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« TL;DR: We present a zero-shot, text-driven, diffusion-based video
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* DreamMotion: The first framework that utilizes text-to-video score
distillation for video editing.

« Appearance Injection: Video score distillation effectively
introduces new content indicated by the target text.
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» Problem of Score Distillation: Inaccurate gradients of the score

distillation cause significant structure and motion deviation. t~1(0,1) geyfra?e
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between the input video and the target video.
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Why Score Distillation for Diffusion-based Video Editing?

« Conventional reverse diffusion process (ancestral sampling) struggles Original Attention Target Attention
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Quantitative Comparison To Baselines
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