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1. SOTA methods follow EM paradigm: OT as
Pseudo-labels, learning representations given
0seudo labels.
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. 3. Take the mean of Gaussian as the embedding, use
A better local optimum. OT for segmentation r L LLt(m)l (m)
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We want to get out of poor local optimums and 4. Hungarian matching to tag semantic labels for the MN m=1 i=1 j=1 1. SOTA on BF/DA, competitive on 50Salads/DA.
find “Better” local optimums during training. inferred segmentations. 2. PEsis effective on top of ASOT/VASOT baselines.
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1. Uncertainty decreases during training but converges as training finishes. S I
2. Uncertainty is in general higher for incorrectly predicted frames. asar vasoT
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i - j Our approach recovers missing actions as training progresses that is closer
1 ——— = to G.T. comypared to baseline using deterministic embeddings.
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