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Abstract
This document provides a brief complexity analysis of the AHG9 related input documents for this meeting. Their information is collected and put in one table for comparison, which can also help to discuss and analysis these methods more efficiently in this meeting.
Introduction
In this meeting, there are 76 AHG9 related input documents. JVET-M0215 proposes to use the neural network for intra frame rate control parameters’ prediction, which is an encoder only method. Except that, other methods can be seen as kind of in-loop filter. Due to the complexity of neural network, most of the input documents only provide the test results in part of the configuration. In table 1, we provide the general information of each input document, the tested configurations are marked as “X”.
Table 1 List of neural network related Documents in JVET-M
	CNN Tool Effect
	Document reference
	Related Document
	AI
	RA
	LD
	Component

	Loop Filter
	JVET-M0159[1]
	JVET-K0222
	
	X
	
	Mediatek

	Rate Control Parameter Prediction
	JVET-M0215[2]
	-
	X
	
	
	USTC

	Loop Filter
	JVET-M0351[3]
	JVET-I0022
	X
	
	
	Hikvision

	Loop Filter
	JVET-M0508[4]
	JVET-L0242
	X
	X
	X
	WHU

	Loop Filter
	JVET-M0510[5]
	JVET-J0032
	X
	X
	X
	USTC

	Loop Filter
	JVET-M0566[6]
	-
	
	X
	
	Intel

	Loop Filter
	JVET-M0872[8]
	JVET-L0383
	X
	X
	X
	KDDI



Performance comparison
The simulation results of different methods are collected in Table 2. In this table, M0159 has two columns due to two tests are introduced in this document, where the difference is w (Test2) or w/o (Test1) chroma shift. M0510 also provide two test sets. For M0215, due to the compared anchor is different from other methods, the results are not put in the table for avoiding confusion. Besides, because M0159 and M0566 uses two pass coding/sequence-adaptive network online training, while the encoding time listed here is the coding time for the second pass, the encoding time should be noted that cannot be directly compared with the pre-trained methods.a footnote is added.
Table 2 Simulation results of different methods
	
	All Intra Main10 Over VTM-3.0

	
	M0159 
Test1
	M0159
Test2
	M0215[1]*
	M0351
	M0508
	M0510
Test1
	M0510
Test2
	M0566
	M0872

	BD-rate(Y)
	-
	-
	-
	　-4.94%
	-2.17%　
	-0.96%
	-0.79%
	
	-1.65%

	BD-rate(U)
	-
	-
	-
	　-7.07%
	-1.47%
	-0.32%
	-0.17%
	
	-1.87%

	BD-rate (V)
	-
	-
	-
	　-8.17%
	-1.48%
	-0.45%
	-0.23%
	
	-2.42%

	EncT(GPU)
	-
	-
	-
	-
	98%
	
	
	
	

	DecT(GPU)
	-
	-
	-
	-
	712%
	
	
	
	

	EncT(CPU)
	-
	-
	111%
	134%
	109%
	125%
	124%
	
	146%

	DecT(CPU)
	-
	-
	103%
	28756%
	4615%
	2162%
	1319%
	
	33069%

	
	Random Access Main10 Over VTM-3.0

	BD-rate(Y)
	-1.23%
	-2.47%
	-
	-
	-2.15%
	-0.61%
	
	-0.70%
	-1.82%

	BD-rate(U)
	-10.11%
	2.90%
	-
	-
	-3.01%
	-0.25%
	
	-7.10%
	-2.55%

	BD-rate (V)
	-9.96%
	3.01%
	-
	-
	-1.96%
	-0.26%
	
	-5.80%
	-3.40%

	EncT(GPU)
	-
	-
	-
	-
	95%
	
	
	
	

	DecT(GPU)
	-
	-
	-
	-
	1062%
	
	
	
	

	EncT(CPU)
	100%[2]*
	99%[2]*
	-
	-
	109%
	125%
	
	100%
	153%

	DecT(CPU)
	142%
	140%
	-
	-
	8792%
	465%
	
	361%
	70307%

	
	Low delay B Main10 Over VTM-3.0

	BD-rate(Y)
	-
	-
	-
	-
	-2.06%
	-0.76%
	-0.64%
	
	-0.49%

	BD-rate(U)
	-
	-
	-
	-
	-3.71%
	-0.56%
	-0.50%
	
	1.18%

	BD-rate (V)
	-
	-
	-
	-
	-2.86%
	-0.69%
	-0.31%
	
	1.18%

	EncT(GPU)
	-
	-
	-
	-
	93%
	
	
	
	

	DecT(GPU)
	-
	-
	-
	-
	1305%
	
	
	
	

	EncT(CPU)
	-
	-
	-
	-
	112%
	117%
	100%
	
	159%

	DecT(CPU)
	-
	-
	-
	-
	11286%
	440%
	329%
	
	63131%


Note: 
[1]. M0215 is used to improve rate control performance, the compared anchor is VTM3.0 with default RC. Thus, the coding performance cannot be directly compared with other listed CNN tools.
[2]. M0159 uses online training, so the total time for encoding a new sequence is EncT + Training Time.
Besides, in JVET-L1006[7], a template table is provided, and each AHG9 related document is encouraged to report the neural network information according to the template, including the information in training stage and inference stage. When integrating the network into the video coding codec, the parameters in inference stage can directly affect the codec, that is to say, we may also get the complexity and memory usage estimation from that. Thus, in this informational document, the collected information in inference stage is listed, as Table 3 shows. Currently, the information that related documents have not provided is marked as “-”.
Table 3 List of the neural network information in inference stage.
	Information in the Inference Stage Combining with Codec

	Test　
	Network Details

	
	Total Conv. Layers
	Total FC Layers
	Framework
	Param. Num
	GFLOPs
(e.g., 4K seq)
	Mem.P(MB)
	Mem.T(MB)
	Note

	M0159
	3
	0
	NA
	1506
	14.983 
	0.0012
	0.344
	Sequence-adaptive

	M0215
	5　
	3　
	-
	-
	-
	-
	-
	For RC, encoder only

	M0351
	8
	0
	Caffe
	224960
	7.36
(For one block)
	0.86 
	1846.95 
	Pre-trained

	M0508(float)
	21
	0
	PyTorch
	22371
	37136.1132
	0.09
	207.21
(For one block)
	Pre-trained

	M0510_1(int)
	810
	0
	Tensorflow
	7521
	178.32
	0.03
	W*H*61.4-4
	Pre-trained

	M0510_2(int)
	15
	0
	Tensorflow
	6608
	680.14
	0.025
	W*H*91.2-4
	Pre-trained

	M0566
	2-
	0-
	Tensorflow-
	2076 (Luma)
1206 (Chroma)-
	4.39-
	0.0028-
	0.0488 (For one block)-
	Sequence-adaptive

	M0872
	4
	
	
	
	
	
	
	Pre-trained



As defined in JVET-L1006 [7], GFLOPs in Table 3 denotes the Giga FLOPs (multiply-add), and Mem.T(MB) denotes the memory used to store the outputs (feature map) in each intermediate layer. Since their values may be influenced by the input frame size, we take the input size as 3840x2160 for example for showing the comparison of GFLOPs uniformly, except for M0351, which uses block level CNN filter for parallelism. For Mem.T, due to some of the related documents do not clarify the input frame size for their Mem.T calculation, their values listed here are not uniform and cannot be compared directly, which should be discussed further in this meeting.
From Table 2 and Table 3, we can get the information below:
· M0159: Benefiting from the online trainingsequence-adaptive network, the proposed network do not need to have a strong generalization capacity, which makes it has the least number of neural network layers and parameters. The few number of parameters make the decoding time increase more acceptable when compared with other CNN methods. Specifically, the decoding time is 140% when compared with VTM3.0 anchor without GPU, which is significantly faster than other neural network based methods. Although online training do not need to design a complex network, the online-training time consumed in encoding stage the first pass shouldn’t be ignored.
· M0215: It is an encoder only method, so there is no difference in the decoding stage. Besides, this method uses pre-trained network, thus different with M0159, the training time can be separated when calculating the encoding complexity. The encoding time is 111% (AI) when compared with VTM3.0 anchor.
· M0351, M0508: These methods both separate the full frame into several blocks as CNN input, and both use the pre-trained neural network for encoding. For M0351, the encoding complexity is 134% (AI). For M0508, the encoding complexity is 109%(AI)/109%(RA)/112%(LB). Due to the encoder and decoder use the same CNN inference process, the time consumed for CNN process is the same in encoder and decoder. Considering the decoder is much faster than encoder, the decoding complexity increase is large. For M0351, the decoding complexity is 28756%(AI). For M0508, the decoding complexity is 4615%(AI)/8792%(RA)/11286%(LB). Benefiting from the small number of parameters, M0508 is faster than M0351, while the coding performance gain is smaller. Noted, although these two methods both use block level CNN filter, the difference is that one is for parallelism, but the other one is for memory saving. Thus, M0351 uses the block width and block height to calculate GFLOPs, while M0508 uses the full frame size for calculation. The calculation method of Mem. T is also opposite.
· M0510: It includes two test sets. Test 2 can be seen as the simplification for Test1. Among the CNN filter methods that use pre-trained model. M0510 has a more acceptable decoder complexity, especially in LB configuration, the decoding complexity is 329% for Test2, which is much faster than other methods using the pre-trained CNN model. Meanwhile, the coding gain in M0510 is smaller.
· [bookmark: _GoBack]M0566: Waiting for the full test results for analysis.It also uses online training, thus the time complexity and neural network memory consumption are similar to JVET-M0519. The main difference when compared with M0519 is that it generates 3 different CNN filter sets, so that the encoder can choose an appropriate one and send the corresponding flag to the decoder. Benefiting from that, the network can even be smaller than JVET-M0159, which is a 2-layer CNN network. 
· M0827: It uses pre-trained network parameters. The network only have 4 convolutional layers. 
· From the comparison of GFLOPs value in Table 3 and the encoding/decoding time shown in Table 2, it seems that their correlation is weak. Considering the purpose of reporting GFLOPs is used to estimate the time complexity as discussed in last meeting, we may need to discuss the phenomenon further in this meeting.

Conclusion
This document provides a brief complexity analysis of the AHG9 related input documents for this meeting. Their information is collected and put in one table for comparison, which can also help to discuss and analysis these methods more efficiently in this meeting.
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