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Appearance Edit: black swan → white duck

Source Prompt: A black swan swimming in a river beside bushes

Motion Edit: swimming → flapping the wings

Figure 1. Diverse video editing results of FADE. Our training-free approach, utilizing frequency-aware factorization and modulation,
achieves high-fidelity, coherent edits across a variety of video types. FADE handles both appearance and motion adjustments with impres-
sive robustness, ensuring precise alignment with input prompts and maintaining temporal consistency. Best viewed in color.

Abstract

Recent advancements in diffusion frameworks have signif-
icantly enhanced video editing, achieving high fidelity and
strong alignment with textual prompts. However, conven-
tional approaches using image diffusion models fall short
in handling video dynamics, particularly for challenging
temporal edits like motion adjustments. While current
video diffusion models produce high-quality results, adapt-
ing them for efficient editing remains difficult due to the
heavy computational demands that prevent the direct ap-
plication of previous image editing techniques. To over-
come these limitations, we introduce FADE—a training-
free yet highly effective video editing approach that fully
leverages the inherent priors from pre-trained video dif-
fusion models via frequency-aware factorization. Rather
than simply using these models, we first analyze the atten-
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tion patterns within the video model to reveal how video
priors are distributed across different components. Build-
ing on these insights, we propose a factorization strategy
to optimize each component’s specialized role. Further-
more, we devise spectrum-guided modulation to refine the
sampling trajectory with frequency domain cues, prevent-
ing information leakage and supporting efficient, versatile
edits while preserving the basic spatial and temporal struc-
ture. Extensive experiments on real-world videos demon-
strate that our method consistently delivers high-quality, re-
alistic and temporally coherent editing results both quali-
tatively and quantitatively. Code is available at https:
//github.com/EternalEvan/FADE.

1. Introduction

The objective of video editing is to modify specific visual
content consistently across all frames while preserving the
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Figure 2. (a) In typical T2V models, video tokens flattened along
the temporal axis yield full-attention maps split into cross, spatial,
and temporal attention. (b) Video priors in T2V models are fac-
torized based on attention feature patterns. We visualize the atten-
tion map M and result F along with its spectrum for two blocks.
The early block sketches the foundational structure and movement,
while the later block refines details. This insight allows us to lever-
age each block’s unique role for more efficient editing.

integrity of unchanged regions. Recent achievements in dif-
fusion models have greatly elevated video editing capabil-
ities [10, 12, 15, 19, 20, 28, 32], bringing remarkable gen-
erative power to video editing tasks that require both spa-
tial details and temporal coherence. While previous meth-
ods [1, 8, 13, 18, 30] have adapted text-to-image (T2I) dif-
fusion models for prompt-driven image editing, their effec-
tiveness diminishes when applied to video due to the com-
plexities of managing spatial-temporal relationships across
frames and a lack of generalized video prior knowledge.
These limitations underscore the need for an efficient and
robust editing strategy capable of handling the increased
data and temporal coherence demands of videos. In re-
sponse, we aim to design an accessible, high-quality editing
solution that fully leverages the rich video priors embedded
in pre-trained video diffusion models, enabling realistic, co-
herent, and versatile edits, including both appearance and
motion adjustments, across complex video content.

The main challenge in video editing is balancing changes
to the target object while preserving unedited content. Pre-
vious methods largely rely on the generative power of
T2I models for controlled edits. For instance, [15, 33]
achieve this through null-text inversion [18], which min-
imizes inversion errors via test-time optimization. How-
ever, this process requires extensive iterations to compute
a series of null-text embeddings for every sampling step,
making it time-consuming and limiting its real-world ap-
plicability. Another line of work is attention feature injec-
tion [5, 15, 23, 27], where attention maps are modified by

replacing or interleaving to maintain content consistency.
Despite this, the absence of video priors often results in un-
realistic temporal dynamics and limits motion edit capac-
ity. Some methods, like [19], directly utilize video diffusion
models by adding noise to the source video. This straight-
forward approach fails to fully exploit video priors, result-
ing in suboptimal editing quality. With the recent emer-
gence of advanced text-to-video (T2V) models, new oppor-
tunities arise to harness their rich video knowledge. How-
ever, adapting previous T2I techniques to these models is
challenging, given the extensive resources required, includ-
ing memory, computation and time, to handle the increased
data and complexity inherent in large-scale video networks.

To overcome these challenges, we introduce FADE, a
training-free yet potent approach for real-world video edit-
ing. Our goal is to harness the rich video priors about video
appearance and dynamics within pre-trained T2V models to
enable realistic and diverse editing. To achieve this, we start
by examining the specific properties of these models. While
previous work [9] shows that diffusion models naturally
emphasize different frequency components across sampling
timesteps, we further observe that a similar frequency pro-
gression occurs block-wise within T2V models. We explore
how video priors function in each block by analyzing their
roles and patterns, revealing that early blocks sketch foun-
dational spatial layouts and temporal dynamics while later
blocks refine high-frequency details (Figure 2). Leveraging
this insight, we factorize the editing problem by the distinct
functions of each component, enhancing editing efficiency.
Then, instead of performing optimization or attention injec-
tion, we design a spectrum-guided modulation strategy that
utilizes the full-attention outputs in these sketching blocks
to derive frequency-aware guidance through 3D Fourier
transformation. This modulation adjusts the sampling tra-
jectory to preserve low-frequency structure from the source
video while allowing high-frequency details to support flex-
ible and intricate edits. This cue from the frequency do-
main not only mitigates information leakage during guid-
ance computation but also unleashes the potential of video
diffusion priors, enabling sophisticated spatial and temporal
edits with high fidelity and coherence.

We evaluate our method using extensive real-world
video clips across various editing tasks. As shown in
Figure 1, FADE exhibits proficiency in producing real-
istic and consistent edits, covering both appearance and
motion modifications. Quantitative comparisons on video
editing benchmark DAVIS [22] demonstrate our approach
achieves superior textual alignment and temporal consis-
tency, with 0.3561 CLIP score and 43.57 OSV. Moreover,
we maintain competitive input fidelity with 21.54 Mask-
PSNR and 0.3297 LPIPS, preserving unedited regions ef-
fectively. Compared to previous methods, our use of gen-
eral video priors with frequency-aware factorization deliv-
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Figure 3. The overall framework of FADE. FADE is a training-free framework for video editing. Given an input video, we first perform
video inversion to obtain noise zT and trajectory {z∗

t }Tt=0. Starting from this noise, we use sketching blocks in the T2V model to produce
full-attention results Ft and F ∗

t from zt and z∗
t . These results are transformed to the frequency domain, where a low-pass filter isolates

spatial and temporal structures. The frequency error then modulates the sampling process, enabling high-quality, consistent edits.

ers improved efficiency and a broader editing range, high-
lighting FADE’s outstanding versatility and practicality.

2. Related Works

Video Diffusion Models. In recent years, denoising dif-
fusion models [9, 29] have emerged as a leading class of
generative models, notable for their synthesis quality and
controllability. After training on large-scale datasets, text-
to-image (T2I) diffusion models [6, 25] exhibit exceptional
image synthesis capability. For video generation, some
works [2, 11] adapt image diffusion models by inflating
the denoising UNet [26] with temporal layers to handle
video inputs. However, replicating the success of T2I mod-
els for video generation remains challenging due to the
lack of large-scale video datasets and the increased data
complexity. Most recently, Sora [4] and following stud-
ies [16, 35, 37] pioneer high-quality, high-resolution text-
to-video (T2V) diffusion models. These models commonly
use the diffusion transformer (DiT) architecture [21] to cap-
ture complex spatial and temporal coherence, outperform-
ing previous UNet-based methods. However, this improved
performance comes at the cost of high computational de-
mands, mostly due to the extensive attention mechanism,
which requires processing a large number of tokens. Lim-
ited research has explored the pattern within these models
to reduce the computational intensity. To address this, we
delve into their internal structure to analyze the roles of in-
dividual blocks, leveraging these insights to facilitate their
applicability and efficiency in video editing.
Video Editing. Significant progress in image editing [3,
8, 17, 18, 20, 31] has driven advancements in video edit-
ing [7, 15, 19, 23, 34]. However, unique challenges in
video editing arise from the need for consistent, coherent

edits across frames, including both appearance and mo-
tion changes. Recent works [15, 23] adopt the attention
feature injection techniques, manipulating various attention
results to guide edits. They also employ model inflation
to tune a T2I model with the input video following [34].
These approaches, however, are inefficient since they re-
quire a separate model for each sample and lack the gen-
eral video priors to handle motion edits. In contrast, [19]
utilizes a pre-trained video diffusion model for editing, be-
ginning with corrupting the video by downsampling and
noise. However, this corruption can result in global in-
consistency with the source video and limits control over
specific edits. Overall, there remains significant potential
for advancing the use of video diffusion models in video
editing. This application of the video diffusion model is
nontrivial because (1) it requires maintaining global con-
sistency in the generated video without relying on one-shot
tuning or null-text optimization [18], and (2) applying pre-
vious attention feature injection methods is difficult with
modern video models, as they involve dozens of transformer
blocks with memory-intensive, full-attention computations.
Our frequency-aware approach effectively addresses these
challenges, setting our method apart from previous work.

3. Method

In this section, we present FADE, a training-free framework
that achieves real-world video editing with frequency-aware
factorization of diffusion models. Our key idea is to investi-
gate the inherent patterns in a pre-trained text-to-video dif-
fusion model and activate each block’s specific function for
various video editing tasks. We will start by reviewing the
background of video diffusion models, and then describe
our designs of FADE, including how to factorize video dif-



fusion models according to frequency cues and adjust the
sampling trajectory via spectrum-guided modulation. The
overall framework of our FADE is illustrated in Figure 3.

3.1. Preliminaries: Video Diffusion Models

Video diffusion models are a class of generative models that
reconstruct the distribution of video data by modeling the
reverse trajectory of a diffusion process. Given a random
noise ϵ ∼ N (0, I), the diffusion process is defined as:

zt = αtz0 + σtϵ, (1)

where z0 and zt are the clean and noisy video, and
{(αt, σt)}Tt=1 denotes the noise schedule. With proper re-
parameterization, the training objective of diffusion models
can be expressed as:

LDM = Ez0,ϵ,t

[
∥ϵ− ϵθ(zt, t,y)∥22

]
, (2)

where zt is computed as Equation (1). The denoising model
ϵθ is learned to predict the noise given the prompt y. Pre-
vious T2I models often implement ϵθ as UNet [26]. For
video generation, recent models [4, 16, 35, 37] usually em-
ploy a series of cascaded transformer blocks to capture the
spatial-temporal relationships more effectively.

To generate a video in a small number of denoising steps,
diffusion models usually use deterministic DDIM sampling:

zt−1 =
αt−1

αt
zt + (σt−1 −

αt−1

αt
σt)ϵθ(zt, t,y). (3)

Conversely, to convert a video to its corresponding noise,
we can apply DDIM inversion, the reverse of Equation (3):

zt+1 =
αt+1

αt
zt + (σt+1 −

αt+1

αt
σt)ϵθ(zt, t,y). (4)

In practice, DDIM inversion introduces slight errors in ev-
ery step, making it unreliable for fully reconstructing a real-
world video or preserving fine details in the source video.

3.2. Frequency-Aware Factorization of T2V Model

Modern T2V models typically employ cascades of trans-
former blocks as the denoising model, with each block con-
taining attention layers that process extensive video tokens.
Given that dozens of identical blocks are involved in cal-
culating the same form of attention, a key question arises:
Do all these blocks serve the same purpose and contribute
equally to video synthesis? To explore this, we analyze the
behavior within each block of a pre-trained T2V model dur-
ing video generation. Previous work [9] shows that diffu-
sion models naturally emphasize different frequency com-
ponents across sampling timesteps. Inspired by this, we
adopt a frequency-aware perspective to uncover if similar
trends occur at the block level in video models. Specifi-
cally, we capture and visualize each block’s attention maps

{Mi}Ni=1 and outputs {Fi}Ni=1, along with their Fourier
spectra, over all N blocks during sampling. As illustrated
in Figure 2, a typical attention map in T2V models con-
tains three types of attention regions: cross-attention for
multimodal alignments, spatial attention for capturing intra-
frame spatial structures, and temporal attention for tracking
dynamics across frames. Our observation is that spatial and
temporal attention are densely aligned along diagonal lines
in the early blocks, creating multiple parallel diagonals in
the attention maps. The main diagonal line suggests that
these early blocks focus on outlining the intra-frame spa-
tial structures, defining key shapes and boundaries of the
composition. The secondary diagonal lines indicate that
these blocks are simultaneously establishing temporal cor-
respondences across frames within the same regions. Col-
lectively, these early blocks construct the low-frequency,
foundational structure of the video, setting up basic ob-
ject placement and movement. We refer to them as sketch-
ing blocks. In contrast, the following blocks—which con-
stitute the majority of the denoising model—display rela-
tively sparse attention distribution, with scores more evenly
spread across elements in the map. This implies that these
later blocks focus on refining the high-frequency refine-
ments, such as color, texture, and subtle vibration, provid-
ing nuanced adjustments for visual details. We call them
sharpening blocks, as their primary role is to enhance de-
tails, enriching the visual appeal of the final output.

The variation in attention outputs of these blocks further
supports our inference. The initial sketching blocks produce
blurry outputs, with spectra focused on low frequencies that
capture basic spatial and temporal layouts. In contrast, the
sharpening blocks reveal clear foreground and background
regions, involving much more high-frequency details. This
distinction suggests that these two classes of blocks process
features of differing levels and serve different purposes. We
further verify that each block’s function remains consistent
throughout the sampling steps by analyzing these patterns
across all steps. Thus, for video content editing—where
maintaining underlying structures while adjusting finer de-
tails is essential—we can factorize each block’s role, using
sketching blocks for structural reconstruction and sharpen-
ing blocks for detailed generation. This division offers two
key advantages: (1) it enables each block to perform op-
timally within its specialized function, and (2) it greatly
reduces computational load by enabling frequency-aware
guidance through selective use of blocks during sampling.

3.3. Spectrum-Guided Modulation

After factorizing the video model based on frequency-
informed attention patterns, our next step is to activate each
block’s specific function and develop a robust sampling
strategy that optimally balances reconstruction with gener-
ation. We begin by employing the inversion process de-



scribed in Equation (4) with a pre-trained video diffusion
model ϵθ. This transforms the real-world video z∗

0 to an
approximated noise z∗

T and produces a reverse trajectory
{z∗

t }Tt=0. However, as discussed in prior works, DDIM in-
version can introduce non-negligible errors, making it dif-
ficult to accurately reconstruct the source video from z∗

T .
This issue is particularly pronounced in video inversion,
where the predicted noise z∗

T often deviates far from the
standard Gaussian distribution. We, therefore, focus on re-
fining the sampling process using the observed spectrum
patterns to correct the inversion error and create an ideal
trajectory {zt}Tt=0 to a plausible edited video z0. Following
previous image editing approaches [18, 30], we adopt a dual
branch strategy that leverages the inversion trajectory to en-
hance consistency with the source video. However, existing
attention feature injection methods require extensive mem-
ory due to full-attention maps and limit editing flexibility
through restrictive attention fusion techniques. While these
methods can preserve the spatial layout, they often struggle
with more complex edits involving pose, shape and motion.

To overcome these limitations, we propose a more flex-
ible, spectrum-guided approach that factorizes visual in-
formation in the frequency domain to separate content for
preservation and editing. This approach offers greater free-
dom for a wider range of edits. As shown in Figure 3, our
first design is to harness the sketching blocks, which care
about the overall spatial layout and temporal movement.
Rather than swapping or interleaving the attention maps di-
rectly, we gather the attention outputs of the source video
z∗
t and the target video zt within these blocks, denoted as

F ∗
t and Ft, and use their difference to derive a guidance

term for the sampling process. Specifically, these attention
outputs are computed using the same source prompt ysrc

through the full-attention layers. This guidance term pro-
vides a more robust and adaptive way to adjust the sampling
trajectory without directly altering the intermediate features
within the diffusion model. Furthermore, since these fea-
tures are derived from the sketching blocks, the guidance
focuses on the coarse spatial and temporal content, such as
basic layouts and object movements, leaving ample room
for detailed edits to be made in the sharpening blocks.

However, native guidance can lead to information leak-
age from the source video to the target video, as the atten-
tion outputs contain the full range of visual content. To ad-
dress this, it is crucial to determine which aspects of the
content should be retained and which should be modified.
For this purpose, we turn to the frequency domain for assis-
tance. Real-world images and videos often exhibit redun-
dancy across their spatial and temporal dimensions, mean-
ing that most of their energy is concentrated in the low-
frequency spectrum, while the high-frequency components
contribute much less. This characteristic underpins popu-
lar compression algorithms such as JPEG for images and

MPEG for videos, and we aim to apply this principle here.
Since we cannot get a clean video during the denoising pro-
cess, we use attention outputs composed of tokens repre-
senting the noisy video. Unlike the discrete cosine trans-
form (DCT) used in the spatial domain for MPEG, we em-
ploy the discrete Fourier transform on both spatial and tem-
poral dimensions (3D DFT) to capture the spectral charac-
teristics of intra-frame content and inter-frame motion:

Ft = DFT3D(Ft) ∈ Rh×w×τ×c, (5)

where h, w and τ are the spatial and temporal size of
the video tokens, and c is the channel dimension. As we
know, most of the energy in Ft is concentrated in the low-
frequency range. Thus, with the observed attention patterns,
we can assume that fundamental spatial structures and tem-
poral movements are encapsulated within this range, while
the high-frequency components contain Gaussian noise and
specific details like texture and subtle shaking—elements
we wish to suppress or remove during editing. To achieve
this, we apply a low-pass filter to isolate the low-frequency
content of Ft. The same process is applied to F∗

t to com-
pute the spectrum guidance Gt:

Gt = ∥LP(Ft)− LP(F∗
t )∥

2
2 , (6)

where LP denotes the low-pass filter. This guidance mea-
sures the deviation of the target video zt from the source
video in terms of basic structure and movement. This dis-
tance is then used to modulate the trajectory during DDIM
sampling by the gradient of Gt with respect to zt:

zt−1 = DDIM(ϵθ, zt, t,ytgt)− λNorm(∇zt
Gt), (7)

where DDIM denotes the sampling process in Equation (3),
λ is the guidance weight and Norm normalizes the gradient
to avoid numerical instability. This modulation strategy iter-
atively denoises the edited video towards the ideal direction,
ensuring high consistency and realistic edits.

3.4. Versatile Video Editing Framework

We utilize a pre-trained T2V diffusion model for video in-
version and sampling. This model leverages a 3D VAE,
comprising an encoder E and a decoder D, to enable spatial
and temporal compression, facilitating a reversible transfor-
mation between pixel space and latent space. In addition to
text embeddings, the T2V model incorporates FPS infor-
mation to better handle video data. Unlike one-shot tuned
video models from T2I models [15], using a well-trained
video diffusion model ensures a more stable understand-
ing of the complex spatial and temporal relationships within
videos. Moreover, this eliminates the need for model tun-
ing, enhancing efficiency and reducing the necessity of stor-
ing individual models for specific videos. For edit types,
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Figure 4. Qualitative comparisons on real-world videos. We evaluate both (a) appearance and (b) motion edits. Our framework
consistently achieves accurate textual alignment across frames and high fidelity in unedited regions. Notably, compared to other methods
based on video models, we produce more coherent and realistic motion edits. More results are available in the supplementary materials.

we broadly categorize prompt-driven modifications into ap-
pearance edits and motion edits. Appearance edits involve
altering nouns, such as changing the main subject or back-
ground, focusing on the texture, color, and style (e.g., trans-
forming a “cat” to a “tiger” in Figure 3). Motion edits, on

the other hand, involve changing verbs, which can alter spa-
tial and temporal dynamics. By applying spectrum-guided
modulation to harness inherent video priors within the T2V
model, our method achieves realistic motion edits, distin-
guishing it from most previous approaches.



Table 1. Quantitative comparisons on real-world video data.
We compare our FADE framework to previous methods on both
appearance and motion edits, measuring editing accuracy, in-
put fidelity, temporal consistency, and human preference. FADE
achieves competitive performance across diverse editing tasks.

Method CLIP ↑ M.PSNR ↑ LPIPS ↓ OSV ↓ PF ↑
appearance edits

Tune-A-Video [34] 0.3522 19.86 0.4625 35.01 0.12
Video-P2P [15] 0.3589 20.57 0.3199 34.71 0.15
FateZero [23] 0.3562 20.65 0.3057 33.23 0.29
CogVideoX-V2V [35] 0.3754 18.96 0.4811 31.45 0.09

FADE (Ours) 0.3762 20.69 0.3085 31.36 0.35

motion edits

Tune-A-Video [34] 0.3281 18.68 0.4637 35.85 0.10
Video-P2P [15] 0.3314 18.93 0.3885 35.44 0.15
FateZero [23] 0.3259 19.02 0.3712 34.47 0.13
CogVideoX-V2V [35] 0.3678 18.17 0.4928 35.52 0.19

FADE (Ours) 0.3683 19.26 0.3692 32.28 0.43

4. Experiments
To verify the effectiveness of our method, we conduct com-
prehensive experiments across various video editing tasks.
We will start by describing the experimental settings and
then present our main results. We will also provide detailed
ablation studies and analyses of our approach to highlight
the contributions of each component in our framework and
to validate the impact of our design choices.

4.1. Experiment Setups

Implementation Details. To utilize video generation pri-
ors, we adopt a recent, widely used T2V model [35] for
video inversion and generation. This model’s denoising
component employs the DiT architecture with 48 trans-
former blocks, each containing a full-attention layer. Based
on observed attention map patterns, we designate the first 4
blocks as sketching blocks. We calculate the guidance over
the interval [0, 0.6T ] of the DDIM sampling steps, with total
steps set to T = 50. To generate textual prompts from the
source video, we use a multimodal language model [14] as
the captioner. The guidance weight varies between 10 and
15, tailored to each editing task. We perform all evaluations
on a single NVIDIA LS20 GPU with 48GB VRAM.
Datasets and Metrics. We evaluate our method using the
DAVIS dataset [22] as well as various in-the-wild videos,
following the approach of previous studies [15, 23]. Along-
side qualitative results, we provide quantitative evaluations
across multiple aspects using different metrics. Editing ac-
curacy is assessed through CLIP score [24], which reflects
the degree of textual alignment. To evaluate temporal con-
sistency, a key factor for video coherence, we compute ob-
ject semantic variance (OSV), following [15], to capture se-
mantic consistency across frames. Additionally, we assess
fidelity in unedited regions by calculating Mask PSNR and
LPIPS [36], which quantify the preservation of content that

should remain unchanged. Furthermore, given the impor-
tance of visual quality in video editing, we conduct a user
study to gauge human preference across all editing tasks.

4.2. Main Results

We compare our editing method with state-of-the-art ap-
proaches, including Video-P2P [15], FateZero [23], Tune-
A-Video (TAV) [34] and CogVideoX-V2V (CogV2V) [35].
As illustrated in Figure 4, our method consistently yields su-
perior results across all aspects when compared to previous
methods. The editing results of Video-P2P and FateZero
exhibit significant limitations, often failing to modify con-
tent accurately, resulting in noticeable textual mismatches.
Similarly, while TAV and CogV2V leverage T2V models,
they struggle with motion editing, producing subpar results
in capturing dynamic changes. Leveraging the inherent pri-
ors from the T2V model and spectrum-guided modulation,
our method achieves the best performance in preserving lo-
cal structure, maintaining temporal consistency, and ensur-
ing text-video alignment. We evaluate our method on 20
videos and measure 5 metrics for quantitative analysis. As
shown in Table 1, our method achieves the highest CLIP and
OSV scores, demonstrating its superiority in textual align-
ment and temporal consistency. We also obtain competitive
Mask PSNR and LPIPS, indicating that our method pre-
serves unedited regions effectively. Moreover, we achieve
the highest human preference score, reflecting the favorable
visual quality and appeal of our edits across tasks. No-
tably, our method operates without any optimization or fine-
tuning, completing various edits on real-world videos in ap-
proximately 3 minutes, a significant efficiency gain com-
pared to previous methods, which require over 15 minutes.

4.3. Analysis

Efficient Editing via Sketching Blocks. We assess the
function of different blocks in the T2V model by testing
various block combinations to calculate modulation, hold-
ing other settings constant. We consider three configura-
tions: (1) using sketching blocks only (ours), (2) symmet-
rically combining sketching and sharpening blocks (symm.
blocks), and (3) using all blocks without factorization (w/o
factor.). As shown in Table 2, configuration (1) provides
comparable results to configurations (2) and (3), despite re-
quiring fewer blocks for modulation. Although configura-
tions (2) and (3) offer slightly improved fidelity, they sig-
nificantly increase test time and memory demands. Fig-
ure 5 further demonstrates that relying on only the first
four transformer blocks, or sketching blocks, achieves the
best editing performance. Interestingly, contrary to com-
mon assumptions, including the sharpening blocks actually
diminishes editing quality. We assume this is because the
sharpening blocks primarily focus on elements like color,
texture, and subtle vibrations, which often do not need



Input video      w/o factor.        w/o filter             Ours

Target: duck → yellow chick + open eyes 

Figure 5. Qualitative comparisons of the ablations. We find the
variant frameworks fall short in terms of editing accuracy, tempo-
ral consistency and input fidelity, yielding unsatisfactory results.

to remain unchanged in most video editing tasks. Rely-
ing on these blocks for guidance may, therefore, misdirect
the model, diverting its attention from building the founda-
tional layout and movement of the input video, ultimately
resulting in reduced performance. These results underscore
the effectiveness of our frequency-aware factorization ap-
proach, demonstrating that our selective focus on sketching
blocks provides an optimal balance between maintaining
high-quality edits and achieving computational efficiency.
Impact of Spectrum-Guided Modulation. In Figure 5 and
Table 2, we examine our spectrum-guided modulation by
removing the low-pass filter (w/o filter) and analyzing its
effect on the editing performance. When we use the en-
tire spectrum of attention outputs, high-frequency compo-
nents are retained in the guidance term, causing the target
object to retain too much of the source’s original charac-
teristics, which weakens the text-video alignment. Exper-
iments show that using about two-thirds of the frequency
components in the guidance term balances reconstruction
and editing quality. The quantitative results further under-
score the efficacy of spectrum-guided modulation, as shown
by superior performance on key metrics like textual align-
ment and temporal consistency. By selectively modulat-
ing the frequency components, our method achieves pre-
cise edits that align well with the given textual prompt and
maintain consistency across frames, both of which are cru-
cial for high-quality video editing. These findings highlight
that spectrum-guided modulation not only supports a stable
structural foundation for the edits but also enhances flexibil-

Table 2. Ablations studies. We perform ablations to verify the
effectiveness of the components in FADE and the impact of the
model factorization. We find that FADE achieves similar perfor-
mance with only a subset of sketching blocks, compared to using
symmetric or all blocks. Moreover, spectrum-guided modulation
further enhances both preservation and precision in edits.

Method CLIP ↑ M.PSNR ↑ LPIPS ↓ OSV ↓ Test-time

symm. blocks 0.3659 20.73 0.3367 32.61 5 min
w/o factor. 0.3691 20.94 0.3328 32.05 12 min
w/o filter 0.3612 20.89 0.3364 32.28 3 min

FADE (Ours) 0.3728 20.87 0.3352 31.77 3 min

ity, allowing detailed adjustments for various editing tasks
while ensuring input fidelity across the video.
Effective Exploitation of Video Diffusion Model. Our
framework capitalizes on the rich video priors embedded in
the pre-trained T2V model, enabling more effective utiliza-
tion of the model’s inherent knowledge of spatial layouts,
temporal coherence, and object motions. The video diffu-
sion model captures nuanced understanding across frames,
making it an ideal foundation for edits that require both
high fidelity and temporal consistency. To validate our
superior exploitation of these priors, we compare FADE
with CogVideoX-V2V [35], which uses the same underly-
ing T2V model. As shown in Figure 4 and Table 1, FADE
outperforms it both qualitatively and quantitatively across
various editing tasks, demonstrating our framework’s abil-
ity to harness the model’s rich knowledge more effectively.
Limitations. Despite FADE’s effectiveness, its perfor-
mance relies on the underlying video model and struggles
with heavy occlusions requiring advanced temporal reason-
ing. We will address these in future work.

5. Conclusion
In this paper, we present FADE, a novel, training-free
framework tailored for a diverse range of video editing
tasks, encompassing both appearance and motion adjust-
ments. Through frequency-aware factorization of the T2V
model, FADE efficiently harnesses the model’s inherent
structural and temporal patterns, allowing each block to ex-
cel in its designated role. We further design the spectrum-
guided modulation, which adjusts the sampling trajectory
using frequency cues to preserve foundational video ele-
ments and enhance text-video alignment. Extensive ex-
periments demonstrate our framework’s competitive perfor-
mance and generalization across various video editing chal-
lenges. We envision our work will inspire future research on
versatile video editing and efficient video diffusion model.
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Figure A. Visualization of attention outputs and attention maps. We can clearly observe that the patterns of the attention features
across blocks. Early blocks primarily process low-frequency structures, reflected in their blurred attention outputs and maps with multiple
diagonal patterns. Conversely, later blocks focus on high-frequency details, producing attention maps with a uniformly distributed pattern.

A. Detailed Implementations

To leverage video generation priors, we employ the widely
used T2V model, CogVideoX-5b [35], for video inversion
and generation. In the inversion stage, the resolution of the
input video is first adjusted to 720 × 480 to comply with
the resolution constraint of CogVideoX-5b. Additionally,
since the model is trained with long prompts, a chatbot is
utilized to enrich the input prompt with additional details.
Subsequently, DDIM inversion is performed with the total
number of steps set to T = 50, yielding the latent trajec-
tories. In the editing stage, the first four blocks are desig-
nated as sketching blocks. To capture spectral character-
istics, we apply 3D DFT on the attention output of these
blocks. Additionally, the output of the last block in DiT is
utilized to compute an auxiliary guidance term. The guid-
ance mechanism is applied during the interval [0, 0.6T ] of
the DDIM sampling process. Furthermore, to isolate the tar-
get object from unrelated regions, we adopt the local edit-
ing trick [18] with a mask during the interval [0, 0.8T ]. As
CogVideoX-5b does not provide ideal masks, we instead
utilize the method proposed in [38] to generate the neces-
sary masks. The proposed approach is implemented on a
single NVIDIA LS20 GPU with 48GB of VRAM, achiev-
ing an average processing time of approximately 4 minutes
per video, making it suitable for near-real-time applications.

B. Different Functions of Attention Blocks

In this section, we delve deeper into the different functions
of attention blocks in the T2V model. In Figure A, we vi-

sualize the attention output and attention map for six blocks
out of a total of 42. As the block number increases, the at-
tention output contains progressively more high-frequency
components, indicating that earlier blocks establish the low-
frequency, foundational structure of the video, such as ob-
ject placement and movement, while later blocks focus on
high-frequency refinements and details. Furthermore, the
attention in earlier blocks is densely concentrated along di-
agonal lines, while the attention in later blocks becomes
more evenly distributed. This further demonstrates that
earlier blocks emphasize the key shapes and correspon-
dences in the video, while later blocks focus on fine details.
For video editing tasks, which require maintaining low-
frequency features like object location and general shape
while modifying high-frequency features, the best perfor-
mance is achieved by using only the first four blocks, i.e.,
the sketching blocks.

C. More Discussions

About the static background. The static background
in the winter example is due to the limited prompt. As
shown in Figure B, by explicitly adding ‘moving forward’
to the prompt, we can generate a dynamically moving back-
ground.

Figure B. The generated video features a dynamic background,
achieved by changing the prompt.



About the ablation results. Using all blocks and the entire
spectrum for guidance can slightly improve the preservation
(M.PSNR, SSIM) since it leverages more video features for
reconstruction. However, it introduces two major issues: (1)
Editing quality (CLIP) may degrade, as features in sharpen-
ing blocks often need not remain unchanged, and (2) The
additional blocks increase inference time and GPU memory
usage (67.6GB for all blocks), making it less feasible.
About the sensitivity of λ. Since we normalize the scale
of the gradient in Eq.7, a reasonable range of λ is [10, 15],
which consistently produces plausible results. As illustrated
in Figure C, a larger λ improves preservation but slightly
reduces textual alignment.

Input Video � = 14� = 12� = 10 � = 15

Figure C. The sensitivity of λ.

About computational cost. Our method is zero-shot and
only involves sampling time (Table 2). With CPU offload-
ing, our method uses 23.6GB GPU memory, comparable to
Video-P2P (25.7GB), AnyV2V (17.1GB) and TokenFlow
(11.4GB).
About the performance. We acknowledge that our
method’s quantitative improvement is not very significant
compared with the existing methods, which heavily rely on
one-shot tuning to enhance temporal consistency and adapt
to the input sample. However, our approach is zero-shot.
For a fair comparison, we found that fine-tuning our T2V
model on the input sample significantly improves perfor-
mance, as shown in Table A.

Table A. Quantitative comparisons under fine-tuning scenarios
Method CLIP ↑ M.PSNR ↑ LPIPS ↓ OSV ↓ PF ↑
Tune-A-Video [34] 0.3522 19.86 0.4625 35.01 0.09
Video-P2P [15] 0.3589 20.57 0.3199 34.71 0.14
TokenFlow (ICLR’24) 0.3614 20.39 0.3212 34.50 0.12

FADE 0.3762 20.69 0.3085 31.36 0.27
FADE (tuned) 0.3946 22.19 0.2937 30.27 0.38

About video prior and block choice. In Figure D, We
plotted the energy ratio of low and high-frequency compo-
nents in the 3D DFT spectrum of the attention results at
timestep=20 for all blocks. The frequency patterns align
with the observations in Figure 2, supporting our motivation
to distinguish between sketching and sharpening blocks.
Moreover, this pattern remains consistent across sampling
steps, as shown by the attention results in blocks [4] and
[30] at timesteps t = [10, 20, 30].

D. More Comparisons
In this section, we add qualitative results (Row 1&2)
and comparisons with FLATTEN, TokenFlow, Rerender-

4 30

t = 10

4 30 4 30

t = 20 t = 30

Figure D. The spectral energy distribution and visualization of the
attention results.

a-Video, RAVE, and AnyV2V (Row 3), covering shape
changes (sports car, duck), occlusion (desert, cat in the sec-
ond figure of this PDF) and long video (taxi, >60 frames).
Due to space limitations, we present one frame for compar-
ison. As shown in Figure E, our method achieves competi-
tive performance and textual alignment.
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Figure E. Qualitative results and comparisons

E. More Qualitative Results

We provide additional qualitative results to further demon-
strate the effectiveness and versatility of our FADE frame-
work across a variety of editing tasks. As shown in Fig-
ure F, our method produces highly realistic and coherent
outcomes, even in challenging scenarios. For instance, in
the first example, transforming “child” into “panda”, FADE
successfully handles complex motions, such as riding a
bike, which requires accurately modeling significant ob-
ject movements from far to close perspectives. This high-
lights the framework’s ability to maintain spatial consis-
tency during large-scale transformations. Another exam-
ple, the transformation from “squirrel” to “robotic mouse”,
emphasizes FADE’s flexibility in editing both textures and
shapes. The results demonstrate the framework’s capacity
to adaptively adjust fine details while preserving overall co-
herence, enabling seamless and visually plausible edits.



A child riding a bike on the road → A panda riding a bike on the road

A rabbit eating a watermelon on the table → A cat eating a watermelon on the table

A squirrel eating a carrot → A robotic mouse eating a carrot

A worker balancing on a wooden plank → Spider-Man balancing on a wooden plank

Figure F. More Qualitative Results. FADE demonstrates impressive performance across a range of video editing tasks.

F. Failure Cases

While our framework achieves impressive results across
various editing tasks, it still faces limitations in handling

certain complex scenarios. As illustrated in Figure G, our
method occasionally produces artifacts, such as incorrect
object orientation compared to the source video. For exam-
ple, the dog that should be facing left in the edited output



A man is walking a dog, which raises its head happily → A man is walking a dog, which lowers its head sadly

Figure G. Failure Case. Our framework may occasionally generates artifacts, such as incorrect object orientation.

incorrectly faces right. This issue arises from the absence
of specific constraints to guide object placement, resulting
in random variations in the generated object’s orientation.
Moreover, challenges also emerge when the edited objects
are partially or fully occluded.


