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A study on nonlinear transform layers in neural networks
for image compression
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CNN Based In—loop Filter in Versatile Video Coding (VVC)
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Table 2 43 A%
BD—rate
Class Video
Y U \

RaceHorses -1.7% | =0.8% | —1.2%

BlowingBubbles _ — -
1165240 2.8% 1.7% 2.0%
BasketballPass —-34% | —2.3% | —3.9%
BQSquare -33% | —0.2% | —0.8%
RaceHorses -05% | —02% | —0.6%

BQMall _ — -
8395480 2.5% 1.4% 1.7%
PartyScene -1.4% | -0.8% | —1.0%
BasketballDrill 0.0% 0.0% -1.0%
BasketballDrive —-0.1% 0.3% 0.6%
BQTerrace —0.6% | —04% | —0.4%
1920x1080 Cactus -1.6% | -0.3% | —1.2%
Kimonol —-2.0% 1.0% 1.0%
ParkScene —2.0% 0.0% 0.0%
Johnny -0.1% 0.1% 0.2%
1280x720 FourPeople -0.9% | —=0.3% | —0.2%
KristenAndSara -0.3% 0.1% 0.1%
Average -1.4% | —04% | —0.8%
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