0156 [5], was implemented with half rounding enabled to enhance performance in int16 inference. Notably, this quantization approach was not adopted in NNVC 5.0. Therefore, in this EE test, data-driven quantization was applied and subsequently inference was done on top of NNVC 6.0 (note that the NN intra prediction tool and the LOP1 loop-filter were not modified from NNVC 5.0 to NNVC 6.0).

Overfitting
The content-adaptive loop-filter in JVET-AE0093 [1] is obtained by overfitting multiplier parameters that are applied after each convolutional block.
where  is the kernel,  is the convolution operator,  is the input,  is the bias,  is the multiplier and  is the activation function.
The network architecture is based on JVET-AD0156 [5] (Figure 1) and the difference is that the multiplier layers are added after each convolutional block.
Figure 1 NN architecture from JVET-AD0156 [2].
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Table 1 shows the details of NN information during the overfitting stage.

[bookmark: _Ref147417515]Table 1 Network Information for NN-based Video Coding Tool Testing in Training Stage
	Network Information in Overfitting Stage

	Mandatory
	[bookmark: _Int_PRcYuoW7]GPU Type
	GPU NVIDIA A100-SXM-80GB

	
	Framework:
	TensorFlow 2.8.0

	
	[bookmark: _Int_ub3ZUKJF]Number of GPUs per Task
	1

	
	 
	 

	
	Epoch:
	200 epochs for class C&D, 100 epochs for class A,B,F

	
	Batch size:
	64

	
	Loss function:
	Weighted-MSE

	
	Training time (for 1  model):
	[bookmark: _Int_0Pf9CGph][bookmark: _Int_0gdPYkD6]A1 & A2: 11 hours
B: 7 hours
C: 2.5 hours
D: 1 hour
F: 4 hours

	
	Training data information: 
	[bookmark: _Int_qjBjoxeF]JVET CTC RA mandatory sequences

	
	Training configurations for generating compressed training data (if different to VTM CTC):
	

	Optional
	 
	 

	
	Number of iterations
	

	
	Patch size
	72x72

	
	Learning rate:
	1e-3

	
	Learning rate update strategy
	Constant learning rate

	
	Optimizer:
	ADAM

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

	
	Mini-batch selection process:
	 

	
	Training data update strategy:
	

	
	Other information: 
	 

	
	 
	 



The resulting weight updates from the overfitting process are coded using the MPEG-NNR standard [3, 4] and the estimated time of encoding weight updates is about 1 hour for class A, 30 minutes for class B, 7 minutes for class C & F, 2 minutes for class D. At decoder side, the average time for NNR decoding and reconstructing the overfitted model is 5 seconds.

Quantization
The floating-point overfitted models, obtained after decoding the NNR weight updates, were quantized to int16 using data-driven quantization, which falls under the category of post-training quantization and involves calibration of sequence data that was previously utilized in overfitting. In the quantization process, the naïve approach is applied for both parameters and activations, followed by adjustments to the model quantization parameters (model QPs) which are determined based on the statistical characteristics of the output values obtained from each layer within the neural networks. The estimated time for determining the model QPs is around 8 minutes for class A, 4 minutes for class B, less than 1 minute for class C, D & F. The determined model QPs are signalled to the decoder together with the MPEG-NNR bitstream representing the weight update. 

Neural network update signalling
The MPEG-NNR bitstream and the model QPs are carried within a newly designed NN filter update APS NAL unit, which is described in this section. 
Proposed specification text
Adaptation parameter set

	adaptation_parameter_set_rbsp( ) {
	Descriptor

		aps_params_type
	u(3)

		aps_adaptation_parameter_set_id
	u(5)

		aps_chroma_present_flag
	u(1)

		if( aps_params_type  = =  ALF_APS )
	

			alf_data( )
	

		else if( aps_params_type  = =  LMCS_APS )
	

			lmcs_data( )
	

		else if( aps_params_type  = =  SCALING_APS )
	

			scaling_list_data( )
	

		else if( aps_params_type  = =  NN_UPDATE_APS )
	

			nn_filter_update_data( )
	

		aps_extension_flag
	u(1)

		if( aps_extension_flag )
	

			while( more_rbsp_data( ) )
	

				aps_extension_data_flag
	u(1)

		rbsp_trailing_bits( )
	

	}
	



aps_params_type specifies the type of APS parameters carried in the APS as specified in Table 2. The value of aps_params_type shall be in the range of 0 to 2, inclusive, in bitstreams conforming to this version of this Specification. Other values of aps_params_type are reserved for future use by ITU‑T | ISO/IEC. Decoders conforming to this version of this Specification shall ignore APS NAL units with reserved values of aps_params_type.

[bookmark: _Ref147417445][bookmark: _Ref147432730][bookmark: _Ref147432709]Table 2. APS parameters type codes and types of APS parameters
	aps_params_type
	Name of aps_params_type
	Type of APS parameters

	0
	ALF_APS
	ALF parameters

	1
	LMCS_APS
	LMCS parameters

	2
	SCALING_APS
	Scaling list parameters

	3
	NN_UPDATE_APS
	Neural-network filter update




All APS NAL units with a particular value of aps_params_type, regardless of the nuh_layer_id values and whether they are prefix or suffix APS NAL units, share the same value space for aps_adaptation_parameter_set_id. APS NAL units with different values of aps_params_type use separate values spaces for aps_adaptation_parameter_set_id.
aps_adaptation_parameter_set_id provides an identifier for the APS for reference by other syntax elements.
[bookmark: _Hlk38718837]When aps_params_type is equal to ALF_APS or SCALING_APS, the value of aps_adaptation_parameter_set_id shall be in the range of 0 to 7, inclusive.
[bookmark: _Hlk26258631]When aps_params_type is equal to LMCS_APS, the value of aps_adaptation_parameter_set_id shall be in the range of 0 to 3, inclusive.
When aps_params_type is equal to NN_UPDATE_APS, the value of aps_adaptation_parameter_set_id shall be in the range of 0 to 3, inclusive.
Neural network filter update data syntax

	nn_filter_update_data( ) {
	Descriptor

	[bookmark: _Hlk147493694]	nnfu_bitstream_size_minus1
	u(15)

		for( i = 0; i <= nnfu_bitstream_size_minus1; i++ )
	

			nnfu_payload_byte[ i ]
	u(8)

		}
	

	}
	



nnfu_bitstream_size_minus1 + 1 specifies the count of bytes in nnfu_payload_byte.
nnfu_payload_byte contains the byte sequence representing the size of the model QPs, the model QPs and the bitstream conforming to ISO/IEC 15938-17. In particular, nnfu_payload_byte[ 0 ] specifies the size of the model QPs. Let NnfuQPsSize be equal to nnfu_payload_byte[ 0 ] and NnfuBitstreamSizeMinus1 be equal to nnfu_bitstream_size_minus1: the bytes from nnfu_payload_byte[ 1 ] to nnfu_payload_byte[ NnfuQPsSize ] contain the model QPs and the bytes from nnfu_payload_byte[ NnfuQPsSize + 1 ] to nnfu_payload_byte[ NnfuBitstreamSizeMinus1 ] shall be a complete bitstream that conforms to ISO/IEC 15938-17 and provides an update relative to the base neural-network filter associated with the same aps_adaptation_parameter_set_id.

Experiment Results
Table 3 describes the loop-filter information at inference stage. 

[bookmark: _Ref147417534]Table 3 Network Information for NN-based Video Coding Tool Testing in Inference Stage
	Network Information in Inference Stage

	Mandatory
	HW environment:

	
	GPU Type
	[bookmark: _Int_Iyn8V4s5]CPU only

	
	Framework:
	SADL

	
	Number of GPUs per Task
	

	
	 
	 

	
	Number of Parameters (Each Model)
	 53724

	
	Total Number of Parameters (All Models)
	107448

	
	Parameter Precision (Bits)
	Int16

	
	Memory Parameter (MB)
	0.21

	
	Multiply Accumulate (kMAC/pixel)
	16.5

	
	Calculation Method
	on a block basis 

	Optional
	 
	 

	
	Total Conv. Layers
	46

	
	Total FC Layers
	0

	
	Total Memory (MB)
	 

	
	Batch size:
	

	
	Patch size
	72x72

	
	Changes to network configuration or weights required to generate rate points
	

	
	Peak Memory Usage (Total)
	 

	
	Peak Memory Usage (per Model)
	 

	
	Border handling
	

	
	Other information: 
	 

	
	 
	 



The anchor is NNVC 5.0, where both the default LOP1 loop-filter and the NN intra prediction tool are enabled. Table 4 shows the results of the EE test, where 
· the MPEG-NNR bitstream is carried in the newly designed and implemented NN filter update APS NAL unit;
· data-driven quantization is applied;
· half rounding is disabled in SADL library. 
In comparison to Table 5, which shows the results reported in JVET-AE0093 [1], it is observed that the coding gain reduction is relatively marginal.

[bookmark: _Ref147418096]Table 4. BD-rate of utilizing the APS-based carriage of MPEG-NNR bitstream, data-driven quantization and disabling half rounding in SADL library. Anchor: NNVC 5.0
	
	Y-PSNR
	U-PSNR
	V-PSNR
	Y-MSIM
	U-MSIM
	V-MSIM
	EncT
	DecT CPU

	Class A1
	-1.62%
	-3.27%
	-7.57%
	-2.24%
	-4.29%
	-8.95%
	99%
	105%

	Class A2
	-0.09%
	-7.50%
	-7.37%
	0.52%
	-8.08%
	-7.84%
	99%
	105%

	Class B
	-1.68%
	-8.50%
	-5.00%
	-0.21%
	-10.05%
	-4.82%
	99%
	105%

	Class C
	-1.10%
	-5.29%
	-3.12%
	-0.28%
	-5.13%
	-3.23%
	99%
	104%

	Overall
	-1.19%
	-6.40%
	-5.49%
	-0.49%
	-7.19%
	-5.83%
	99%
	105%

	Class D
	-0.85%
	-7.80%
	-6.97%
	0.42%
	-7.13%
	-7.20%
	99%
	104%

	Class F
	-1.06%
	-7.58%
	-5.00%
	-0.71%
	-7.04%
	-5.59%
	100%
	104%



[bookmark: _Ref147417658]Table 5. BD-rate of enabling half rounding in SADL library. Anchor: NNVC 5.0. Results from JVET-AD0093
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Description automatically generated]

For further comparison, Table 6 shows the BD-rates on class D, with APS-based carriage of MPEG-NNR bitstream and where both data-driven quantization and half rounding are disabled.

[bookmark: _Ref147417694]Table 6. BD-rate of disabling data-driven quantization and half rounding in SADL library. Anchor: NNVC 5.0
	
	Y-PSNR
	U-PSNR
	V-PSNR
	Y-MSIM
	U-MSIM
	V-MSIM
	EncT
	DecT CPU

	Class D
	-0.59%
	-6.66%
	-6.19%
	0.90%
	-5.27%
	-5.37%
	100%
	102%



Recommendation
Adopt the content-adaptive LOP filter described in this document into the next version of NNVC software, provided that the cross-check is successful.
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Y-PSNR_U-PSNR _V-PSNR | Y-MSIM_U-MSIM_V-MSIM | Encl  Decl CPU
Class A1 1.59%  -396%  7.97% | -1.96% 5.34% -8.72% 97% 107%
Class A2 022% 7.77%  6.84% | 042%  7.59% -7.03% 97% 106%.
Class B 1.70%  -8.42%  -513% | 0.08% 9.83% -455% 98% 107%
Class C 1.06%  -4.80%  -317% | 0.22% 5.02% -356% 99% 106%
Querall 121%  6.43%  552% | 0.39% 7.20% -562% 98% 107%
Class D 0.80% 7.86% -7.23% | 071% -7.66% -7.59% 98% 107%
Class F 1.07%  751%  516% | 057% 6.94% 6.17% 98% 107%
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