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Abstract
This contribution reports on a training and inference crosscheck of EE1-1.6, proposed at the last meeting as JVET-AA0113 and presented at this meeting in JVET-AB0068. Two networks, luma-intra-RDO and luma-inter-RDO, were trained from scratch using training data extracted using the supplied software. The networks were converted to integer SADL and then evaluated against NNVC-2.0 and NCS 1.0 filter set 1. In the evaluation, the models used for actual NN loop filtering were the same as the one in JVET-AA0113, only the luma-intra-RDO and luma-inter-RDO were changed to the retrained versions. The results using the retrained version compared to JVET-AA0113 are reported to be:

RA:	0.02% (Y), 0.05% (U), -0.06% (V)
AI:	0.01% (Y), 0.03% (U), -0.05% (V)
LDB:	x.xx% (Y), x.xx% (U), x.xx% (V)
Introduction
The software for training was downloaded using git clone https://vcgit.hhi.fraunhofer.de/jvet-aa-ee1/VVCSoftware_VTM/ and checking out EE1-1.6 commit aa7635. 
The BD-rate figures using the retrained networks are very similar to those of the original proposal JVET-AA0113. It seems likely that the results are less sensitive to retraining of networks used for RDO rather than networks used for actual filtering. This is reasonable given that the gain from using the RDO networks is -0.38% whereas the gain from using the actual filtering is much higher, around -10%. 
The retraining of the luma intra network was faster than reported, around 43 hours instead of 60.
The retraining of the luma inter network was about as fast as reported, 58 hours (60 was reported).
Changes to the software
A few minor changes were made to the software to make it run in the way intended. These were discussed with the proponents and excellent feedback from them was obtained. The reason to bring up the changes here is so that it should be possible for others to recreate the training without having to go through the same process.

In dataset.py, line 56, the training will crash on 
read_dataset(cfg_list, self.bs, bs_dir, size, False, 10, q, blk_size, pos)
since bs-data has not been extracted by the data extraction software. Bs data is input to the network during but never used inside of it, so our workaround is to simply load “rec” data again. Another workaround can be to exclude the bs data from the input to the network during training.

In read_dataset.py, line 7
poc_list = [0, 1, 2, 3, 4, 5] # assume that 6 frames from each temporal layer have been extracted. Otherwise, set poc_list as [8, 16, 23, 32, 44, 54]
is changed to
poc_list = [8, 16, 23, 32, 44, 54]
since the software provided extracted all frames. 

In convert.py, line 17
model = ConditionalNet(96, 8)
is changed to
model = ConditionalNet(96, 2)

In convert.py, bs input needs to be inserted. After line 12, we add
bs = np.ones((1, 1, 32, 32), dtype=np.float32)
and line 24 is changed from 
traced_script_module = torch.jit.trace(model, (torch.from_numpy(yuv), torch.from_numpy(pred), torch.from_numpy(split), torch.from_numpy(qp)))                   
to
traced_script_module = torch.jit.trace(model, (torch.from_numpy(yuv), torch.from_numpy(pred), torch.from_numpy(split), torch.from_numpy(bs), torch.from_numpy(qp)))

Conversion to integer SADL
To convert the retrained model to integer SADL, a few steps have to be taken. First, a new model has to be created that does not contain qp unqueezing, pixelshuffeling and addition back of the rec. This is done by changing line 106 in net.py from

nn.PixelShuffle(2)
to
#nn.PixelShuffle(2)

changing line 110 from

qp_2d = qp.unsqueeze(2).unsqueeze(3).expand_as(rec)
to
qp_2d = qp

and line 117 from

x = x + rec
to
#x = x + rec

The last checkpoint is loaded using

model.load_state_dict(torch.load(“50.ckpt”, map_location=torch.device('cpu')))

where model is the modified model from above. Then this model is exported as onyx using 

torch.onnx.export(model, inputs_torch, “filename.onnx”)

where input_torch contains dummy inputs. This onnx model is then converted to SADL using a the shell command

python3 sadl/converter/main.py --input_onnx filename.onnx --output filename.sadl

and finally converted to integer using

sadl/sample_test/native_quantization filename.sadl filename_int.sadl arg3

where arg3 is the string ”0 13   1 13   2 13   3 13   4 0   5 13   7 13   9 13   10 0   11 13   13 13   15 13   16 0   17 13   19 13   21 0   23 13   24 0   25 13   27 13   29 13   30 0   31 13   33 13   35 13   36 0   37 13   39 13   41 13   42 0   43 13   45 0   47 13   48 0   49 13   51 13   53 13   54 0   55 13   59 0   62 13   63 0   64 13   66 13   68 13   69 0   70 13   72 0   74 13   75 0   76 13   78 13   80 13   81 0   82 13   86 0   89 13   90 0   91 13   93 13   95 13   96 0   97 13”.
Results:
Results over JVET-AA0113
RA results over JVET-AA0113:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	0.02%
	0.24%
	-0.08%
	92%
	96%

	Class A2
	0.04%
	0.01%
	-0.09%
	93%
	95%

	Class B
	0.01%
	0.08%
	0.01%
	96%
	95%

	Class C
	0.03%
	-0.11%
	-0.11%
	98%
	97%

	Class E
	 
	
	 
	 
	 

	Overall
	0.02%
	0.05%
	-0.06%
	95%
	96%

	Class D
	0.03%
	0.22%
	0.21%
	96%
	93%

	Class F
	0.00%
	0.22%
	0.18%
	96%
	96%


Encoder and decoder runtimes are not accurate.

LDB results over JVET-AA0113:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	
	
	
	
	

	Class A2
	
	
	
	
	

	Class B
	
	
	
	
	

	Class C
	0.00%
	-0.16%
	-0.02%
	102%
	98%

	Class E
	0.04%
	-0.13%
	-0.85%
	101%
	97%

	Overall
	
	
	
	
	

	Class D
	0.04%
	-0.25%
	-0.10%
	99%
	97%

	Class F
	
	
	
	
	


Encoder and decoder runtimes are not accurate.

AI results over JVET-AA0113:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	0.00%
	-0.06%
	-0.15%
	102%
	98%

	Class A2
	0.00%
	0.03%
	-0.02%
	104%
	99%

	Class B
	-0.01%
	0.04%
	-0.06%
	101%
	98%

	Class C
	0.02%
	-0.01%
	0.01%
	106%
	101%

	Class E
	0.01%
	0.18%
	-0.04%
	102%
	96%

	Overall 
	0.01%
	0.03%
	-0.05%
	103%
	99%

	Class D
	-0.03%
	-0.03%
	0.14%
	102%
	99%

	Class F
	0.00%
	-0.01%
	-0.01%
	108%
	101%


Encoder and decoder runtimes are not accurate.
Results over NCS-1.0 filter set 1
RA results over NCS-1.0 filter set 1:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-0.20%
	0.27%
	0.19%
	78%
	53%

	Class A2
	-0.38%
	0.20%
	0.00%
	82%
	53%

	Class B
	-0.42%
	0.05%
	0.13%
	79%
	54%

	Class C
	-0.43%
	-0.01%
	0.14%
	83%
	54%

	Class E
	 
	
	 
	 
	 

	Overall
	-0.37%
	0.11%
	0.12%
	80%
	53%

	Class D
	-0.50%
	-0.38%
	0.02%
	84%
	52%

	Class F
	-0.25%
	-0.02%
	-0.07%
	71%
	54%


Encoder and decoder runtimes are not accurate.
LDB results over NCS-1.0 filter set 1:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	
	
	
	
	

	Class A2
	
	
	
	
	

	Class B
	
	
	
	
	

	Class C
	-0.30%
	0.02%
	0.71%
	86%
	55%

	Class E
	-0.29%
	-0.47%
	0.94%
	69%
	54%

	Overall
	
	
	
	
	

	Class D
	-0.26%
	-1.45%
	-0.64%
	84%
	52%

	Class F
	-0.19%
	-0.35%
	-0.19%
	74%
	56%


Encoder and decoder runtimes are not accurate.
AI results over NCS-1.0 filter set 1:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-0.22%
	-0.02%
	-0.17%
	100%
	59%

	Class A2
	-0.32%
	-0.11%
	-0.21%
	119%
	63%

	Class B
	-0.33%
	-0.27%
	-0.34%
	117%
	58%

	Class C
	-0.39%
	-0.19%
	-0.19%
	128%
	56%

	Class E
	-0.37%
	-0.10%
	-0.33%
	112%
	57%

	Overall 
	-0.33%
	-0.16%
	-0.25%
	116%
	58%

	Class D
	-0.41%
	-0.18%
	-0.12%
	128%
	57%

	Class F
	-0.21%
	-0.12%
	-0.27%
	100%
	58%


Encoder and decoder runtimes are not accurate.
Results over NNVC-2.0
RA results over NNVC-2.0:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-9.07%
	-15.89%
	-18.64%
	198%
	45576%

	Class A2
	-10.49%
	-20.14%
	-17.33%
	193%
	42149%

	Class B
	-9.37%
	-22.89%
	-21.71%
	197%
	41160%

	Class C
	-10.22%
	-21.72%
	-22.31%
	161%
	34193%

	Class E
	 
	
	 
	 
	 

	Overall
	-9.76%
	-20.63%
	-20.38%
	186%
	40171%

	Class D
	-11.88%
	-23.68%
	-23.73%
	158%
	32110%

	Class F
	-4.89%
	-11.66%
	-10.64%
	237%
	18487%


Encoder and decoder runtimes are not accurate.

LDB results over NNVC-2.0:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	
	
	
	
	

	Class A2
	
	
	
	
	

	Class B
	
	
	
	
	

	Class C
	-9.43%
	-15.27%
	-14.53%
	164%
	34885%

	Class E
	-8.77%
	-17.19%
	-16.71%
	326%
	34202%

	Overall
	
	
	
	
	

	Class D
	-11.01%
	-19.60%
	-18.51%
	168%
	33813%

	Class F
	-5.14%
	-9.27%
	-6.44%
	235%
	18468%


Encoder and decoder runtimes are not accurate.

AI results over NNVC-2.0:
	
	Y-PSNR
	U-PSNR
	V-PSNR
	EncT
	DecT

	Class A1
	-6.63%
	-18.04%
	-19.91%
	220%
	35351%

	Class A2
	-6.79%
	-20.55%
	-17.98%
	195%
	29437%

	Class B
	-6.80%
	-22.11%
	-21.87%
	188%
	27044%

	Class C
	-7.77%
	-19.03%
	-21.92%
	189%
	19019%

	Class E
	-10.20%
	-20.90%
	-20.84%
	202%
	29403%

	Overall 
	-7.55%
	-20.28%
	-20.74%
	197%
	26895%

	Class D
	-7.73%
	-19.57%
	-21.48%
	174%
	17011%

	Class F
	-4.27%
	-11.85%
	-11.13%
	131%
	18697%


Encoder and decoder runtimes are not accurate.
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