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Figure 1: Video editing results by VIA. VIA excels in precise and consistent editing across diverse
video editing tasks. Top: consistent results over long videos with a duration of 1 minute, which is
challenging in current literature. Bottom: consistent results for precise local editing.

ABSTRACT

Video editing is a cornerstone of digital media, from entertainment and education
to professional communication. However, previous methods often overlook the
necessity of comprehensively understanding both global and local contexts, lead-
ing to inaccurate and inconsistent edits in the spatiotemporal dimension, especially
for long videos. In this paper, we introduce VIA, a unified spatiotemporal VIdeo
Adaptation framework for global and local video editing, pushing the limits of
consistently editing minute-long videos. First, to ensure local consistency within
individual frames, we designed test-time editing adaptation to adapt a pre-trained
image editing model for improving consistency between potential editing direc-
tions and the text instruction, and adapts masked latent variables for precise local
control. Furthermore, to maintain global consistency over the video sequence, we
introduce spatiotemporal adaptation that recursively gather consistent attention
variables in key frames and strategically applies them across the whole sequence
to realize the editing effects. Extensive experiments demonstrate that, compared
to baseline methods, our VIA approach produces edits that are more faithful to the
source videos, more coherent in the spatiotemporal context, and more precise in
local control. More importantly, we show that VIA can achieve consistent long
video editing in minutes, unlocking the potential for advanced video editing tasks
over long video sequences.
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1 INTRODUCTION

With the exponential growth of digital content creation, video editing has become essential across
various domains, including Immaking (Friersgn, 2018; Dancyger, 2018), advertising (Mei et al.,
2007;[Kholisoh et dll, 2021), educatign (Calandra et al., 2008;/2009), and social media (Jackson,
2016] Schmitz et al., 2006). This task presents signi cant challenges, such as preserving the integrity
of the original video, accurately following user instructions, and ensuring consistent editing quality
across both time and space. These challenges are particularly pronounced in longer videos, where
maintaining long-range spatiotemporal consistency is critical.

A substantial body of research has explored video editing models. One approach uses video models
to process the source video as a whple (Ku ét al., 2024; Liulet al.) 2023). However, due to limita-
tions in model capacity and hardware, these methods are typically effective only for short videos
(fewer than 200 frames). To overcome these limitations, various methods have been pijoposed (Xing
et al|,[2028] Wu et &l[, 2028; Guo et|al., 2023; Wu dt[al., 2024). Another line of research lever-
ages the success of image-based models (Ho & Saljmans, [2022; Nicho| et al., 2022; Podell et al.,
2023;[ Avrahami et al|, 2022; Brooks et al., 2023a) by adapting their image-editing capabilities to
ensure temporal consistency during test time (Khachatryan et al., 2023; Geyer et al., 2024; Wu et al.,
2024; Qi et al., 2023; Wang et al., 2023). However, inconsistencies accumulate in this frame-by-
frame editing process, causing the edited video to deviate signi cantly from the original source over
time. This accumulation of errors makes it challenging to maintain visual coherence and delity,
especially in long videos. A signi cant gap remains in addressing both global and local contexts,
leading to inaccuracies and inconsistencies across the spatiotemporal dimension. Current techniques
often prioritize overall performance while neglecting the subtle aspects of consistency. This results
in challenges when trying to preserve smooth transitions between frames and accurately execute
edits, especially in longer or more intricate videos

To address these challenges, we introduce, ¥ uni ed spatiotemporal video adaptation framework
designed for faithful, consistent, and precise video editing, pushing the boundaries of editing minute-
long videos, as shown in Fig. 1. First, our framework introduces a riesetime editing adaptation
mechanism that adapts a pretrained image editing model to improve the semantic understanding
of the source video and ensure consistency between editing directions and the text instructions.
We propose an augmentation pipeline to create an in-domain tuning set for test-time adaptation,
allowing the image editing model to learn associations between speci ¢ visual editing directions
and corresponding instructions. This signi cantly enhances semantic comprehension and editing
consistency within individual frames. To further improve local consistency, we introduce local latent
adaptation to control local edits across frames, ensuring frame consistency before and after editing.

Second, effective editing requires seamless transitions and consistent edits, especially for long
videos. To address this, we introdwsggatiotemporal attention adaptati@o maintain global editing
coherence across the edited frames. Speci cally, we progaer-and-swapo gatherconsistent
attention variables from the model's architecture and strategically apply them throughout the video
sequence. This approach not only aligns with the continuity of the video but also reinforces the
delity of the editing process, ensuring that changes are harmonized across frames over time.

Through rigorous testing and evaluation, our methods have demonstrated superior performance com-
pared to existing techniques, delivering signi cant improvements in both local edit precision and the
overall aesthetic quality of the videos. Moreover, our approach is considerably faster than previous
methods due to the parallelized swapping process. To the best of our knowledge, we are the rst to
achieve consistent editing of minute-long videos. Our main contributions are as follows:

» We introduce V1A, a novel framework designed to enable faithful, consistent, precise, and
fast video editing. Our approach pushes the boundaries of current video editing methods, ensuring
both local and global consistency across the entire video.

» We introducespatiotemporal attention adaptatioto maintain global editing consistency across
frames and proposeaghther-and-swapo ensure coherent edits throughout the video.

» We propose a noveest-time adaptation mechanism that leverages an image editing model for
video editing, enhancing the model's ability to follow text-based instructions and maintain seman-
tic consistency within individual frames.
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 Our approach outperforms existing techniques in human evaluation and automatic evalua-
tion, delivering signi cantly better performance in terms of editing quality and ef ciency.

2 RELATED WORK

2.1 TEXT-DRIVEN VIDEO EDITING

Text-driven Video Editing is a process to modify videos according to the instructions given by user.
Inspired by the remarkable success of text-driven image editing (Avrahami et al., 2022; Brooks et al.,
2023a; Tumanyan et al., 2023; Sheynin et al., 2023; Zhang et al., 2023), extensive methods have been
proposed for video content editing (Qin et al., 2023; Khachatryan et al., 2023; Geyer et al., 2024; Wu
etal., 2024; Qi et al., 2023; Wang et al., 2023; Ku et al., 2024). One paradigm for video editing is to
adapt an image-based model to video. For example, Khachatryan et al. (2023) adapts image editing
to the video domain without any training or ne-tuning by changing the self-attention mechanisms

in Instruct-Pix2Pix to cross-frame attentions. Geyer et al. (2024) explicitly propagates diffusion
features based on inter-frame correspondences to enforce consistency in the diffusion feature space.
Yang et al. (2023b) construct a neural video eld to enable encoding long videos with hundreds
of frames in a memory-ef cient manner and then update the video eld with image-based model to
impart text-driven editing effects. Ku et al. (2024) plug in any existing image editing tools to support

an extensive array of video editing tasks. However, these methods are constrained by their ability
to maintain global and local consistency, limiting to edit short videos within seconds. To ef ciently
enable longer video editing, Wu et al. (2024) centers on the concept of anchor-based cross-frame
attention, rstly achieving editing 27 seconds videos. In our work, we built upon this line of work
and improve editing and spatiotemporal consistency, rstly pushing the limits of video editing to
minutes-long videos.

2.2 TESTTIME ADAPTATION

Image-based video editing faces the challenge of ensuring temporal consistency during test time. To
address this, Wu et al. (2023) propose to netune a text-to-image model on a test video, enabling
the generated videos with similar motion patterns to the source video. Xing et al. (2023) proposes
light-weight spatial and temporal adapters for ef cient one-shot video editing. Guo et al. (2023)
adds a motion modeling module to the frozen based text-to-image model, and trains it on video
clips, thereby distilling a reasonable motion prior. Wu et al. (2024) uses the same training set
that was used to training the image editing model, and applies a data augmentation strategy for
continuing pretraining to make the model equivariant to af ne transformations. Different from the
above approaches, we propose two orthogonal approaches that employs inference-time netuing and
local latent adaption, ensuring consistent and precise editing across frames.

2.3 SPATIOTEMPORAL CONSISTENCY

Ensuring spatiotemporal consistency is critical for video editing, especially for long videos. Qi et al.
(2023) makes the attempt to study and utilize the cross-attention and spatial-temporal self-attention
during DDIM inversion. Wang et al. (2023) proposes a spatial regularization module to delity to
the original video. Park et al. (2024) presents spectral motion alignment (SMA), a framework that
learns motion patterns by incorporating frequency-domain regularization, facilitating the learning of
whole-frame global motion dynamics, and mitigating spatial artifacts. Ceylan et al. (2023) and Wu
et al. (2023) improve the design of spatial attention to cross-frame attention to ensure consistency.
In our work, we further ensure consistency inside the anchor-based frames and propose a two-step
gather-swap process to adapt spatiotemporal attention for consistent global editing.

3 PRELIMINARIES

Diffusion Models. In this work, we adapt an image editing model for instruction-based video
editing. Given an imagg, the diffusion process produces a noisy latanfrom the encoded latent
z = E(x) where the noise level increases over timesteps . A network is trained to minimize
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the following optimization problem, _
i
min Ey. (zi;t E(c);cr) @)

where 2 N (0;1) is the noise added by the diffusion process gnd (cr; ¢ ;X) is a triplet of
instruction, input image and target image. Hereauses a U-Net architecture (Ronneberger et al.,
2015), including convolutional blocks, as well as self-attention and cross-attention layers.

Attention Layer. The attention layer rst computes the attention map using qu@rg, R"e ¢, and
key,K 2 R" 9 whered, ng andny are the hidden dimension and the numbers of the query and
key tokens respectively. Then, the attention map is applied to the Wal@eR" ¢ as follows:

Z20%= AttentionQ:K;V) = SOftmax%%)v; ()
Q=2ZW4 K=CWy; V=CW,; ()

whereW ;W ;W are the projection matrices to map the different inputs to the same hidden
dimensiond. Z is the hidden state ard is the condition. For self attention layers, the condition is
the hidden state while the condition is text conditioning in cross attention layers.

Cross-frame Attention. Given N frames from the source video, cross-frame attention has been
employed in video editing by incorporatihg andV from previous frames into the current frame's
editing process (Liu et al., 2023; Wang et al., 2023; Wu et al., 2024), as shown below:

QeunlK T K group]-r
&

= Softmax

[V cur V groug; 4)

ing K group andV group during the video editing process for each frame, the temporal consistency is
improved. In this paper, we improve cross-frame attention with a two stage gather-swap process to
signi cantly improve the spatiotemporal consistency.

4 THE VIA FRAMEWORK

We introduce a uni ed framework to tackle key challenges in instruction-guided video editing, with

a focus on ensuring editing consistency and spatiotemporal coherence across video frames by lever-
aging an image editing model, as shown in Fig. 3. Below, we outline the distinct methodologies that
form the foundation of our approach.

4.1 TESTTIME EDITING ADAPTATION FOR CONSISTENTLOCAL EDITING

Videos often exhibit substantial variation across the temporal dimension, particularly in long se-
guences, making it crucial for the model to maintain consistency in the editing process for each
frame. When adapting image editing models for video editing, the same instructions must yield
consistent semantic interpretations across frames—for example, every frame should exhibit the same
degree of darkness when instructed'imake it night” Additionally, non-target elements in each

frame must remain unchanged; for instance, a table should remain intact when the instruction is to
replace an apple with an orange. To address these challenges, we propose two orthogonal approaches
to achieve consistent local editing.

Inspired by DreamBooth (Ruiz et al., 2023), which employs inference-time ne-tuning to associate
speci ¢ objects with unique textual tokens, we similarly link visual editing outcomes with corre-
sponding instructions, as shown in Fig. 2. We begin with a pipeline to generate the in-domain tuning
set without the need for external resources. For the video to be edited, the image editing model
rst edits a randomly sampled fran&,o: to get editing resulE ... Then we apply random af ne
transformations to both the edited frame and source frame. Corisides af ne transformation:

T = f(Fk(S);Fk(E);1)iFk 2Fg ®)

whereF is the set of transformations. The tuning $etonsists of triples: source image, edited
image, and editing instruction. By ne-tuning the image editing modadn this domain-speci c
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Figure 2: Overview of our ViA framework. For local consistency, Test-time Editing Adaptation
netunes the editing model with augmented editing pairs to ensure consistent editing directions with
the text instruction, and Local Latent Adaptation achieves precise editing control and preserves non-
target pixels from the input video. For global consistency, Spatiotemporal Adaptation collects and
applies key attention variables across all frames.

dataset, the model learns to map speci ¢ visual editing directions to the corresponding instructions.
It enhances semantic consistency across the video, particularly for instructions that lack detailed
editing speci cations, by reducing divergent editing outcomes across different frames.

For the second challenge, where editing instructions specify alterations to speci c areas, current
video editing models often unintentionally modify regions that the user did not target. To resolve
this, we propos@rogressive Boundary Integrationduring the sampling process. It integrates the
inverted latent representation with the generated latent at each timestep, ensuring that modi cations
remain con ned to the designated areas while preserving the integrity of non-targeted regions. Our
approach compels the model to strictly adhere to the editing instructions, focusing exclusively on
the speci ed areas. Unlike in the image domain, where background preservation is achieved through
localized edits by blending latent representatiarfsom the source and target images (Cao et al.,
2023; Gu et al., 2024), our approach smoothly merges source and target latents via linear interpola-
tion between 0 and 1 over the time series. The mathematical representation is given by:

MadXy) +; ift TandMgdxy)=1

M (X Y) = M s (X;Y): otherwise

(6)

Here,M ¢(X;y) is prede ned as 1 in a speci ¢ central area and 0 elsewhere. Within this central
area,M g(x;y) incrementally increases from 0 to 1 ovErsteps, while the values outside this
central region remain unchanged. By applying these masks to de ne the editing region, VIA was
able to achieve precise and targeted editing. To facilitate large-scale video editing, we have also
implemented an automatic mask generation process, which is described in detail in the Appendix.

4.2 SPATIOTEMPORAL ADAPTATION FOR CONSISTENTGLOBAL EDITING

For long video editing, maintaining smooth transitions without glitches or artifacts is essential. At-
tention variables within the U-net have been found to strongly correlate with the generated content.
To ensure consistent global editing, we propose a two-Gatiper-and-swaprocess to adapt spa-
tiotemporal attention, as illustrated in Fig. 3. In this method, the gathered attention group is uni-
formly applied across all frames, ensuring internal coherence throughout the editing process and
preventing inconsistencies in the edited video.

Firstly, in thegatherstage, the model progressively edits the image, withkegnd valuev from
previous frames in the group, rather from their odvg,r andV ¢y,
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Figure 3: The gather-and-swapprocess for video editing. The left part of the diagram illustrates

the gathering process. We initially samgder 1 frames evenly distributed throughout the video.

The rst frame undergoes standard editing using an image editing model, during which the attention
variables are captured and stored. For each of the subsdqfrantes, the attention variable from

the preceding frame is swapped in, and its own attention variables are also preserved. In the right
part, the collected attention variables fromlal+ 1 frames are swapped into the editing process

of each frame. This includes applying the previously gathered attention variables to enhance the
consistency and quality of edits across the sequence.

_ Q currK gre\/ .
=softmax —p="— Vpreu (7)
K E;tr;ﬁz) =[K E]tr%up: Kerli V gr;&z) =[V grz')up; V curd (8)

SinceK ¢r andV ¢y are calculated by the from the last layer, which already has a stronger

dependency on other frames, the saved elements have a stronger consistency with previous group
+1) (k+1)

elements, leading to in-group consistency(ib,kOup andV group -

In the second stage, we apply the attention group to the editing process of all frames, including those
originally used to generate the attention group. This approach resolves the inconsistency in the rst
few frames, where they initially have less dependency on other frames. Throughout the editing
process, each frame continues to refrain from using its own attention variables, instead relying on
the shared attention group to maintain consistency across the entire video. This ensures that all
frames, even the earlier ones, are edited with a global perspective, reducing discrepancies between
frames. I

K
=softmax —R=—"" Vgouw 9)

In this way, all frames share the same attention group, which is internally consistent, leading to
maximum coherence between the edited frames. siWagpprocess is distributed across multiple
GPUs, enabling parallel frame editing, which signi cantly reduces editing time. Moreover, while
previous work has primarily relied on self-attention for cross-frame consistency, we discovered that
cross-attention also plays a crucial role in maintaining coherence. Combining both self-attention
and cross-attention mechanisms yields the most effective editing outcomes. To further enhance the
process, we select attention variables from frames that are evenly distributed throughout the video.
This ensures comprehensive coverage of the dynamic changes across the video, capturing a broad
representation of frame differences and maximizing consistency in the edits. Fig. 3 illustrates the
two stages, wherA represents botK andV .

5 EVALUATION

In this paper, we adapt the open-source image editing model MGIE (Fu et al., 2024) for video
editing. For spatiotemporal adaptation, we collect attention variables from four frames. To enhance
the model's editing capabilities, we introduce the following transformations for each image pair,
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aimed at increasing variability while maintaining the structural integrity of the imageslight
rotation (up to £5 degrees)j | translation (up to 5% both horizontally and vertically); aiiid)(after
applying these transformations, cropping the images to between 75% and 100% of their original size
to simulate changes in video sequence framing. Additionally, we apply shearing transformations of
up to 10 degrees. These af ne transformations introduce realistic variations, simulating the diversity
of viewing angles typically encountered across different frames in a video. This approach helps the
model adapt to the natural changes in perspective that occur during video sequences.

Table 1:Human evaluation results. We compare our model with ve previous open-source meth-
ods from three aspects. "Tie' indicates the two models are on par with each other. Only spatiotem-
poral adaptation is used when comparison with baseline models.

| Ours Rerender Tig Ours TokenFlow Tig Ours AnyV2V Tie |Ours Video-P2P Tie Ours Tune-A-Video Tie

Instruction Following |50.50 34.00 15.5/75.75 16.00 8.2356.00 29.00 15.0074.00 16.25 9.7570.25 20.75 9.00
Consistency 47.25 35.00 17.7538.00 31.50 30.353.50 23.25 23.2%80.50 9.50  10.0068.75 20.75 10.5
Overall Quality  |53.50 29.00 17.561.75 22.75 15.563.50 30.00 6.5|63.75 22.75 13.556.00 22.25 21.75

For a comprehensive evaluation against state-of-the-art methods, we begin by comparing our results
with the closed-source method Fairy (Wu et al., 2024), which is capable of handling videos up
to 27 seconds in length. We use the same video from their paper to ensure a direct comparison.
Additionally, we conduct both qualitative and human evaluations against open-source state-of-the-
art baselines, including AnyV2V (Ku et al., 2024), Rerender (Yang et al., 2023a), Token ow (Geyer
etal., 2024), Video-P2P (Liu et al., 2023), and Tune-A-Video (Wu et al., 2023). For the comparison
with AnyV2V, we use the rst edited frame generated by\as the starting point for the evaluation.

5.1 QUANTITATIVE EVALUATION

Human Evaluation. We began by conducting a human evaluation. Since many baselines are unable
to handle long videos, we limited the video length to 4-8 seconds to ensure a fair comparison. All
videos were standardized to a frame size of 512x512 pixels. A total of 400 videos were sampled for
human evaluation to compare the performance of our {Durs) against open-source state-of-the-

art baselines, including Rerender, TokenFlow, AnyV2V, Video-P2P, and Tune-A-Video.

The evaluation was based on the following criteria: Instruction Following assesses how accurately
the system follows user commands and instructions during the editing process, measuring its ability
to execute speci ed edits as intended; Consistency measures the internal coherence of edits across
frames, ensuring that transitions and edits maintain a consistent visual style and context through-
out the video, avoiding abrupt changes or visual discrepancies. Overall Quality evaluates the nal
video's visual appeal and professional nish, considering factors such as clarity, smoothness, and
the aesthetic quality of the edited video. These criteria were chosen to provide a comprehensive
assessment of our system's performance, addressing both functional accuracy and the overall visual
quality of the edited videos. The results, presented in Tab. 1, highlight the strengths of our proposed
method, across Instruction Following and Consistency, where pérformed exceptionally well.

The overall performance also demonstrates the robustness of our approach over all other baselines.

Automatic Evaluation. We also conducted automatic evaluation as in Tab. 2. Frame-Acc (Qi

et al., 2023; Yang et al., 2023a) measures the percentage of frames where the edited image has a
higher CLIP similarity to the target prompt than the source prompt; Tem-Con (Esser et al., 2023)
measures the temporal consistency via computing the cosine similarity between all pairs of consec-
utive frames. Pixel-MSE (Ceylan et al., 2023) is the average mean-squared pixel error between each
frame and its corresponding target framaa\outperformed all other models across these metrics,
delivering superior accuracy and consistency while also achieving faster processing speeds. We did
not use test-time adaptation fonA/ as some of the baseline models do not inherently bene t from

it, which ensured a fair comparison. Additionally, we calculated the evaluation latency of the editing
process, which was carried out on an A100 machine with 8 GPUs. The global adaptation process
could be distributed across multiple GPUs to further accelerate the process. Detailed speed analysis
can be found in the Appendix.
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Table 2: Automatic evaluation results. VIA outperforms open-sourced video editing models in
automatic metrics. Only spatiotemporal adaptation is used when compared with baseline models.

ViA  Rerender TokenFlow AnyV2V Video-P2P Tune-A-Video

Frame-Acc" 0.869 0.734 0.587 0.533 0.587 0.601
Tem-Con" 0.983 0.954 0.932 0.856 0.912 0.927
Pixe-MSE# 0.011 0.016 0.018 0.026 0.020 0.019

Latency(sec# 16 406 450 570 612 529

Figure 4: Local editing results. VIA is capable of performing a wide range of localized editing
tasks, where only speci ¢ regions or pixels within a frame are modi ed. These tasks include identity
swapping, object part editing, and background editing. The left column shows the outcomes of these
editing operations applied to two 1-minute long videos.

5.2 QUALITATIVE RESULTS

Local Editing Results. Fig. 4 showcases the performance al\bn various local editing tasks,

where only speci ¢ parts of the frame are modi ed.1A/excels at accurately identifying the tar-

get area and applying precise edits, even in cases with occluded subjects, as demonstrated in the
"Replace the animal with a tiger” example. Beyond foreground modi cations, performs excep-

tionally well in background edits. For example, it successfully “Places the dog on Monet's water
lilies” in a video, seamlessly blending the subject into the new background. In the more challenging
“skeleton video”, where the background needs to Il gaps between the bonesn¥intains con-

sistent performance, ensuring that the dancing skeleton remains unaffected. Additional challenging
tasks, such as local stylization, are detailed in the Appendix.

Global Editing Results. Fig. 5 highlights the global editing capabilities of A/across a range of
videos, demonstrating its ability to apply consistent, high-quality edits. A uniform set of editing
instructions was used across different videos, resulting in coherent and visually appealing modi -
cations throughout. The bottom example speci cally illustrates's/pro ciency in understanding

and consistently applying visual effects across all frames, ensuring seamless transitions and main-
taining the integrity of the visual narrative across the entire video.

Long Video Editing. A direct consequence of the high consistency feature in our video editing
framework is its pro ciency in handling longer videos, as shown in Fig. 1. Additional results on
local and global editing are presented in Fig. 4 and Fig. 5, respectively. Currently, no existing video
editing models are capable of editing minute-long videos due to limitations in their architectural
design. Consequently, it is not possible to apply or compare our method with others on such long
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Figure 5:Global editing results. ViA demonstrates robust global editing performance across vari-
ous videos using a consistent set of editing instructions, producing high-quality results. The left two
columns are a 2-minute video and a 1-minute video.

videos. One of our baselines, Fairy (Wu et al., 2024), has not made their code publicly available, but
they report that their model supports videos up to 27 seconds in length. We compare our results on
the same video using identical editing instructions, as shown in Fig. 6. Notatalyd®&monstrates
superior global and local consistency, which can be attributed to our uni ed adaptation framework.

Figure 6: Comparison with the baseline model on the long videoWe present the editing results
on sampled frames from a 27-second duration video.

Qualitative Comparison. In Fig. 7, we present two examples of video editing to showcase the
performance of VA in comparison to other models. In the rst example, the video depicts rapidly
moving clouds against a blue sky, with the editing instruction to "Set the time to sunset.” This task
challenges the model to infer the necessary visual changes, such as adjusting lighting and color tones.
Despite the swift movement of the clouds, which places a high demand on temporal consistency,
VIA demonstrates excellent coherence across frames. The Editing Adaptation process &lltavs V
effectively align the visual effect with the concept of "sunset,” ensuring smooth and realistic changes.
In contrast, other models struggled to execute the command adequately. Notably, the AnyV2V
model partially achieved the desired visual effect by leveraging the initial frame generated by V

On the right, we show an object-swapping example where a monkey moves from within the frame
to outside of it. The challenge here lies in maintaining a smooth transition from the full subject to a
partially visible one, ensuring consistency in identity. While other methods often introduce artifacts
and inconsistencies between the edited frames and the original videcséémlessly swaps the
subject's identity, preserving visual coherence and continuity throughout the transition.

From this comparison, we found that (1)A/outperforms the baselines in both editing quality and
processing speed. It ensures smooth transitions in edited videos, even when dealing with rapidly
moving objects, while some models, such as AnyV2V, generate noticeable artifactsa (@gwon-

strates strong performance in adhering to complex instructions, where other models often struggle.
While competing methods experience degraded performance with intricate commandsngis-

tently follows the instructions, applying edits accurately across all frames.

Ablation on Individual Components. In Fig. 8, we analyze the impact of various components of

VIA on the editing of long videos. Our experiments indicate that the quality of the initial edited
frames plays a critical role in determining the overall visual quality, as information from these root
frames propagates throughout the video sequence. Test-time adaptation further enhances the model's
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