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This work proposes an approach to structured Standard feature spaces for dense CRF: — = SN . ey’

prediction over video. It assigns semantic labels to
all pixels in the video jointly.
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Standard feature spaces like those shown above
have severe limitations in case of videos.
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prediction for

Video sequences can be arbitrarily long.
| the entire video

Video is divided into overlapping blocks of frames.

Desired properties of the feature space:

1. Corresponding pixels should map to points that Each block is a fully-connected CRF. All these blocks
are close in the feature space. are solved jointly.

2. Features for pixels belonging to the same object
should be closer than features of two pixels
belonging to semantically distinct objects.
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