The Visual Centrifuge: Model-Free Layered Video Representations
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Model design choices. Qualitative samples on Kinetics Validation set.
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3 Conclusion: deeper model, more outputs and predictor-corrector architecture matter.
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1 Challenge: Permutation label problem Motion vs. Static cues ablation studly. Low-level vs. high-level features:
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Solution: Permutation Invariant Loss:

£({V'.V?}.0) = min ((V',0)+(V?.0)
LI

with simple pixel wise reconstruction loss [Mathieu et al.l:

- Mixed 5c¢ > Mixed 3¢ (deeper is better)
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e I - Unmixing videos of the same class is
o ' T harder (0.145 vs 0.133)

- Simply average two videos In pixel space

Testing with:

2 frozen 2 normal 1froz/1nor.

Goal: learn a model to decompose videos into - Similar to reflection layer composition

- Ground Truth for freel! - More correlation between unmixing perf.
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Frozen-video trained model

Mathieu et al, ICLR, 2016.

A computational approach for obstruction-free photography,
Xue et al., SIGGRAPH, 2015, i -
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- Centrifuge + 13D off-the-shelf: 44% acc.



