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* Pseudo-labels are used for pseudo pixel-wise feature separation
* Pixel-wise SICLR
* Positive samples: Pixels of the same semantic class
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Challenges
o
 SFDA has not been explored for video data. il
» Existing UDA for VSS methods are not applicable to the SFDA setting. 70-
 SFDA methods for image data do not consider temporal information. IS S I N [ S —
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* No access to any labeled training data.
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