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Abstract
This document summarizes the activities of AHG11: Neural network-based video coding between the 40th meeting in Geneva and 41st on-line meeting.
Introduction
The AHG was established with the following mandates:
· Evaluate and quantify the performance improvement potential of NN-based video coding technologies compared to existing video coding standards such as VVC, including both individual coding tools, architectures and content adaptation with NN parameters overfitting.
· Study potential improvements of the NNVC CTC document JVET-AJ2016.
· Study the impact of training (including the impact of loss functions) on the performance of candidate technologies and identify suitable material for testing and training. Promote the call for training materials, distribute it, and actively communicate with content owners.
· Analyse complexity characteristics for technologies under study, including transformers, perform complexity analysis, and develop complexity reductions of candidate technology.
· Discuss and propose improved metrics to perform complexity analysis of NN architectures, in particular also investigate bit-exact reproducibility of NN-based methods on various platforms in coordination with AhG14.
· Finalize and discuss the EE on neural network-based video coding.
· Coordinate with other groups, including SC 29/AG 5 on the evaluation and assessment of visual quality, and AHG12 on the interaction with ECM coding tools.
· Coordinate with AHG14 on items related to NNVC software development, in particular, evaluate the interface in the NNVC for end-to-end optimized AI coded reference pictures.

Activities
The AHG used the main JVET reflector, jvet@lists.rwth-aachen.de, for emails exchange.  
Teleconferences
The AHG conducted two joint teleconferences with AHG14 and EE1 during the interim period. The teleconferences were held on November, 18 and December, 16. In those teleconferences, the following topics were discussed:
· NNVC15.0 software integration status and anchor performance.
· Hybrid plus E2E AI video codec framework development status report.
· MPEG AI survey.
· Training reproducibility 
· Overflow aware model quantizing for bit-exact reproducibility
· EE1 tests final design.
Details are summarized in the AHG11 & AHG14 teleconference report JVET-AO0041.
Common Test Conditions
Anchor for the NN-based video coding activity made available though the Git repository used for the AHG activity:
https://vcgit.hhi.fraunhofer.de/jvet-ahg-nnvc/nnvc-ctc/-/blob/master/Anchor%20performance/NNVC_anchor_performance_NNVC-15-VTM_vs_NNVC-15.xlsm 
also distributed by AhG14 in JVET-AO0014 and announced during intermediate AhG meeting.
Effect of training 
Training of NNVC algorithms cannot be precisely reproduced due to the float point arithmetic used in training. However, using the same training dataset and same training procedure typically leads to BD-rate difference in inference within 0.1%.  Higher differences indicate a problem with training reproducibility.
Some of EE1 sub-tests made comparison between different loss-functions in training (L1, Charbonnier Loss + Ternary Loss) for Deep Reference Picture (DRF) technology. A 0.3% gain was found if loss function is a combination of Charbonnier Loss and Ternary Loss. More details can be found in JVET-AO0108. 
It was found that non-deterministic bilinear 2D up-sampling in pytorch leads to significant deviation in training results for NN-based super-resolution (even several runs of training on a same platform deviates a lot). After several fixes to make training more deterministic and alignment of CUDA versions learning curves became very close. This activity is reported in JVET-AO0127. All trainings are impacted by the non deterministic aspects and discussions on correcting the current training scripts are expected.
Bit-exact reproducibility 
MPEG Requirements (WG2) issued a survey on bit-exact reproducibility of AI algorithms used for coding and neural network models storage. Information about this survey was presented and discussed during NNVC teleconference. At least two responses to this survey were submitted to WG2 with copy to JVET (JVET-AO0147 and  JVET-AO0249).
During NNVC teleconference it was demonstrated that quantizing to int16 is not enough to achieve bit-exact reproducibility of neural-network algorithms. Additionally, overflow must be avoided. A methodology for overflow aware quantization of neural-network models was presented during teleconference as a constructive way of achieving bit-exact reproducibility of AI-based algorithms. This,  information was also submitted as input contribution JVET-AO0148. Another approach for achieving bit-exact reproducibility, based on the use of stable float convolution,  is proposed in  JVET-AO0178. Difference between those two approaches seams to be insignificant.
Regarding complexity 
The number of multiplications, reported in kMAC/pxl, is primarily used for complexity assessment. CPU run time is also reported. Tests in EE1 are designed to ensure BD-rate gains without exceeding the complexity of previously developed NNVC tools, or to provide substantial reduction in complexity.
EE Coordination
The AHG finalized, conducted, and discussed the EE on NN based video coding. A summary report for the EE is available in JVET-AO0023.
EE1 related contributions and cross-checks are summarized in EE1 summary report.
Performance Evaluation
The performance and complexity of NN-based tools available in NNVC SW is summarized in the table below. All test data provided by AhG14. Encoding and decoding run time is very dependent on cluster used for simulation. Run time data in this table are all from InterDigital, except content adaptive tools results that are from Nokia. 
There were no changes in default configuration of NNVC SW. The main reason for increase of decoding run time relatively to NNVC configured as VTM (with all NNVC tools disabled) is the removal of redundant operations in NNVC-VTM (as was agree at the last meeting). Changes compared to the last meeting are should in blue font. More detailed historical records about NNVC tools performance can be found in attached to this report excel.
	Test vs NNVC (configured as VTM)
	Random Access cfg
	kMAC/pxl
	Param (Mprm)

	
	Y
	U
	V
	Enc
	Dec
	Total
	Filter
	Intra
	SR or DRF
	Total
	Filter
	Intra
	SR or DRF

	NN-Intra & LOP filter (2 tools)

	NNVC-15.0 (LOP6)
	-8.0%
	-14.9%
	-13.5%
	1.2
	39
	21.4
	16.6
	4.8
	0
	1.5
	0.25
	1.3
	0

	NNVC-14.0 (LOP6)
	-8.0%
	-14.9%
	-13.5%
	1.2
	27
	21.4
	16.6
	4.8
	0
	1.5
	0.25
	1.3
	0

	NN-Intra & HOP filter (2 tools)

	NNVC-14.0 (HOP5)
	-14.1%
	-19.8%
	-20.1%
	3.4
	1180
	471
	466
	4.8
	0
	2.7
	1.41
	1.3
	0

	NN-Intra & VLOP filter (2 tools)

	NNVC-14.0 (VLOP4)
	-6.1%
	-7.5%
	-6.0%
	1.1
	14
	9.9
	5.1
	4.8
	0
	1.3
	0.07
	1.3
	0

	NN-Intra & LOP filter content adaptive (2 tools)

	NNVC 15.0 caLOP4
	-8.5%
	-18.0%
	-17.5%
	2.3
	38
	22
	17.2
	4.8
	0
	1.6
	0.25
	1.3
	0

	NNVC 14.0 caLOP4-decp
	-8.6%
	-15.7%
	-16.3%
	2.3
	25
	22
	17.2
	4.8
	0
	1.6
	0.25
	1.3
	0

	NN-Intra & VLOP filter content adaptive (2 tools)

	NNVC-15.0 caVLOP4
	-6.9%
	-8.5%
	-7.2%
	2.3
	18
	10.2
	5.4
	4.8
	0
	1.3
	0.02
	1.3
	0

	NN-Intra & LOP filter & adaptive resolution coding (3 tools)

	NNVC-14.0 NNSR
	-8.6%
	-13.7%
	-12.5%
	1.1
	 24
	26.1
	16.8
	4.8
	4.7
	1.6
	0.05
	1.3
	0.2

	NNVC-14.0 RPR
	-8.6%
	-13.7%
	-12.6%
	1.1 
	 24
	21.4
	16.6
	4.8
	0
	1.5
	0.25
	1.3
	0

	NN-Intra & LOP filter & DRF (3 tools)

	NNVC-15.0 DRF
	-10.0%
	-16.2%
	-15.4%
	1.7
	869
	477
	16.6
	4.8
	420
	7.7
	0.25
	1.3
	6.1

	NNVC-14.0 DRF
	-9.8%
	-15.9%
	-14.2%
	1.7
	604
	477
	16.6
	4.8
	420
	7.7
	0.25
	1.3
	6.1


More details and analysis for tools and tools combination are provided in AhG14 report.
End-to-end AI coded reference picture 
Multi-layer frame work was tested in EE1-6 category for three different end-to-end AI image codecs. One special test was run by forcing skip mode in the enhancement layer to emulate re-placement of VTM I-picture by end-to-end AI coded one, emulating a single layer encoding. Details will be discussed in EE1 report.
It is not trivial to incorporate a fundamentally different codec into VTM and have a good overlap of RD-curves and get a reliable BD-rate comparison. In addition, if the ‘base layer’ output by the AI codec was not optimized for PSNR but ‘enhancement’ layer encoder minimizes the MSE, then a large amount of residual data is generate. Alignment between base and enhancement layer and lost/cost functions is required to enable meaningful testing. 
 Nevertheless, more than 1% gain over VTM in random access configuration test and more than 5% gain in all-intra configuration were demonstrated in EE1. In non-EE1 contribution BD-rate gain over VTM reaches 1.7% (random access) and 8.4% (all intra).
If multi-layer framework is used to employ an externally coded end-to-end AI picture as a prediction, then redundant high-level syntax elements are coded. This issue is known and one AhG11 document (JVET-AO0173) proposes single-layer framework. 
NNVC implementation aspects
One informational contribution (JVET-AO0247) reports power consumption measurement for AI coding system on pure CPU and combination of GPU or FPGA. Experiments include data transfer between CPU and GPU/FPGA. 
New design elements proposal
There are several contributions targeting improvement of NNSR, LOP6 and end-to-end AI externally coded picture.
List of related contributions
In total 38 NNVC related contributions submitted for this meeting. Among them 3 reports, 12 document describing EE1 tests, 10 cross-checks, 4 contributions of bit-exact reproducibility of AI methods (including 2 responses to MPEG WG2 survey), 7 new proposals improving or modifying NNVC tools under study (LOP filter, NNSR and external AI coded picture), one contribution on training and one on energy consumption.
	JVET number
	Title
	Source

	Reports (3)

	JVET-AO0011
	JVET AHG report: Neural network-based video coding (AHG11)
	E. Alshina, F. Galpin, S. Liu (co-chairs), J. Li, Y. Li, R.-L. Liao, M. Santamaria, T. Shao, M. Wien, P. Wu (vice chairs)

	JVET-AO0041
	[AHG11] [AHG14] Teleconference on NNVC
	E. Alshina, F. Galpin

	JVET-AO0023
	EE1: Summary report of exploration experiment on neural network-based video coding
	E. Alshina, R. Chang, F. Galpin, Yue Li, Yun Li, M. Santamaria, T. Shao, J. Ström, Z. Xie (EE coordinators)

	EE1 contrubutions (12)

	JVET-AO0066
	EE1-1.1: LOP with Overlapped Feature Integration
	J. Chi, A. Li, Y. Du, C. Zhu, L. Luo, H. Guo (UESTC), Y. Huo, Y. Liu, Z. Zhang (Transsion)

	JVET-AO0074
	EE1-1.2: Combination test of EE1-1.1 and EE1-1.2
	J. Han, C. Jung, Q. Qin (Xidian Univ.), J. Chi, A. Li, Y. Du, C. Zhu, L. Lei, H. Guo (UESTC), Y. Huo, Y. Liu, Z. Zhang (Transsion)

	JVET-AO0095
	EE1-3.2: Neural network in-loop filtering usage based on activation map
	M. Santamaria, D. Buğdayci Sansli, F. Cricri (Nokia)

	JVET-AO0108
	EE1-4.1: Deep Reference Frame Generation for Inter Prediction Enhancement with Structural Re-parameterization
	X. Chen, W. Zhang, N. Fu, J. Zhang, Z. Chen (Wuhan Univ.)

	JVET-AO0117
	EE1-3.1: Normative TDO method as an alternative option in NNVC
	H. Kwon, H. Ko (Hanyang Univ.), D. Kim, S.-C. Lim (ETRI)

	JVET-AO0128
	EE1-5.1: NNSR with new backbone block based on Spatial-Channel Mixing (SCM)
	H. Cho, S. Bahk, H. Y. Kim (KHU), D. Kim, S.-C. Lim (ETRI)

	JVET-AO0129
	EE1-2.1: VLOP4 with new backbone block based on Spatial-Channel Mixing (SCM)
	H. Cho, S. Bahk, H. Y. Kim (KHU), D. Kim, S.-C. Lim (ETRI)

	JVET-AO0133
	EE1-3.3: Combination of EE1-3.1 and EE1-3.2
	D. Kim, S.-C. Lim (ETRI), H. Kwon, H. Ko (Hanyang Univ.), D. Buğdayci Sansli, F. Cricri, M. Santamaria (Nokia)

	JVET-AO0176
	EE1-6.1: Integrating End-to-End Learned Intra-Frame Codec with Conventional Codec
	N. Zou, A. B. Koyuncu, A. Hallapuro, F. Cricri, H. Zhang, J. Ahonen, M. M. Hannuksela (Nokia)

	JVET-AO0177
	EE1-6.2: Integrating End-to-End Learned Intra-Frame Codec with Conventional Codec
	N. Zou, A. B. Koyuncu, A. Hallapuro, F. Cricri, H. Zhang, J. Ahonen, M. M. Hannuksela (Nokia)

	JVET-AO0186
	EE1-6.1.1 and EE1-6.2.1: DCVC-FM as a Learned End-to-End Intra Frame Codec
	M. Aderdor, T. Solovyev, E. Alshina (Huawei)

	JVET-AO0204
	EE1-6.1.3 and EE1-6.2.3: JPEG-AI as a Learned End-to-End Intra Frame Codec
	A. Karabutov, P. Jia, E. Alshina (Huawei)

	Cross-checks (10)

	JVET-AO0236
	Crosscheck of JVET-AO0117 (EE1-3.1: Normative TDO method as an alternative option in NNVC)
	J. Pardo (Huawei)

	JVET-AO0237
	Crosscheck of JVET-AO0133 (EE1-3.3: Combination of EE1-3.1 and EE1-3.2)
	J. Pardo (Huawei)

	JVET-AO0257
	Crosscheck of JVET-AO0066 (EE1-1.1: LOP with Overlapped Feature Integration)
	

	JVET-AO0258
	Crosscheck of JVET-AO0095 (EE1-3.2: Neural network in-loop filtering usage based on activation map)
	

	JVET-AO0265
	Cross-check of JVET-AO0133 (EE1-3.3: Combination of EE1-3.1 and EE1-3.2)
	T. Dumas (InterDigital)

	JVET-AO0271
	Crosscheck of JVET-AO0128 (EE1-5.1: NNSR with new backbone block based on Spatial-Channel Mixing (SCM))
	
T. Yang, W.-X. He, X.-T. Xie, Q. Liu (HUST)

	JVET-AO0272
	Crosscheck of JVET-AO0074 (EE1-1.2: Combination test of EE1-1.1 and EE1-1.2)
	J. Sauer, Y. Ge (Huawei)

	JVET-AO0274
	Crosscheck of JVET-AO0108 (EE1-4.1: Deep Reference Frame Generation for Inter Prediction Enhancement with Structural Re-parameterization)
	N. Bhaskar (Huawei)

	JVET-AO0275
	Crosscheck of JVET-AO0055 (AHG14: Dynamic convolution for LOP6 neural in-loop filtering)
	N. J. Gadgil, S. Watsa, R. N. Gadde, W. I. Choi, K. P. Choi (Samsung)

	JVET-AO0276
	Crosscheck of JVET-AO0267 (AHG11: Very Small Deep Reference Frame Generation Network for Inter Prediction Enhancement)
	N. Bhaskar (Huawei)

	Training (1) and implementation aspects (1)

	JVET-AO0127
	AHG11/AHG14: Improving Training Reproducibility in NNVC
	H. Cho, S. Bahk, H. Y. Kim (KHU), D. Kim, S.-C. Lim (ETRI), T. Yang, W.-X. He, Q. Liu (HUST), J. Chi, Ce Zhu (UESTC), L. Luo (CQUPT)

	JVET-AO0247
	[AHG11] JPEG-AI Profiling Report on Runtime and Energy Consumption
	G. Paul, D. Bhowmik (Newcastle University)

	Bit-exact reproducibility (4)

	JVET-AO0147
	AhG11 Huawei and HiSilicon response to the MPEG Survey on AI reproducibility and NN model hosting
	E. Alshina, Y. Zhao (Huawei), Q. Wu (HiSilicon)

	JVET-AO0148
	AhG11 Overflow aware neural-network model quantization
	E. Alshina, T. Solovyev (Huawei)

	JVET-AO0178
	[AHG11] Stable float convolution for neural network inference
	H. Zhang, F. Cricri, N. Le, N. Zou, B. Koyuncu (Nokia)

	JVET-AO0249
	AhG19 AhG11 Interdigital response to the MPEG Survey on AI reproducibility and NN model hosting
	F. Galpin, R. James, D. Tian (Interdigital)

	New NNVC technical proposals (7)

	JVET-AO0055
	AHG14: Dynamic convolution for LOP6 neural in-loop filtering
	W. Gwun, K. Choi (KHU), B.-S. Kim, I. Cho, S. Hahm (KBS)

	JVET-AO0143
	AHG11: Cross-component enhanced NNSR
	T. Yang, W.-X. He, X.-T. Xie, Q. Liu (HUST)

	JVET-AO0144
	AHG11: Enhancing LOP6 with Re-Exploited Boundary Strength Guidance
	X.-T. Xie, W.-X. He, T. Yang, Q. Liu (HUST)

	JVET-AO0173
	[AHG11] A Hybrid Framework Integrating End-to-End Learned Intra-Frame Codec with Conventional Codec
	N. Zou, A. B. Koyuncu, A. Hallapuro, F. Cricri, H. Zhang, J. Ahonen, M. M. Hannuksela (Nokia)

	JVET-AO0191
	[AHG11]: DCVC-RT as an End-to-End Learned Intra Frame Codec
	M. Aderdor, T. Solovyev, E. Alshina (Huawei)

	JVET-AO0194
	[AHG11]: Luma Chroma Balancing for DCVC End-to-End Learned Intra Frames
	M. Aderdor, T. Solovyev, E. Alshina (Huawei)

	JVET-AO0267
	AHG11: Very Small Deep Reference Frame Generation Network for Inter Prediction Enhancement
	T. Shu, X. Chen, W. Zhang, N. Fu, Z. Chen (Wuhan Univ.)



Recommendations
The AHG recommends:
· Review all input contributions.
· Continue investigating neural network-based video coding tools, including coding performance and complexity.
· Continue study of the framework for hybrid codec combined with End-to-End AI coded pictures.
· Discuss device interoperability and bit-exact reconstruction of NNVC algorithms. 
· Recommend promising technologies for next EE1 round. 
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