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& 1 _UCF-101
Method ‘ Resolution  Class  IS(T)
TGAN [13]iccvaoir 64x64 Yes 15.83
MoCoGAN [16]cvpr201s 64x64 Yes 12.42

128x128 Yes 27.38
128x128 Yes 28.87
DIGAN [17]icLr2022 128x128 No 32.70
CogVideo [T]arxivzo022 160x160 Yes  50.46
VDM [6]n1ps2022 64x64 No 57.00
TATS [18]eccvzo22 128x128 Yes  79.28

DVD-GAN [1]arxivz019
TGANvV2 [14]1scvz020

Ours | 128x128  Yes  64.13
& 2 Sky Time-lapse
Method ‘ Resolution FVD(]) KVD()
MoCoGAN-HD [20] 1cLRr2021 128x128 183.6 13.9
DIGAN [17] 1cLr2022 128x128 114.6 6.8
TATS [18] Eccvzo022 128x128 132.6 5.7
Ours | 128x128  109.4 5.9
# 3 Sampling time
Method ‘ Resolution 100 step time [s]
VDM [6]n1Ps2022 16x64x64 35.261+2.43
Ours 16x128x128 3.9540.01
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