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Controllable Feature Interpolation
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# 1. Al STVSR Jjikif) PSNR, SSIM [42], fps MRS, IS EEat (AfirJs) *tk on Vid4 [34],
Vimeo-Fast, Vimeo-Medium, Vimeo-Slow [15], “1” FRBIHL. MERAE Vidd [34] FmimbRn. ik,
WU, = a RER M 6, WA B ARk T

Method Vid4 [31] Vimeo-Fast Vimeo-Medium Vimeo-Slow Speed | Parameters
VFI+(V)SR / STVSR PSNRT SSIMt | PSNRt SSIMt | PSNRtT  SSIMfY | PSNRt  SSIMt | fpst million)
SuperSloMo [15] 4+ Bicubic 22.84 0.5772 31.88 0.8793 29.94 0.8477 28.37 0.8102 - 19.8
SuperSloMo [15] + RCAN [16] 23.80 0.6397 34.52 0.9076 32.50 0.8884 30.69 0.8624 2.49 19.84-16.0
SuperSloMo [15] + RBPN [7] 23.76 0.6362 34.73 0.9108 32.79 0.8930 30.48 0.8584 2.06 19.8+12.7
SuperSloMo [15] + EDVR [10] 24.40 0.6706 35.05 0.9136 33.85 0.8967 30.99 0.8673 6.85 19.8+20.7
SepConv [27] + Bicubic 23.51 0.6273 32.27 0.8890 30.61 0.8633 29.04 0.8290 - 21.7
SepConv [27] + RCAN [10] 24.92 0.7236 34.97 0.9195 33.59 0.9125 32.13 0.8967 2.42 21.7416.0
SepConv [27] + RBPN [7] 26.08 0.7751 35.07 0.9238 34.09 0.9229 32.77 0.9090 2.01 21.7412.7
SepConv [27] + EDVR [10] 25.93 0.7792 35.23 0.9252 34.22 0.9240 32.96 0.9112 6.36 21.74-20.7
DAIN [1] + Bicubic 23.55 0.6268 32.41 0.8910 30.67 0.8636 29.06 0.8289 - 24.0
DAIN [1] + RCAN [46] 25.03 0.7261 35.27 0.9242 33.82 0.9146 32.26 0.8974 2.23 24.0+16.0
DAIN [1] + RBPN [7] 25.96 0.7784 35.55 0.9300 34.45 0.9262 32.92 0.9097 1.88 24.04-12.7
DAIN [1] + EDVR [410] 26.12 0.7836 35.81 0.9323 34.66 0.9281 33.11 0.9119 5.20 24.04-20.7
STARnet [8] 26.06 0.8046 36.19 0.9368 34.86 0.9356 33.10 0.9164 14.08 111.61
Zooming Slow-Mo [11] 26.31 0.7976 36.81 0.9415 35.41 0.9361 33.36 0.9138 16.50 11.10
TMNet (Ours) 26.43 0.8016 37.04 0.9435 35.60 0.9380 33.51 0.9159 14.69 12.26
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