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Figure 1: VideoGrain enables multi-grained video editing across class, instance, and part levels.
ABSTRACT

Recent advancements in diffusion models have significantly improved video gen-
eration and editing capabilities. However, multi-grained video editing, which
encompasses class-level, instance-level, and part-level modifications, remains a
formidable challenge. The major difficulties in multi-grained editing include se-
mantic misalignment of text-to-region control and feature coupling within the
diffusion model. To address these difficulties, we present VideoGrain, a zero-
shot approach that modulates space-time (cross- and self-) attention mechanisms
to achieve fine-grained control over video content. We enhance text-to-region
control by amplifying each local prompt’s attention to its corresponding spatial-
disentangled region while minimizing interactions with irrelevant areas in cross-
attention. Additionally, we improve feature separation by increasing intra-region
awareness and reducing inter-region interference in self-attention. Extensive ex-
periments demonstrate our method achieves state-of-the-art performance in real-
world scenarios. Our code, data, and demos are available on the project page.
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1 INTRODUCTION

Figure 2: De nition of multi-grained video editing and comparison on instance editing

Recent advances in Text-to-Image (T2l) and Text-to-Video (T2V) diffusion models (Rombach et al.,
2022; Wang et al., 2023a; Brooks et al., 2024) have enabled video manipulation through natural
language prompts. In practical applications, enabling users to edit regions at various levels of gran-
ularity based on textual prompts offers greater exibility. To investigate this, we introduce a new
task called multi-grained video editing, which encompasses class-level, instance-level, and part-
level editing, as shown in Fig. 2 left. Class-level editing refers to modifying objects within the same
class. Instance-level editing means editing different instances into distinct objects. Part-level going
further, requires adding new objects or modifying existing attributes at part-level.

While existing methods employ various visual consistency techniques, such as optical ow (Cong
et al., 2023; Yang et al., 2023), control signals (Zhang et al., 2023b), or feature correspondence
(Geyer et al., 2023). These methods remain instance-agnostic, often mixing features of different
instances during editing (see Fig. 2 right). Ground-A-Video (Jeong & Ye, 2023), which inherits
text-to-bounding box generation priors (Li et al., 2023), should be instance-level editing but still
suffer from artifacts. Similarly, recent T2V-based methods like DMT (Yatim et al., 2024) and Pika
(pik), although equipped with video generation priors, struggle with multi-grained edits. We nd that
the core issue is that diffusion models tend to treat different instances as the same class segments,
leading to strong feature coupling across instances, as illustrated in Figure 3.

To address this problem, our primary insight is to 1) enable text-to-region control and 2) keep feature
separation between regions. In the typical diffusion models, the cross-attention layer serves as a key
component to update textual features control over each spatial region, while the self-attention layer
generates globally coherent structures by connecting each frame token across time. Therefore, we
propose Spatial-Temporal Layout-Guided Attention (ST-Layout Attn), which modulates both space-
time cross- and self-attention in a uni ed manner to achieve the above goals.

In the cross-attention layerthe uniform application of global text prompts across all frame tokens
leads to severe semantic misalignment, which reduces the precision of multi-grained text-to-region
control. To address this, we modulate cross-attention to amplify each local prompt's focus on its
corresponding spatial-disentangled region while suppressing attention to irrelevant areas. In the
self-attention layerpixels from one region may attend to outside or similar regions within the same
class, leading to feature coupling and texture mixing, which is an inherent limitation of diffusion
models that complicates multi-grained video editing. To mitigate this, we modulate self-attention to
enhance feature separation by increasing intra-region focus and reducing inter-region interactions,
ensuring each query attends only to its target region.

Our key contributions can be summarized as follows:

 To the best of our knowledge, this is the rst attempt at multi-grained video editing. Our
method enables both class-level, instance-level and part-level editing.

* We propose a novel framework, dubb¥iieoGrain which modulates spatial-temporal
cross- and self-attention for text-to-region control and feature separation between regions.

» Without tuning any parameters, we achieve state-of-the-art results on existing benchmarks
and real-world videos both qualitatively and quantitatively.
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2 RELATED WORK

2.1 TEXT-TO-IMAGE EDITING/GENERATION

In the realm of single attribute text-to-image editing, various approaches have been explored, from
manipulating attention maps in Pix2Pix-Zero (Parmar et al., 2023) and Prompt2Prompt (Hertz et al.,
2022) to employing masks in DiffEdit (Couairon et al., 2023) and Latent Blend (Avrahami et al.,
2022; 2023) for foreground modi cations while preserving the background.

For multi-grained editing, efforts like Attention and Excite (Chefer et al., 2023) and DPL (Wang

et al., 2023b) focus on maximizing attention scores for each subject token and reducing attention
leakage. In image generation, (Kim et al., 2023) modulates attention based on layout masks and
dense captions, while (Phung et al., 2023) proposed an attention refocus loss for regularization.
However, using single-frame layout masks and dense captioning alone is insuf cient for video edit-
ing, as it fails to maintain the original video's integrity and temporal consistency.

2.2 TEXT-TO-VIDEO EDITING

Video Editing based on Image Diffusion Models.Tune-A-Video (TAV) (Wu et al., 2022) is the

rst work to extend latent diffusion models to the spatial-temporal domain and encode the source
motion implicitly by one-shot tuning but still fails to preserve local details. Fatezero (Qi et al.,
2023) and Pix2Video (Ceylan et al., 2023) fuse self- or cross-attention maps in the inversion pro-
cess for temporal consistency. However, (Qi et al., 2023) requires extensive RAM usage and suffers
from layout preservation even when equipping TAV for local object editing. (Chai et al., 2023) and
(Ouyang et al., 2023), following the Neural Atlas (Kasten et al., 2021) or dynamic Nerf's defor-
mation eld (Pumarola et al., 2021), struggle with non-grid human motion. Subsequent methods
like Rerender-A-Video (Yang et al., 2023), FLATTEN (Cong et al., 2023) ControlVideo (Zhang
et al., 2023b) achieve strict temporal consistency via optical- ow, depth/edge maps, but failed in
multi-grained editing while preserving original layouts. Token ow (Geyer et al., 2023) enforces a
linear mix of nearest key-frame features to ensure consistency but results in detail loss. Ground-A-
Video (Jeong & Ye, 2023) leverages groundings for multi-grained editing, but it suffers from feature
mixing when bounding boxes overlap.

Video Editing based on Video Diffusion Models.Previous video editing work primarily utilized
text-to-image SD model (Rombach et al., 2022). Recent advancements in video foundation mod-
els (Yu et al., 2023; Guo et al., 2023; Wang et al., 2023a; Yang et al., 2024e) have led efforts like
VideoSwap (Gu et al., 2023) to employ temporal priors for customized motion transfer or motion
editing (Mou et al., 2025). Yet, current video foundation models are limited to xed views and
struggle with non-grid human motions. Additionally, these editing methods require tuning parame-
ters, which poses a challenge for real-time video editing applications. In contrast, our VideoGrain
method requires no parameter tuning, enabling zero-shot, multi-grained video editing.

3 METHOD

3.1 MOTIVATION

To investigate why previous methods failed in instance-level video editing (see Fig. 2), we begin
with a basic analysis of the self-attention and cross-attention features within the diffusion model.

As shown in Fig. 3 (b), we apply K-Means clustering to the per-frame self-attention features during
DDIM Inversion. Although the clustering captures a clear semantic layout, it fails to distinguish be-
tween distinct instances (e.g., “left man” and “right man”). Increasing the number of clusters leads
to ner segmentation at the part level but does not resolve this issue, indicating that feature homo-
geneity across instances limits the diffusion model's effectiveness in multi-grained video editing.

Next, we attempt to edit the same class of two men into different instances using SDEdit (Meng
et al., 2022). However, Fig. 3 (d) shows that the weights for “Iron Man” and “Spiderman” overlap
on the left man, and “blossoms” weight leaks onto the right man, resulting in the failed edit in (c).



Published as a conference paper at ICLR 2025

Figure 3: Analysis of why the diffusion model failed in instance-level video editingOur goal is
to edit left man into “Iron Man,” right man into “Spiderman,” and trees into “cherry blossoms.” In
(b), we apply K-Means on self-attention, and in (d), we visualize the 32x32 cross-attention map.

Thus, for effective multi-grained editing, we pose the following questitem we modulate attention
to ensure that each local edit's attention weights are accurately distributed in the intended regions?

To answer this, we propose VideoGrain with two key designs: (1) Modulate cross-attention to induce
textual features to congregate in corresponding spatial-disentangled regions, thereby enabling text-
to-region control. (2) Modulate self-attention across the spatial-temporal axis to enhance intra-
region focus and reduce inter-region interference, avoiding feature coupling within diffusion model.

3.2 PROBLEM FORMULATION

The purpose of this work is to perform multi-grained video editing across multiple regions based on
the given prompts. This involves three hierarchical levels:

(1) Class-level editing Editing objects within the same class. (e.g., changing two men to “Spider-
man,” where both belong to the human class, as seen in Fig. 2 second column)

(2) Instance-level editing Editing each individual instance to distinct object. (e.g., editing left man
to “Spiderman,” right man to “Polar Bear,” as shown in Fig. 2 third column).

(3) Part-level editing: Applying part-level edit to speci ¢ elements of individual instances. (e.g.,
adding “sunglasses "when editing the right man to “Polar Bear” in Fig. 2 fourth column).

Given a source videw 2 RN 3 H W ‘whereN is the number of frames, our goal is to obtain an
edited videov ° based on speci ed edits. We aim to improve multi-grained control in video editing
by conditioning on each region's location and its text prompt. More formally, we optimize a video

region's prompt and corresponding location.

3.3 OVERALL FRAMEWORK

The proposed zero-shot multi-grained video editing pipeline is illustrated in Fig. 4 top. Initially,

to retain high delity, we perform DDIM Inversion (Song et al., 2021) over the clean latgrtb

get the noisy latenk,. After the inversion process, we cluster the self-attention features to get
the semantic layout as in Fig. 3 (b). Since self-attention features alone cannot distinguish between
individual instances, we further employ SAM-Track (Cheng et al., 2023) to segment each instance.
Finally, in the denoising process, we introduce ST-Layout Attn to modulate cross- and self-attention
for text-to-region control and keep feature separation between regions, as detailed in Sec. 3.4.

Different from one global text prompt control of all frames, VideoGrain allows paired instance- or
part-level prompts and their locations to be speci ed in the denoising process. Our method is also
versatile to ControlNet conditios, which can be depth or pose maps to provide structure conditions.
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Figure 4: VideoGrain pipeline. (1) we integrate ST-Layout Attn into the frozen SD for multi-grained
editing, where we modulate self- and cross-attention in a uni ed manner. (2) In cross-attention, we
view each local prompt and its location as positive pairs, while the prompt and outside-location
areas are negative pairs, enabling text-to-region control. (3) In self-attention, we enhance positive
awareness within intra-regions and restrict negative interactions between inter-regions across frames,
making each query only attend to the target region and keep feature separation. In the bottom two
gures, p denotes original attention score amgli denotes the word and frame index.

3.4 SPATIAL-TEMPORAL LAYOUT-GUIDED ATTENTION

Based on the observation in Sec.3.1, cross-attention weight distribution adheres to the edit result.
Meanwhile, self-attention is also crucial to generate temporal consistent video. However, the pixels
in one region may attend to outside or similar regions, which poses an obstacle for multi-grained

video editing. Therefore, we need to modulate both self- and cross-attention to make each pixel or
local prompt only focus on the correct region.

To achieve this goal, we modulate both cross- and self-attention mechanisms via a uni ed increase
positive and decrease negative manner. Speci cally, forithdrame of the query feature, we
modulate the query-ke®@K > condition map as follows:

K>+ M self=cross
Aiself:cross: softma>( Q P a ); (1)
V] self=cross — R M ipos 1 R) M ineg;

whereR; 2 Ridueres keys indicates the query-key pair condition map at framenanipulating
whether to increase or decrease the attention score for a particular pair. Andt) (1 S)isa
regularization term. We follow the conclusion from (Kim et al., 2023), tft¢ controls the modu-

lation intensity across time-steps, allowing for gradual re nement of shape and appearance details.
The latter is a size regulation term, making smaller regignsubjected to larger modulation, en-
abling dynamic attention weight adjustments to layout size variations.
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