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Background

Video frame interpolation increases the frame rate of videos, and Is
required In various scenarios. Existing video frame interpolation
methods utilizing deep learning consist of two paradigms:
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Motion Volume Construction and Synthesis Spatiotemporal Variance-aware Supervision

The motion volumes are constructed via a lightweight pyramidal network. The spatiotemporal variance-aware loss Lg, IS a sum of

L., and L.,, and Is utilized along with the typical frame
reconstruction loss to conduct self-supervised and
supervised joint training for SVMV.

O A spatial variance enhance loss
Lsplai] = Vs|uine[qil]/Veluise[q:]]
O Atemporal variance enhance loss
Levlqi] = min{Lpg(L[q;], I;[q;: + % [q:1]),
Lpg(ilqi], Ielq; + wiSe[q:]D}
Lpr. photometric reprojection loss
V., V,: local spatial variance, per-pixel ensemble variance
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@: Bilinear Downsampling

Computational cost (high to low)
: Used 1n training only

OKernel-based paradigm
» Kernel estimation networks often have heavy structures
» Kernel estimates may be deficient to handle large motion
OFlow-based paradigm
» Learning accurate flow estimation is nontrivial

 Utilizing refinement modules is both computationally
expensive and vulnerable to error propagation

SVMV Overview

We propose SVMV framework, based on ensembles of offset

SVMYV synthesis generates intermediate frame via ensembles of M offset approximations
per pixel and corresponding weights.
i [p,] Yizo Lm=1Zvqer; Kit[4illilqi]
t1Pe Yico Lm=1 Ztieli Kitlai]
elgi] = witlq:1B(q; + uiselqi] — pe)
O Yield ensemble of offset approximations to conduct flexible sampling process
O Learn shared spatiotemporal representations to achieve network compactness

B: bilinear kernel

w/ Lgy V,

O Exploit diverse offset approximations per pixel to refine
the sampling process

O Avoid heavy refinement modules

q;, ps. pixel coordinates

Comparisons on the SNU-FILM and DAVIS datasets against SOTA methods
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OSVMV method components
* Motion volume construction and synthesis
« Spatiotemporal variance-aware supervision
OSVMV method performance
» Favorable interpolation results
* More compact network
* Less runtime
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EQVI (Liu, 2020)
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loss, that assembles estimations and refinements. 0151 VFIT S éBME EQVI 35.48/0.9667/0.050 30.65/0.9143/0.108 25.64/0.7968/0.197 27.64/0.8317/0.166 0.44 25.4
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VFIT B (Shi, 2022)

SVMV (Ours)
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