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We construct dataset slices, each characterized by one attribute, to see how that attribute affects inpainting performance in isolation. In this illustrative example,
we create a slice for high camera motion by sampling , but . For each model, we randomly
sample 150 video-mask pairs per evaluation slice, and then evaluate the model on the resulting set to see how well the corresponding attribute is handled.
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Visualizations of each model's performance across the five evaluation metrics averaged over all DEVIL slices; larger
area is better. Performance is scaled linearly and independently per metric such that the innermost and
outermost pentagons respectively correspond to the weakest and strongest observed mean performance.
Models are sorted by publication date.

Quantitative Failure Case Analysis

 Models that explicitly estimate optical flow produce the best

Our quantitative content-based metrics align with qualitative failure cases. results, suggesting that flow prediction is key to good video inpaint-

ing performance.

* Non-deep learning approaches perform well, suggesting that improve-
ments can be made by modernizing older methods instead of just
relying on deep learning advances.
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