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Figure 10. Qualitative results of IFRNet for 8 x interpolation on GoPro [9] and Adobe240 [13] test datasets. Please watch the video

with Adobe Reader. Each video has 9 frames where the first and the last frames are input, and the middle 7 frames are predicted by IFRNet.

In the supplementary, we first present multi-frame inter-
polation experiments of IFRNet. Second, qualitative video
comparisions with other advanced VFI approaches are dis-
played. Third, we depict structure details of IFRNet and
its variants. Fourth, we provide more visual examples and
analysis of middle components for better understanding the
workflow of IFRNet. Finally, we show the screenshot of
VFI results on the Middlebury benchmark. Please note
that the numbering within this supplementary has manually
been adjusted to continue the ones in our main paper.

6. Multi-Frame Interpolation

Different from other multi-frame interpolation meth-
ods which scales optical flow [1, 5] or interpolates middle
frames recursively [2, 7], [FRNet can predict multiple in-
termediate frames by proposed one-channel temporal en-
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GoPro [9] Adobe240 [13]  Time

Method PSNR SSIM PSNR SSIM  (s)
DVF [3] 2194 0776 2823 0896 087
SuperSloMo [5] 28552 0891 3066 0931 044
DAIN [1] 2000 0910 2950 0910 4.10

IFRNet (Ours)  29.84 0920 3193 0943 0.16

Table 5. Quantitative comparison for 8 x interpolation.

coding mask 7', which is one of the input of the coars-
est decoder D*. The temporal encoding is a conditional
input signal whose values are all the same and set to ¢,
where t € {1/8,2/8,...,7/8} in 8x interpolation setting.
Also, proposed task-oriented flow distillation loss and fea-
ture space geometry consistency loss still work for any in-
termediate time instance ¢. To evaluate IFRNet for 8 X in-
terpolation, we use the train/test split of FLAVR [6], where
we train IFRNet on GoPro [9] training set with the same
learning schedule and loss functions as our main paper.
Then we test the pre-trained model on GoPro testing and
Adobe240 [13] datasets whose results are listed in Table 5.

IFRNet outperforms all of the other SOTA methods


https://github.com/ltkong218/IFRNet
https://github.com/ltkong218/IFRNet

|lr.t1\

IFet (Ours) ‘

B
P

I\ o &
iy

-

Ground Truth DAIN [1] CAIN [2]
| )“;‘,
~

AdaCoF [7] ABME [17] IFRNet (Ours)

Figure 11. Video comparison on SNU-FILM [2] dataset. Please watch the video with Adobe Reader and zoom in for best view.

with 2 input frames on both GoPro and Adobe240 datasets and exceeds SuperSloMo [5] by 1.27 dB on Adobe240.
in both PSNR and SSIM metrics. For example, IFRNet Thanks to the modularity character of [IFRNet, the encoder
achieves 0.84 dB better results than DAIN [1] on GoPro only needs a single forward pass, while the decoders infer 7



times with different temporal embedding to convert videos
from 30 fps into 240 fps. Therefore, the speed advantage of
IFRNet is still or even more obvious than other approaches.
Figure 10 gives some qualitative results of IFRNet for 8 x
interpolation, demonstrating its superior ability for frame
rate up-conversion and slow motion generation.

7. Video Comparison

In this part, we qualitatively compare interpolated videos
by proposed IFRNet against other open source VFI methods
on SNU-FILM [2] dataset, whose results are shown in Fig-
ure 11. As can be seen, our approach can generate motion
boundary and texture details faithfully thanks to the power-
fulness of gradually refined intermediate feature.

8. Network Architecture

In this section, we present the structure details of five
sub-networks of IFRNet, ie., pyramid encoder £ and
coarse-to-fine decoders D*, D3, D2, D'. In each follow-
ing figure, arguments of ‘Conv’ and ‘Deconv’ from left to
right are input channels, output channels, kernel size, stride
and padding, respectively. Dimensions of input and output
tensors from left to right stand for feature channels, height
and width, separately. A PReLU [4] follows each ‘Conv’
layer, while there is no activation after each ‘Deconv’ layer.
In practice, the intermediate flow fields are estimated in
a residual manner, which is not reflected in the figures to
emphasize the primary network structure. We take input
frames with spatial size of 640x480 as example.
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Figure 12. Details of the pyramid encoder £. The two input
frames I;,1 € {0, 1} are encoded by the same Siamese network.

As for IFRNet large and IFRNet small, feature channels
from the first to the fourth pyramid levels are set to 64, 96,
144, 192 and 24, 36, 54, 72, respectively. Correspondingly,
channel numbers in multiple decoders are adjusted. Also,
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Figure 13. Details of the bottom decoder D*.
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Figure 14. Details of the middle decoder D>,

feature channels of the third and the fifth convolution lay-
ers in coarse-to-fine decoders of IFRNet large and IFRNet
small are set to 64 and 24, separately.
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Figure 15. Details of the middle decoder D>,
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Figure 16. Details of the top decoder D'.

9. Visualization and Discussion

Figure 17 presents some visual examples to show the ro-
bustness masks in proposed task-oriented flow distillation

Figure 17. Illustration of task-oriented flow distillation. From
top to bottom rows are ground truth frame Itgt, pseudo label of
intermediate flow fields FY,, FF,,, predicted intermediate flow
fields Fi—,0, F;—1, task-oriented robustness masks Py, P;. Darker
color in Py, P; approaches to 1, while brighter color tends to O.
Each column represents a separate example on Vimeo90K [15]

dataset. Zoom in for best view.

loss, which can decrease the adverse impacts while focusing
on the useful knowledge for better frame interpolation. It
seems that intermediate flow prediction of IFRNet behaves
smoother and contains less artifacts than flow prediction of
pseudo label, that helps to achieve better VFI accuracy.

Figure 18. Illustration of mean feature map of intermediate
feature <13t1 w/o and w/ L. From top to bottom rows are ground
truth frame I¢°, mean feature map of qAbtl w/o L4, mean feature
map of qAStl w/ Lg4. Each column represents a separate example on
Vimeo90K [15] dataset. Zoom in for best view.

Figure 18 depicts more visual results of mean feature
maps of intermediate feature w/o and w/ proposed geome-
try consistency loss, demonstrating its effect on regularizing
refined intermediate feature to keep better structure layout.

Figure 19 gives visual understanding of frame interpola-
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Figure 19. Illustration of intermediate components of IFRNet. From top to bottom rows are input frames Iy, I, predicted intermediate
flow fields Fi— 0, F;—1, warped input frames Io, I, merge mask M, merged frame f;, residual R, final prediction I, and ground truth I¢*,
where merged frame is calculated by IAt, =Mool + a1-M)oe I,. For better visualization of residual R, we multiply it by 10 and add a
bias of 0.5. Each column represents a separate example on Vimeo90K [15] dataset. Zoom in for best view.

tion process of IFRNet. Thanks to the reference anchor in-
formation offered by intermediate feature together with ef-
fective supervision provided by geometry consistency loss
and task-oriented flow distillation loss, IFRNet can estimate
relatively good intermediate flow with clear motion bound-
ary. Further, we can see that merge mask M can identify
occluded regions of warped frames by adjusting the mix-
ing weight, where it tends to average the candidate regions
when both views are visible. Finally, residual R can com-
pensate for some contextual details, which usually response
at motion boundary and image edges. Different from other
flow-based VFI methods that take cascaded structure de-
sign, merge mask M and residual R in IFRNet share the
same encoder-decoder with intermediate optical flow, mak-
ing proposed architecture achieve better VFI accuracy while

being more lightweight and fast.

Readers may think our IFRNet is similar with PWC-
Net [14] which is designed for optical flow. However, It is
non-trivial to adapt PWC-Net for frame interpolation, since
previous related works employ it as one of many compo-
nents. We summarize their difference in several aspects:
1) Anchor feature in PWC-Net is extracted by the encoder,
while in IFRNet, it is reconstructed by the decoder. 2) Be-
sides motion information in intermediate feature, there are
occlusion, texture and temporal information in it. 3) PWC-
Net designed for motion estimation, is optimized only by
flow regression loss with strong augmentation. However,
IFRNet designed for frame synthesizing, is optimized in a
multi-target manner with weak data augmentation.



Average Megquon Schefflera Urban Teddy Backyard Basketball Dumptruck Evergreen
Interpolation (Hidden texture) (Hidden texture) (Synthetic (Stereo) (High-speed camera) (High-speed camera) (High-speed camera) (High-speed camera)
error avg. im0 GT imi im0 GT imi im0 GT im0 GT imi im0 GT imi im0 GT imi im0 GT imi Imo GT imi

rank | all disc  untext | all disc  untext | all disc  untext | all disc  untext | all disc untext | all disc  untext | all untext disc  untext
SoftsplatAug [190] 26 | 1981 2811 10683 3382 1142 | 1873 2692 1062 | 3883 4653 2703 | 7241 8901 2986 | 3.803 7063 19873 | 5243 1143 1385 8022 1504
SoftSplat [169] 53 | 2062 3.063 1.149 3916 1243|1995 2733 1216 3842 4642 2692 |8.1018 10018 2962 7535 1986 | 5495 1215 1.398 8333 1504
IFRNet [133] 80 | 2083 3.032 11612 3734 13847| 1.741 2581 1.041 3.964 47864 29610| 7.555 9.285 3.1222 8209 20211 5567 1236 1372 8708 1516
EAFI[186] 82 | 2105 3.194 1.085 3231 1431 .772 2795 1083 4511 2641 11325 3.018 9.0923 1.973 13115 1372 8.9110 1516
DistillNet [184] 100 2116 3295 1151 3643 1.2816| 1.964 2733 1.144 4966 2815 9669 3.0614 9.0320 2.019 13.418 14314 93311 1.56 18
SepConv++ [185] 13.0 23923 41725 12024 4219 1281633424 3238 22088|44912 58117 2877 9427 2973 6802 1961 | 526 1164 1361 | £ B8B6S 1451
FGME [158] 13.2| 2083 3347 0981 44313 1.63112| 2466 3289 14117| 4086 4855 3.0518 9.083 3.0311 7627 20622| 4952 1072 14415 8415 156717
BMBC [171] 15023015 3.408 1.2024 42510 1.4159 31720 41931 1.6639 5288 2856 9628 31424 7474 20211 5638 1248 1408 BE586 1.6126
IDIAL [182] 159 | 2238 36212 1.149 45421 14676 2976 1.237 56413 2949 10420 2973 8.4312 1.897 13.317 15024 9.6715 1.5821
STAR-Net [164] 17.1| 2187 3378 12142 48831 14779 |3.0418 35315 1.5831 54411 2764 9274 2986 8.7213 1.997 |6.2120 13418 1418 9.4513 1493
EDSC [173] 18.8 23219 39017 1.1612 43812 15188 |29815 3.5416 1.3615 5.7414 3.16 31 9.96 17 3.08 16 9.2824 20211 | 5556 1236 1419 9.9923 1.5515
AdaCoF [185] 22824125 41024 1.26 135 43211 1.4385|34829 33110 17856484 5.9424 2938 | 86823 10822 31424 7596 1973 |57712 128913 1372 B677 1482
DSepConv [162] 27524726 43931 1.2142|3.32 46023 1.72133| 3.2821 3.6617 1.5024 6.36 28 3.23 66 9.6910 3.1 20 8.7815 2.0419 1259 14415 10.227 1.5821
GDCN [172] 296 |23117 39821 1107 51748 1.54983|2.8213 37822 14318 6.0126 3.2470 11325 31018 8.7514 2.08 23 12710 14212 9.9822 1.5310
STSR[170] 29923117 3.8215 1.1917 3905 1.93168)2.0213 34414 1.8157 5419 32779 11929 3.0614 |5.3834 10334 21024 15331 15024 9.9923 1.54 11
ProBoost-Net [191] 321 (22712 39017 1.074 5.0540 1.78 144/ 2.98 15 3.38 12 1.6538 5.76 15 3.33 10§ 10924 32529 (50125 9.4525 2.1426 13.520 14517 10.126 1.5923
MAF-net [163] 322| 2238 38416 1.085 48530 1.78 144| 2.8311 37018 15831 5.88 18 3.3199 11828 32730 |52729 10028 21527 14222 15446 9.8021 16328
CtxSyn [134] 32.7|2.2410 37213 1.042 4168 1.3542 |4.32 104 3.42 13 3.18 149 5.46 12 3.00 12 11929 34635 |5.2226 9.7626 2.2230 15432 15867 | 6.66 10.227 1.6937
FRUGnet [153] 329 | 26133 4.34 28 1.52 186 4.5218 1.72 133| 3.1419 3.7018 1.76 53 59925 3.2084 10018 2973 | 44810 83511 2.0211 12710 14517 8.3812 1.5717
ADC [161] 329 |2.5431 4.3126 1.20 154] 4.46 14 1.62 110 37620 1.7047 6.3729 3.1946 10822 31120 |4.7819 9.0421 2019 12812 1419 10227 1516
CyclicGen [149] 1332 | 22611 3.326 142181 4017 221 184] 4.0529 16235 5.9221 3.79 169| & 98416 31323 | 3.361 5.651 21728 9681 14212 6841 1529
FeFlow [167] 34.1|2.2813 37314 11816 4.78 29 2.09 180| 2.82 3137 16639475 5.78 16 3.72 162| 7.62 94086 30412 |47418 8.8817 20316 |6.0717 13115 15971 10533 1.6528
MPRN [151] 35.2|2.5329 44332 12142 4.97 34 1.5789 | 3. 54938 1288 6.5832 3.19 46 11929 3.3132|5.2628 9.9227 2.2230|6.8731 15533 14921 10.431 1.6025
TC-GAN [166] 352 3.96 20 1.25 119 4.5117 1.81 148/ 3.49 3.8024 22088 5.90 20 3.44 128 97312 3.008 |47818 9.0019 2.0316 14.222 15024 9.7318 154 11
MV_VFI [183] 35.7 | 23521 3.9821 1.25119) 4.49 15 1.81 149 3.46 38125 22192 5.9221 3.44 128 97211 3.019 |4.8022 9.0522 2.0419 14.222 15024 9.7017 1.54 11
DAIN [152] 35.8 | 2.3822 4.0523 1.26 135 45320 1.79 WIEI_ 37721 20578 5.88 18 3.41 124 9.7413 3.0412|4.7317 8.9018 2.0419 14326 15132 9.68 16 1.54 11
MS-PFT [159] 36.3|2.5329 43529 11612 5.0336 1.69 126/ 3.30 42533 17755 6.5531 3.1946 98115 32127 | 44911 82410 22230 13921 1.79131| 54222 98920 1.6937
DAI [168] 39.2|2.3015 3.4210 1.47 185| 3.46 46625 1.92 163| 2.55 37822 13310 5107 4.24 182 9.07 11325 3.0816|52830 10131 20211 14728 1396 |64825 10025 1.5023
MEMC-Net+ [160] 43.3|2.3923 3.9219 1.28 145| 4.52 18 2.07 179 38626 2.2088 5.93 23 3.72 162 10621 3142447016 8.8116 2.0316 14222 15867 | 63719 9.8718 1.5717
MDP-Flow2 [68] 44.1 | 2.8937 53839 11917 50743 1265 6.1072 2.48 115 7.4843 3.1428 12837 3.6160|6.1359 11.854 2.3162 16.837 14921 | 77554 12153 1.6937
PMMST [112] 44.5|2.0039 54341 1.2024 5.0540 1.2710 | 3. 54636 1.8260| 5.38 7.9270 3.41 124 12,837 36053 |57636 11.036 2.2638 16.940 15339 | 75739 11.839 1.7268
SuperSlomo [130] 45.7 | 25127 4.3227 1.25 119 5.06 42 1.93 W(EI—‘i 4.0028 1.4117]5.05627 6.27 27 3.66 157| 11.929 33031 (53733 10233 2.2433 15029 1.5339 (67332 10431 1.6630

Figure 20. Screenshot of our IE-ranking on the Middlebury benchmark (taken on the November 16th, 2021).

Average Megquon Schetflera Urban Teddy Backyard Basketball Dumptruck Evergreen
normalized interpolation| (Hidden texture) (Hidden texture) (Synthetic) (Sterea) (High-speed camera) (High-speed camera) (High-speed camera) (High-speed camera)
error avg. im0 GT imi im0 GT imi Im0 GT imi im0 GT mi im0 GT imi im0 GT imi im0 GT imi im0 GT imi
rank disc  untext disc  untext all untext lext text
EAFI [186] 34 0461 0588 0531 0511|0421 0501 0531 0711 1041 0.8313 0951 0744 0891 0591 | 0574 3 0591
SoftsplatAug [190] 4.1 0472 0566 0582 0532 | 0514 0617 0573 0732 1074 0782 0972 0732 0904 09516 06214| 0552 0702 0591
SoftSplat [168] 42 0514 06114 0686 0553 | 06525 0532 0586 0732 1062 | 0857 0816 0986 | 0. 0732 0904 0862 0602 | 0574 0733 0591
DistiliNet [184] 71 0526 08012 0623 0553 | 06525 0585 0573 0754 1074 | 0845 0816 0972 |08511 09019 0819 0883 0615 | 06519 0.8821 0607
IFRNet [19: 7.5 0514 06217 0634 0575 | 0432 0543 0542 0765 1.1314|0.8714 0.8313 1.0318 0786 0.9214 0883 0615 | 0588 0757 0.607
IDIAL [192] 1.8 0568 0588 07817 0586 | 0618 0.6910 06511 0819 1086 [0.8518 0.8825 1.0011 0828 0904 10127 06214| 06311 0.8413 0.6118
BMBC [171] 13.0 0.57 10 0.64 23 0738 06492 07822 07121 0777 1097 0816 09886 0775 0919 08312 0602 | 0563 0733 0591
SepConv++ [185] 16.4 0.6725 06423 0738 0591108549 0.7014 1.3096 | 0.87 08717 1118 | 0857 081 1.00 11 848 08814 0891 08721 0615| 0599 0799 0591
EDSC[173] 175 0.6016 05911 07611 06035| 0639 0.76 20 0.69 16 09023 1.1314 | 08818 0.8519 1.0217|0.9123 1.0933 0.9214 08516 0.6419| 0.6416 0.8516 0.6325
MV_VFI [183] 18.2 0.6218 0.64 23 0.78 17 06260 07926 0.8327 0.76 29 0.8717 1119 |08714 08211 1.0113| 08614 0.8917 0.92 14 08620 0615 )|0.6519 0.8821 0607
TC-GAN [166] 185 06218 0.6423 0.78 17 0.6380 | 07624 0.8125 0.7525 0.8717 1119 |0.8611 0.8211 1.0113|0.8614 0.8814 0.92 14 008516 0615 | 0.6519 0.8925 0607
STAR-Net [164] 185 0568 06575 0.8538 062 0.6910 0.76 29 0.8211 1062 0793 0972 0839 0904 10932 0615 | 06110 08010 0607
DAIN [152] 19.8 0.6320 08575 07923 06260 |06914 0.7318 06815 08616 1108 |08714 08313 1.0217| 08511 0.8613 09214 | 05911 08721 0615 | 06625 0.9027 0807
FGME [158] 20.2 0493 0511 07817 06492 | 0607 0659 06714 0765 11517 | 0.821 0771 0.999 | 08614 0817 09523|0.6122 08312 07053 0.63 11 0.83 11 0.65 118
STSR [170] 224 05813 0.61 14 0.665 0.68127| 0.6511 0.7217 0.7424 0.8314 11517 | 08125 0.8927 1.0421 1.0831 0.9523|06223 1.0428 0.6318| 0.6311 0.8413 0.6118
AdaCoF [165] 227 0.68 27 0.67 138 0.76 11 0.6035|0.8430 0.7116 0.9459 0.8921 1119 | 09023 08519 1.0625 0.8511 0904 08312 0615 0757 0591
DSepConv [162] 272 07234 06217 0.82 29 0.65 106 0.7014 07525 09732 1.1517 0.8313 1.0421 1.0025 0.9320 0.895 06419 0.8720 0.64 77
MEMC-Net+ [160] 283 06522 08575 0.79 23 0.70 139 0.8027 0.77 21 0.96 61 08314 1.1213| 08818 0.8519 1.0113 08814 0919 | 06429 11337 06214 0.8618 0807
ProBoost-Net [181] 288 05813 0522 08062 0649206712 0.6910 0.7018 0.8717 1.1927 | 0.8922 0.84 18 1.08 26| 0.92 0.9521 0.9926|0.5911 0907 0.6629| 0.64 0.85 16 0.65 118,
FeFlow [167] 28.9 05813 0566 0.84 33 0.67 123/ 0.70 15 0.69 10 0.86 45 0.8211 1.1314| 0.845 0804 0999 0.8410 0.9320|0.6429 0.8823 07164 0.90 27 0.65 118,
MPRN [151] 3150 0.7030 0.6423 08855 06482 |07722 1.0733 0648 0.8328 1172308531 08131 1.1230 1.0429 1.0129 | 0.60 0.8823 0.6525 1.0233 0.62 21
ADC [161] 3.7 0.68 27 0.67 138 0.78 17 0.66 114 0.8125 08238 09328 1.1517 0.8624 1.0524 1.1234 0919 08210 0615 0.8821 0607
GDCN [172] 33.5| 05413 06522 0.588 09479 06492 | 0639 0.7923 0.6916|1.03122 0.9023 1.1824 |0.9328 08332 1.0421 1.0127 0.9422| 05911 0.9415 0.6419 0.9329 0.6118
DAI [168] 37.8|0.65134 0526 0.79 185| 0.64 08229 066114| 0473 0564 0573 09121 0777 141175/ 08818 08519 0986 09622 0919 |0.6019 08925 0602 08821 0807
MAF-net [163] 396| 0482 06117 0522 08643 0626006712 0.8629 07834 |0.9649 0.9227 1.2032|0.8328 0.8927 1.08 26 1.0831 0.99 26 | 0.67 37 1.04 28 0.83 140| 0.65 19 0.86 18 0.69 182
CyclicGen [149] 38.9 [0.64 126 0.63 20 0.73 180| 0.738 0.88186|0.7218 0.8428 07834 | 08540 0.8921 1.2484|0.8125 0.8519 1.0928 0.671 1.0028 0711 06214| 0.521 0641 0807
FRUCnet [153] 40.0 [0.70 164 0.71 32 0.80 186/ 0.80 26 0.69 134 0.7519 0956009121 09126 1.1517 0.8313 1.0113 0.89 17 0.92 14 0895 06419|0.6311 0.8311 0.6477
CixSyn [134] 41.0| 0505 05710 0.555 0717 05911142134 0648 2.08151|0.8710 0.8211 1.1824|0.9531 08029 1.1332 0.9220 1.0230|0.6838 1.0026 0.83 140| 0.6726 0.89 25 0.68 177,
PMMST [112] 478 0.7337 06423 08538 05911 | 09954 1.6980 1.05700.9763 1.14 109 1.2369 | 0.9938 08637 1.1434 1.2842 1.0439| 0.7151 13357 06736 0.7737 1.1038 06477
130 48.5 0.6929 0.6423 |0.72 103 0.9167 0.75 160/ 0.7420 1.0132 0.7121| 09876 0.9530 1.2369|0.8430 09029 1.1230|0.9631 0.9823 1.0439| 06019 0907 0.7164| 0.6930 0.93 29 0.68 177
FLAVR [188] 48.5 0.7030 0.71171| 0.71985 0.7817 0.76 163| 0.76 21 0.8024 0.7525|1.241751.28 155 1.2369 | 0.833 0804 0872 | 0835 08511 0.891 | 06223 09210 0.6419| 0574 0733 0607
OFRI [154] 49.5 039 0.57 10 0.69 162 0.67 67 0.8128 0.79171|0.7015 0596 0.8342|08710 0819 1.1517 08611 0816 1.0319)|0.9224 0.9924 0.9825|0.7991 0.907 1.18177| 0.6726 0.84 13 0.78 190

Figure 21. Screenshot of our NIE-ranking on the Middlebury benchmark (taken on the November 16th, 2021).

10. Screenshots of the Middlebury Benchmark

We take screenshots of the online Middlebury bench-
mark for VFI on the November 16th, 2021, whose results
are shown in Figure 20 and Figure 21. Since the average
rank is a relative indicator, previous methods [, 3, 10, 1 1]
usually report average IE (interpolation error) and aver-
age NIE (normalized interpolation error) for comparison.
As summarized in Table 2 in our main paper, proposed
IFRNet large model achieves best results on both IE and
NIE metrics among all published VFI methods that are
trained on Vimeo90K [15] dataset. Moreover, IFRNet large
runs several times faster than previous state-of-the-art al-
gorithms [10, 12], demonstrating the superior VFI accuracy
and fast inference speed of proposed approaches.
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