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Introduction

» Video frame interpolation targets temporal super-resolution of an input video
= Key premise: the frame rate of the input sequence is already sufficiently high

» How does VFI work?
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Long-term Video Frame Interpolation via Feature Propagation

» What happens Iif we increase n?
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= Given input frames: (x;, X¢4p)

1. Estimate motion between x; and x;,,
v' Optical flow 321
v' Motion kernel gze—

2. Interpolate the estimated motion to the € 26

target time 2
v" Directly warping input frames 20
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» Incorrect motion estimation — incorrect interpolated frame

> Previous works

» Proposed formulation

> Contributions

= General VFI framework
relatively robust to low
frame rate videos

= Frame propagation
network as a plug-in
module

= State-of-the-art
performance on long term
VFI
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Methodology

» Motion-to-feature forecasting

= Encoder — top-down feature extraction

v" Anchor and reference features
k
{u,lf}l=1 = Encoder (x;)

k
{uém}l:l = Encoder (x;,,)

= Motion decoders — to forecast features
v Global (STN)
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» Feature-to-frame decoding

= Frame decoder — bottom-up frame synthesis
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» Quantitative comparison of our approach and SOTA methods at different fps
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» Feature flow estimation
Optical flow estimator in PWC-Net

AN TV

U U1 Ut42

Ut+m

Utyn

» Training algorithm of P-INet

Input : (¢, z¢4p)

Output : £;,;, where 1 <17 <n

// m is the frame gap

Let N be the maximum frame gap in the dataset, M be the upper
limit for small frame gap, and At(n) be a reliable time frame of
propagation which is dependent on n

foreach input sample do

end

ifn < Mthen // small gap

| i’t-i—i = INet (iﬂt, $t+n) for all 2
else // large gap
if i < At(n) then // propagate from

end

i't+'£ = PNet (.I't-,. 33t-|—n)

(M <n<N)

else if At(n) < i < n — At(n) then

// propagate and interpolate
j}t+At(n) — PNet (:L’t, Et-ﬁ—n)

Tipn—At(n) = PNet (z¢4n,zt)
Zt+i = INet (Z¢4A¢(n): Tt4n—At(n))

Ttyi = PNet (z¢qn,xt)

else // propagate from Zt4n

Experimental Results

Adobe240 [40] GOPRO [27] NS [11]

Method 30 fps 15 fps 8 fps 30 fps 15 fps 8 fps 30 fps 15 fps 8 fps

PSNR SSIM PSNR SSIM PSNR SSIM | PSNR SSIM PSNR SSIM PSNR SSIM | PSNR SSIM PSNR SSIM PSNR SSIM
SepConv [30] | 2991 0915 2394 0.811 19.88 0.707 | 28.64 0.871 23.23 0.694 19.74 0.560 | 31.84 0915 26.73 0.811 23.00 0.707
SloMo [17] 30.03 0917 2430 0818 20.17 0717 ] 29.03 0917 2358 0.818 1999 0.718 | 31.83 0.917 2695 0.818 23.19 0.717
DAIN [2] 30.53 0.924 2439 0.824 20.21 0.721 ] 29.25 0924 2363 0.824 20.18 0.721 | 3246 0.924 27.19 0.824 23.36 0.720
AdaCoF [19] | 30.14 0.896 24.11 0.741 20.07 0.567 | 29.05 0.876 2349 0.701 19.89 0.571 | 32.28 0.919 27.05 0.819 23.23 0.719
FeFlow [17] 3048 0.902 24.19 0.737 20.04 0576 | 29.30 0921 2351 0.822 19.82 0.724 | 3242 0.921 27.05 0.822 23.16 0.724
INet 3030 0920 24.21 0.819 20.12 0.718 | 29.17 0919 2359 0.821 20.04 0.722 | 32.03 0.920 2699 0.822 23.27 0.721
P-INet 30.30 0920 27.10 0.890 24.00 0.810] 29.17 0919 2645 0.879 2390 0.804 | 32.03 0.920 2898 0.874 26.23 0.798

d Qualitative analysis on input samples with large temporal gap

» Qualitative analysis of cascading PNet with state-of-the-art VFI approaches

PNet + FeFlow [ |~ DAIN [”] PNet + DAIN [7]

Inputs Overlamym_

» Quantitative analysis of frames at different time steps (10 — 240 fps)
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» Qualitative analysis of estimated feature flows and p-GT flows
f (Ours) f (p-GT) Input (z ¢) f (Ours) f (p-GT)
: Adobe240 GOPRO
» Loss functions | ]
: - : . Loss Functions PSNR SSIM PSNR SSIM
= Intermediate flow supervision using p-GT flows is important
(inter-frame motion and direction supervisions) w/0 LM2FNet 25.09 0.730 25.16 0.728
= Gradient difference loss improves performance w/0 inter-frame motion 2581 0.776  26.11 0.776
w/o direction supervision 27.13  0.801 27.83 0.806
» M2FNet w/o LepL 2697 0.801 27.84 0.813
= Conv. Nets are capable of decoding both global and local M2FNet
motions w/o Dy, 25.13  0.734 25.71 0.760
=  Explicitly using global decoder improved performance w/o D¢ 2696 0.801 27.34 0.811
» Frame decoding Frame Decoding
= Incorporating features of past frames when decoding a current only warping u; inEq. (7) | 2682 0.793 2741 0.812
frame is important for long-term VFI excluding v;4; from Eq. (8) | 26.03  0.781  26.57 0.789
P-INet 27.70 0.816 28.43 (.843
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