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Options Value APSNR ASSIM ALPIPS Number of GS Runtime Ratios
baseline - 27.89 0.9341 0.1142 999K 100.00%
Init-scale 0.5 +0.25 +0.0002 ~0.0035 1,016K 98.69%
sh-degree- 2,000 +0.33 +0.0007 ~0.0045 995K 39.73%
interval
scales-Ir 0.002 +0.38 +0.0017 -0.0035 926K 36.69%
quats-Ir 0.0005 +0.44 +0.0009 -0.0037 988K 58.30%
ShN-Ir 0.00025 +0.68 +0.0015 ~0.0054 997K 48.96%
antialiased TRUE +0.53 +0.0006 -0.0046 1,030K 52.00%
strategy.grow= 0.02 +0.47 +0.0009 ~0.0046 993K 39.84%
scale3d
strategy.prune- 0.2 +0.58 +0.0021 -0.0064 984K 39.08%
scale3d
strategy.refine- 10,000 +0.36 +0.0005 ~0.0040 845K 38.11%
stop-iter 20,000 +0.25 +0.0003 ~0.0014 977K 40.17%
strategy.refine- 200 +0.40 +0.0009 ~0.0023 691K 33.76%
every
strategy.revised= ey +0.54 +0.0018 -0.0037 993K 39.63%
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