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Introduction

Problem Definition: Text guided video editing

TL; DR: RAVE 1s a fast, framework for text-guided video
editing, compatible with off-the-shelf pretrained text-to-image (T2I)
diffusion models.
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Question: How to extend the ‘grid trick’ for zero-shot video editing?

! n o orids indenendentlv

Answer 2: Adapting sparse-causal (SC) attention using grids?
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Motivation - Extension to Video Domain

Question: How to extend the ‘grid trick’ for zero-shot video editing?
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Quantitative Results

Method CLIP-F (x10~%) 1 WarpSSIM (x10~2) t CLIP-T (x1072) % Qeait (X107°) 1 User Study 1 Runtime |
8-frames 36-frames 90-frames | 8-frames 36-frames 90-frames | 8-frames 36-frames 90-frames | 8-frames 36-frames 90-frames @ Q1 (GE) Q2(TC) Q3 (TA) | 90-frames
Text2Video-Zero 95.49 92.89 94.35 67.97 36.65 71.57 29.46 29.42 29.73 20.02 10.78 21.27 47.95% 2487%  52.56% 5:33
Rerender 92.87 89.71 90.63 68.57 44.54 74.56 25.65 27.42 27.55 17.66 12.24 20.51 17.44%  23.33% 17.18% 5:24
TokenFlow 95.80 93.17 95.92 74.03 50.97 80.40 28.27 28.29 29.53 20.92 14.41 23.74 44.10%  68.97%  43.59% | 5:24 (4.14)
Pix2Video 89.96 24.78 28.01 5.61 - - N/A N/A N/A -
RAVE - w/o shuffle 20.66 13.94 22.76 N/A N/A N/A N/A
1.08 14.60 90.51% 82.82% 86.67% | 4:28 (3:13)

RAVE

Table 1. Quantitative comparison. CLIP-F, WarpSSIM, CLIP-T, and Q.4;; metrics are reported individually on videos of 8, 36, and 90
frames. The user study section reports the frequency of each method chosen among the top two edits for General Editing (Q1 (GE)),
Temporal Consistency (Q2 (TC)), and Textual Alignment (Q3 (TA)). The last column presents video-editing runtime in ‘minutes:seconds’
format for 90 frames for the entire pipeline, including preprocessing and editing stages (parentheses indicate runtime w/o preprocessing).
’-” denotes methods that cannot be measured due to excessive memory requirements, while "N/A’ indicates that the value is not available.
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Qualitative Results — Extreme Shape Editing
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Comparisons to Baselines
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Ablation Study
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Ablation Study - Conditions
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Project Webpage & Demo

Project Webpage Huggingface Demo

https://rave-video.github.i0/ https://huggingface.co/spaces/ozgurkara/RAVE
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