Unified Video Dense Prediction from Disjoint Data
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Conclusion

Human Part Segmentation Semantic Segmentation Material Segmentation

* First unified video dense-prediction model trained entirely on disjoint, domain-
specific data: diffusion priors bridge the domain gaps, enabling generalization to
unseen scene—task combinations without co-annotation or pseudo-labeling.

e Diffusion priors alone are enough to bridge domain gaps
across disjoint, incompatible datasets — no pseudo-labeling,
no co-annotation.
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e Latent-space distillation makes joint training tractable, while Extended Self-
Attention propagates temporal consistency to tasks with no video supervision.
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