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The "Omnimatte” Task

Core Task: A fundamental problem in video understanding and editing is
isolating objects from their scenes.

Applications: background replacement, retiming, duplicating actors...



The “Omnimatte” Task

Decompose a video into layers: background layers and foreground layers
WITH all of the object associated effects.

Generative Omnimatte Learning to Decompose Video into Layers; Lee et al.
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Current methods

Optimization methods
decompose the video
into layers and then
recompose them.

Require extensive training
or costly self-supervised
optimization for each video

fie predicts RGBA layers &
auxiliary foreground flow

Stage 1: Object-Effect Removal with Trimask condition (Sec. 3.2-3.4)

User Inputs . .
| 1. High computational cost: hours to

train/optimize per short video

Input video 7 Trimask M

2. Slow inference/rendering: ~3-9
seconds per frame.

e f Sl Training bas.ed 3. Limited generalization: struggles
-“ - e o methods trains a with new videos and out-of-
network to output distribution objects.

Object mask 1 Trimask M, CleanBG 7,

Trimask label [ toberemoved [1]tobepreserved [0 background eac h I aye I se p a rat e I y .




OmniMatteZero 1n three steps

1 2 3
Object Removal Foreground Extraction Layer Composition
Remove all objects to create  |S0late objects with their Seamlessly composite onto

clean background. effects. new backgrounds.



Zero-shot Image Inpainting
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Zero-shot Image Inpainting
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Image Inpainting Fails for Video

Core Differences
Input Video (a) Vanilla Inpainting

Image inpainting ensures spatial
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- Applying frame-by-frame image-
inpainting fails
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Attention Guidance
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Attention Guidance

(a) Identifies background
correspondences across frames using
Track-Any-Point (TAP-Net).

(b) Temporal Attention Guidance
Replaces temporal attention scores with
mean attention between background
pairs.

(c) Spatial Attention Guidance
Sets attention scores to mean spatial
attention among background points.

fi-1 fi fis1

(a) Identlfylng Potential Background Patches from Nelghbormg Frames
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Self- Attention Maps Reveal Object Effects

Video diffusion models naturally capture object-effect associations through motion, following
Gestalt psychology's "common fate”.

Self Attention Maps
(a) Video Diffusion (b) Image Diffusion
All Effect

Automatically detected and

included in object masks

Missing effects




OmnimatteZero Overview

Input Video v

VAE

Object Mask M,,;

‘ VAE .
Encoding Random Noise

> Mobj

Generation with
TAG and SAG




Qualitative Results




Quantitative Results

Object Removal OmnimatteZero outperforms all omnimatte and video
inpainting methods.

Scene Movie Kubric Average
: Tirain Trun
Met PSNRT LPIPS| PSNRT LPIPS| | PSNRT LPIPS
e T l T l T l (hours) (s/frame)
Image , :
e ObjectDrop [Winter et al. 2024] 28.05 0.124 34.22 0.083 31.14 0.104 ‘ - -
Inpainting

26.62 0.148 31.46 0.157
27.44 0.114 34.67 0.056
29.51 0.105 35.19 0.048

29.04 0.153 - 9
31.06 0.085
32.35 0.077 0.8

Lumiere inpainting [Bar-Tal et al. 2024]
Video Propainter [Zhou et al. 2023]
Inpainting DiffuEraser [Zhou et al. 2023]

- - 34.99 0.113
23.10 0.129 - -
33.86 0.017 40.91 0.028
32.69 0.030 44.07 0.010

- - 2.2

- - . 0.4
0.023 3.5
0.020 9

D2NeRF [Wu et al. 2024]

LNA [Kasten et al. 2021]

OmnimatteRF [Lin et al. 2023]
Generative Omnimatte [Lee et al. 2024]

OmnimatteZero [LTXVideo] (Ours) 35.11 0.014 4497 0.010 0.012 0.04
| I |
OmnimatteZero [Wan2.1] (Ours) 34.12 0.017 45.55 0.006 0.011 3.2

Omnimatte

Ominmatte [Lu et al. 2021] 21.76 0.239 26.81 0.207 24.29 0.223 2.5

Real Time!!



Qualitative Results

Object Removal
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Foreground Extraction

To isolate an object’s layer:

(1) Remove the target object. Results with background video: V,,; and Z,,, ;.

(2) Foreground layer can be extracted by subtracting the two latents:

Zobj =7 — Zbg




Compositions

To seamlessly compose layers, one can simply add the latents to make compositions:

/ 7!
A obj+bg — A bg + Zobj

Refinement: To further smooth transitions between composed foreground and
background, we apply 3 noising-denoising steps.

Foreground New Background Latent Addition + Refinement
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