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 Video frame interpolation targets temporal super-resolution of an input video

 Key premise: the frame rate of the input sequence is already sufficiently high

 Incorrect motion estimation → incorrect interpolated frame

 Quantitative comparison of our approach and SOTA methods at different fps

 Qualitative analysis on input samples with large temporal gap

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

 Quantitative analysis of frames at different time steps (10 → 240 fps)

 Qualitative analysis of estimated feature flows and p-GT flows



Experimental Results

Introduction

Propagation-Interpolation Network (P-INet)

Methodology

 Motion-to-feature forecasting
 Encoder → top-down feature extraction

 Anchor and reference features

 Motion decoders → to forecast features

 Global (STN)

 Feature-to-frame decoding
 Frame decoder → bottom-up frame synthesis

 Feature flow estimation
 Optical flow estimator in PWC-Net

 Training algorithm of P-INet 

Ablation Studies

 Local (Conv. decoder)
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 Loss functions
 Intermediate flow supervision using p-GT flows is important 

(inter-frame motion and direction supervisions)

 Gradient difference loss improves performance

 M2FNet
 Conv. Nets are capable of decoding both global and local 

motions

 Explicitly using global decoder improved performance

 Frame decoding
 Incorporating features of past frames when decoding a current 

frame is important for long-term VFI
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 What happens if we increase 𝑛? How does VFI work?
 Given input frames: 𝑥𝑡 , 𝑥𝑡+𝑛
1. Estimate motion between 𝑥𝑡 and 𝑥𝑡+𝑛
 Optical flow

 Motion kernel

2. Interpolate the estimated motion to the 
target time

 Directly warping input frames

 Frame synthesis network

 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


