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Abstract. Text-driven video editing has emerged as a prominent appli-
cation based on the breakthroughs of image diffusion models. Existing
state-of-the-art methods focus on zero-shot frameworks due to limited
training data and computing resources. To preserve structure consis-
tency, previous frameworks usually employ Denoising Diffusion Implicit
Model (DDIM) inversion to provide inverted noise latents as guidance.
The key challenge lies in limiting errors caused by the randomness and
inaccuracy in each step of the naïve DDIM inversion process, which can
lead to temporal inconsistency in video editing tasks. Our observation
indicates that incorporating temporal keyframe information can allevi-
ate the accumulated error during inversion. In this paper, we propose an
effective warping strategy in the feature domain to obtain high-quality
DDIM inverted noise latents. Specifically, we shuffle the editing frames
randomly in each timestep and use optical flow extracted from the source
video to propagate the latent features of the first keyframe to subsequent
keyframes. Moreover, we develop a comprehensive zero-shot framework
that adapts to this strategy in both the inversion and denoising pro-
cesses, thereby facilitating the generation of consistent edited videos. We
compare our method with state-of-the-art text-driven editing methods
on various real-world videos with different forms of motion. The project
page is available at https://ree1s.github.io/wave/.

Keywords: Text to video editing · DDIM inversion · Flow-guided warp-
ing

1 Introduction

Recent text-driven image diffusion models such as DALL·E [33], Stable Diffu-
sion [35], Imagen [14] can generate high-quality and realistic images. With these
powerful models, diverse image editing techniques have been developed e.g. col-
orization [36], inpainting [1], and image-to-image translation [41], all with the
∗Equal contribution. Work done when Y. Feng was an intern at Baidu.
†Corresponding authors.
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Fig. 1: WAVE, a novel zero-shot text-driven video editing framework, excels in pro-
ducing high-quality and temporal consistent edited videos by leveraging optical flow
extracted from the source videos. Given a source video and a target textual prompt,
WAVE employs a flow-guided feature warping strategy during both DDIM inversion
and joint editing processes for powerful video editing.

convenience of textual descriptions. Considering the mainstream status of short
videos in social media and online platforms, there is a similar demand for text-
based video editing.

Initially, researchers attempted to replicate the training paradigm of image
generation with text-video datasets [14, 16, 38, 47]. However, the computational
expense coupled with the limited dataset size makes a direct translation difficult
to achieve. The more common paradigm is to utilize image models for individual
videos in a zero-shot manner without training or fine-tuning on video data.
Current zero-shot methods [4,11,44] adopt a three-phase editing process. First,
they invert a sequence of frames from the video with a source text prompt into
the domain of pretrained image generative models. Afterward, they conduct
temporal consistent keyframe sampling with inter-frame extended attention. The
final step is to propagate in the feature domain to arrive at the edited video [11].

Inspired by these methods, we aim to design a zero-shot video editing method
using off-the-shelf image diffusion models. The inversion process benefits the
video editing result by providing a sequence of temporally coherent initial latents.
These are more likely to be recovered into edited sequences with high fidelity and
visual consistency. However, as illustrated in Fig. 2, the direct inversion process
may lead to an undesired gap between the ideal and actual inverted latents, due
to the potential error accumulation.

To tackle this problem, previous approaches focus on enhancing semantic
consistency across frames [22] or fusing the attention maps in the inversion pro-
cess [31]. Even so, as shown in Fig. 2, the error of inverted latents still accu-
mulates over each timestep. The unaddressed error accumulation carries over
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Fig. 2: Our proposed DDIM Inversion overview. The black and green lines repre-
sent the ideal versus possible naive DDIM inversion trajectories, respectively. Our pro-
posed method, depicted by the red line, aims to minimize the deviation from the ideal
trajectory by leveraging inter-frame information with a flow-guided warping strategy.
This approach ensures high-quality reconstruction, as evidenced by the convergence of
our trajectory to the target data manifold following the same denoising process.

into the subsequent steps. This oversight leads to the manifestation of unfaithful
spatial textures and brings a significant flickering phenomenon in video editing
tasks.

This work targets limiting the error accumulation over the inversion timesteps.
To that end, we propose a simple yet effective zero-shot approach and incorporate
a flow-guided warping strategy in the feature domain during inversion. The mo-
tivation behind our method is that the accumulated error could be significantly
alleviated by utilizing inter-keyframe information. Specifically, at each time step,
we randomly shuffle the editing keyframes, and warp the latent feature from the
first frame to the others with optical flow extracted from the source video. In this
manner, the potential error accumulating in the inversion process is mitigated.
This improvement lays high-quality structure guidance for the subsequent stages
of editing and propagation, enhancing the overall quality and consistency of the
video editing pipelines. Moreover, the feature warping strategy is still adopted
in the denoising process, in the sense that a symmetric and unified framework
could bring advantages to the coherence of edited video.

Our contributions are summarized as follows:

– We introduce a flow-guided warping strategy, specifically designed to effi-
ciently propagate latent features across randomly shuffled frames to reduce
the error of accumulation of inverted noise latents.

– We propose a unified framework that applies this strategy in both the inver-
sion and denoising stages, to benefit video editing consistency.

– Our method has shown remarkable editing results across extensive experi-
ments; compared to the previous zero-shot methods our edited videos are
temporally coherent and flicker-free.
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2 Related Work

Text-driven Generation. In past years text-to-image generation models were
based on Generative Adversarial Networks (GANs) [21,32,34,51,57]. More recent
works adopt diffusion models [15] for various generation tasks [10,19,23,28,37,48–
50]. Some such as DALL·E-2 [33] and Imagen [14] complete the denoising process
directly in the pixel space, while Latent Diffusion Models (LDMs) [35] implement
an auto-encoder to improve the representation efficiency in the low-dimensional
latent space. Based on LDMs, we employ a pretrained image diffusion model for
our inverting and editing stages.

Text-driven video generation attempts to adopt and extend these powerful
image generative models into the spatio-temporal domain [16, 38, 55]. LDMs [3]
propose a temporally consistent manner to align images by training extra tempo-
ral layers. PVDM [47] adopts a triplane representation for encoding videos and
project videos as 2D latents for training. However, training video generation
models requires large-scale video data and exorbitant computing resources.

Text-driven Editing Based on the above described generation models, text-driven
editing is a popular research area and many works [1, 7, 8, 20, 52] adopt these
generative priors to edit images or videos with given text prompts. To utilize
unconstrained text-to-image models for controlled content creation without any
training or fine-tuning, SDEit [25] enables the editing of user-provided images
using free text prompts. PnP-Diffusion [41] also avoids involving any training or
fine-tuning by manipulating spatial features and the corresponding self-attention
directly. Meanwhile, the method of manipulating features motivates us to achieve
coherence among keyframes within the feature domain. While these image edit-
ing methods achieve better-edited results, the challenges posed by inter-frame
flickering and inconsistency render their application problematic.

For text-to-video editing, a surge of works demonstrate how to train spatio-
temporal diffusion models on large-scale datasets [3, 9, 27, 38]. However, recent
approaches are primarily focused on bypassing the extensively time-consuming
training phase of traditional models. For instance, Tune-A-Video [44] just fine-
tunes the inflated cross-frame attention on a single video to learn continuous
motion to facilitate new video editing. As a further work, FateZero [31] introduces
a zero-shot approach via an attention blending block to enable shape-aware
editing based on pretrained Tune-A-Video models.

While [44] and [31] maintain the structure of a single frame, they often
fall short of controlling visual consistency across the entire video. Utilizing
ControlNet [52], Text2Video-Zero [18] and ControlVideo [54] preserve the con-
tent structure but lack temporal consistency. To tackle this challenge, previous
works [2,6,11] have demonstrated that the inter-frame correspondences extracted
from the source video can be utilized to enhance motion consistency in video
editing. In this work, we further unify the DDIM inversion and joint editing
processes to ensure more coherent video editing.
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DDIM Inversion DDIM inversion is the process of performing DDIM sampling
in reverse order. In Generative Adversarial Networks (GANs), the inversion finds
a latent code that corresponds to a given image [12,29,45,56] and is extended in
many image tasks as a powerful prior [5,43]. For diffusion models, however, the
inversion process needs an appropriate noise map and a conditional vector for
a generated image. For instance, Null-text inversion [26] aligns the trajectory of
diffusion latents with denoising latents. This inversion is frequently employed in
video editing tasks as well [11,44]. Nevertheless, directly adding Gaussian noise
and denoising may lead to substantial alterations in the image textures over the
iterative process, thereby exacerbating the temporal inconsistency. Inspired by
[26], [22] optimizes a shared unconditional embedding for all frames to improve
the video inversion quality, while the tuning strategy may break the pretrained
generative ability. FateZero [31] does not require extra tuning by fusing the
attention maps in the inversion process. However, it does not address the issue
of the accumulated errors that arise during this process. In contrast, our flow-
guided warping strategy can eliminate error accumulation by calculating the
average.

3 Preliminaries

3.1 Diffusion Models

Stable diffusion [35] represents a significant advancement in diffusion models
that function within the latent space. It uses a pretrained autoencoder to encode
images into latent space and reconstruct them into high-resolution images. The
process initiates with an initial latent signal z0, corresponding to the latent
of an input image I0. This procedure iteratively advances through a sequence
of defined steps, with the forward diffusion process of zt from zt−1 defined as
follows:

q (zt | zt−1) = N
(
zt;

√
1− βt−1zt−1, βtI

)
, (1)

where q is the forward diffusion process and βt represents the variance schedule
at each timestep t. The total number of timesteps T denotes the extent of the
training duration for the diffusion model. The reverse process of zt−1 from zt
uses a conditional denoising model U-Net ϵθ defined as:

pθ (zt−1 | zt) = N (zt−1;µθ (zt, τ , t) , Σθ (zt, τ , t)) , (2)

where p indicates the inference process in terms of Gaussian conditional distri-
butions and τ denotes encoding of the text prompt and µθ and Σθ are Gaussian
parameters estimated by the denoising model ϵθ. In Stable Diffusion, the denois-
ing model ϵθ containing cross-attention and self-attention modules [42] is trained
to predict the noise with the following objective function:

min
θ

Ez0,ε∼N(0,I),t∼U(1,T ) ∥ε− εθ (zt, t, τ)∥22 , (3)

where, U represents a uniform distribution and zt is a noisy latent of z0 at
timestep t.
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Fig. 3: Our pipeline. We demonstrate the overall framework of WAVE in the left
part of the figure. We warp the input of self-attention modules and residual blocks
between randomly shuffled keyframes. In the right part, we show the workflow of our
flow-guided feature warp strategy, including binary mask generation, occlusion gener-
ation, and feature alignments.

3.2 DDIM Inversion

At inference, existing methods usually seek structure guidance from the source
video through DDIM inversion [39]. A deterministic latent representation z0 can
be converted from a random Gaussian noise during DDIM sampling in a sequence
of timestep t : T → 1:

zt−1 =
√
αt−1

zt −
√
1− αtεθ√
αt

+
√

1− αt−1εθ, (4)

where αt denotes
∏t

i=1 (1− βi). The DDIM inversion technique is designed to
map a clean latent z0 onto its corresponding noised latent ẑT . This mapping
occurs through a sequence of reversed timesteps t : 1 → T :

ẑt =
√
αt

ẑt−1 −
√
1− αt−1εθ√
αt−1

+
√
1− αtεθ, (5)

which can serve as a structural guidance for the requirements of reconstruction
and translation processes.

3.3 Optical Flow Estimation

Consider two consecutive RGB frames of size H × W from the source video
with their 2D coordinates of pixel grid G. We use a pre-trained optical flow
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estimation network [46] to estimate the optical flow V between the frames. The
flow estimation takes on a global matching formulation to address the large
displacement issue in video translation tasks which is suitable for our subsequent
random shuffle warping strategy. Specifically, for feature maps of the two frames,
each pixel is compared based on their feature similarity to estimate a matching
distribution M ∈ RH×W×H×W with the softmax operation. The optical flow V
can be obtained by computing the difference between the corresponding pixel
coordinates:

V = MG−G ∈ RH×W×2, (6)

For the purpose of guiding the inputs of self-attention modules, we downsample
the optical flow V of all frames to the resolution of the hidden states.

4 Method

Given an input video sequence of n frames denoted as L = [I1, ..., In] and a
textual prompt τ describing the target edit, we aim to edit the video according
to the textual prompt and generate a synthesized video sequence J = [J1, ..., Jn]
while preserving the global layout and local details. Directly applying a pre-
trained text-to-image diffusion model ϵθ on each frame independently may lead
to content inconsistencies across frames. These inconsistencies can be addressed
by imposing temporal constraints to the features in the pre-trained diffusion
model ϵθ.

Natural video is highly redundant in time and has a strong temporal con-
sistencies across frames. Similar temporal consistencies are also present in the
internal diffusion features of the input frames [11]. Based on this, we propose
a flow-guided feature warp strategy to simultaneously constrain the query, key,
and value of self-attention modules in ϵθ, thereby unifying the internal diffusion
features.

Our framework, as shown in Fig. 3, has two stages: (i) DDIM inversion.
(ii) Keyframe Joint editing and propagation. To preserve temporal consistencies
across frames, we integrate our flow-guided feature warp strategy into both two
stages. However, we find that directly using feature warp in DDIM inversion
leads to error accumulation. As such, we propose a random shuffle strategy. In
the following parts, we present the details of each stage and the corresponding
strategy.

4.1 Flow-Guided Feature Warping Strategy

As mentioned in Sec. 3.3, the optical flow is computed by matching similar image
contents and correspondences of the internal features between two consecutive
RGB frames. Therefore, we propose to use optical flow of the source video to
warp the input features of the residual blocks and the self-attention modules
between two consecutive frames.

Let In, In+1 : P → R3 be two consecutive frames, as shown in the right
part in Fig. 3, we first extract the forward optical flow wf = (uf , vf )T and the
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backward optical flow wb = (ub, vb)T . Since there exists occluded regions after
the warping operation, we calculate an occlusion mask B denoting the occlusion
regions of the warped features. Considering the binary mask generation, we refer
to a previous work [24] and generate the occlusion mask based on the forward-
backward consistency assumption [40].

For pixels that are not occluded, the forward flow should be the backward
flow at the corresponding pixel in the next frame. Hence, a considerable disparity
exists between the two flows of occluded pixels. We define the occlusion mask
Bo to be 1 whenever the constraint∣∣wf (x) + wb

(
x+ wf (x)

)∣∣2
< α1

(∣∣wf (x)
∣∣2 + ∣∣wb

(
x+ wf (x)

)∣∣2)+ α2,
(7)

is violated, and 0 otherwise. We set the hyper-parameters α1 = 0.01 and α2 =
0.5 for all x ∈ P .

The occlusion flag Bo addresses concerns with occlusion but falls short in
handling scene transitions within video contexts. Therefore, we compute the
residual map r = |W (In, w

f ) − In+1|, where W denotes a backward warping
operation. Taking into consideration of both the occlusion mask Bo and the
residual map r into consideration, we define the final binary mask as:

B =

{
1, if Bo − αr > ϵ,

0, otherwise.

For frame n + 1, the mask separates the features that should be warped from
frame n (value of 1) versus the features that should be generated (value of
0). With the backward flow wb and the binary mask B, we perform a feature
alignment process in the residual blocks and self-attention modules. In each
denoising timestep, we save the input internal feature ẑin of residual blocks or
self-attention modules, where i denotes the timestep and n denotes the frame
index. Afterwards, the internal feature ẑin+1 of frame (n+1) frame is computed
by:

ẑin+1 = B ∗ wb(ẑin) + (1− B)zin+1, (8)
Here, zin+1 represents the feature generated from the (n + 1)-th frame. The
binary mask B is downscaled to the size of the internal feature. This process
ensures the close generation of features within the residual blocks and the query,
key, and value tokens of the self-attention modules, aligning them closely with
related features from the previous frame in temporally corresponding regions.
Consequently, maintaining a coherent update to the latent feature supports the
continual preservation of visual consistency between frames throughout the se-
quence. This flow-guided feature warping strategy is integrated into the DDIM
inversion and joint editing part.

4.2 Randomly Shuffled DDIM Inversion

Given an input video sequence L, DDIM inversion provides the inverted noise
latent for video editing [39]. However, the inverted noise latents may result in
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frame inconsistencies due to the error accumulation during the DDIM denoising
steps and the impact of classifier-free guidance [41]. We suppose that severe
errors occur at only a few timesteps per frame and accumulate throughout the
entire inference process and can be offset using temporal information. To mitigate
this error, we integrate our flow-guided feature warping strategy into the DDIM
inversion process as shown in the left part of Fig. 3, where the purple box denotes
our Flow-Guided Feature Warping Strategy.

Curiously, we noticed that a fixed order inversion leads to warping error ac-
cumulation. We speculate this is caused by errors introduced during the optical
flow downscaling or the binary mask estimation. To address this issue, we first
randomly invert the sequential order of the input frames. We then divide this
sequence into small groups and randomly shuffle the frames in each group. The
DDIM inversion process is then applied to the shuffled frames sequence based on
the flow-guided feature warping strategy. The resulting inverted noise latents are
denoted as [xi

n], where i is the denoise timestep and n is the frame index. Subse-
quently, these latent will be employed to establish inter-frame correspondences
among diffusion features.

4.3 Keyframe Joint Editing

The joint editing process of the keyframes is performed on the inverted noise
latents of the randomly shuffled DDIM inversion. We first integrate our flow-
guided feature warp strategy into the editing process to constrain the query, key,
and value in the self-attention modules. To further align the key and value of all
the frames, we extend the self-attention block to the extended-attention block,
which encourages all the edited frames to share a unified global appearance.
Specifically, consider the input of self-attention features from all N keyframes
{Qn}n∈K, {Kn}n∈K, {Vn}n∈K, where Qn, Kn and Vn are the queries, keys and
values of the frame n ∈ K, K = {1, .., N}. We concatenate the keys and the
values of each frame with the first frame and calculate the extended-attention
as follows:

ExtAttn(Qn; [K1,Kn]) = Softmax
(
Qn[K1,Kn]

T

√
d

)
, (9)

The output feature of n-th feature in each self-attention module is given by:

Fn = Â · [V1, Vn], (10)

Intuitively, each keyframe queries the first frame and itself and aggregates the
information. This leads to a roughly unified appearance in the edited frames.

4.4 Full Video Propagation

We sample the keyframes for every K frame, i.e., I0, IK , I2K , ... and edit them
using our unified framework. The shuffled edited keyframes are re-ordered in
the correct sequence. To generate the full video, we employ Ebsynth [17], which
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propagates the stylized keyframes to neighboring frames with a guided patch-
matching algorithm that incorporates color, positional, edge, and temporal guid-
ance. Specifically, for two keyframes I0 and IK and (0 < i < K) in between, the
two keyframes are warped to frame i to derive I0i and IKi . Initially, Ebsynth
combines the colors and gradients of I0i and IKi by selecting the ones with mini-
mal errors during patch matching for each location. Subsequently, the combined
color image serves as a histogram reference for contrast-preserving blending [13]
over I0i and IKi to generate the final blended image of Ii.

5 Experiments

Fig. 4: Visualization results. The editing results of two videos with different prompts
demonstrate that our method achieves high-quality editing and strong temporal coher-
ence.
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Fig. 5: Visualization. We reproduce these methods using their official codes and
recommended parameters.

5.1 Implementation Details

Our implementation is based on Stable Diffusion [35] and their publicly pre-
trained weights1. We utilize PnP-Diffusion [41] as our frame editing method.
Additionally, we incorporate ControlNet [52] with an edge condition2 to more
effectively harness the structural information from the source video. The num-
ber of DDIM inversion timesteps and denoising timesteps are set at T = 50.
We adopt our flow-guided feature warping strategy in the first 40 timesteps and
use the normal denoising strategy in the last 10. We set the interval between
keyframes at 4 or 8. All the experiments are conducted with one NVIDIA A100
GPU.

Datasets. Following Tune-A-Video [44], we evaluate our method on 42 videos
from DAVIS dataset [30]. We first use GPT-4 to generate text prompts and
manually design 84 text-video pairs. Each video has a spatial resolution of 384×
672 and is split into 24 frames. Our method is also tested on other Internet videos
about animals, humans, and object-moving scenes for visualization. More details
about our videos and prompts can be found in our supplementary materials
(SM).

Baselines. We compare our method with three publicly available text-driven
editing methods: Tune-A-Video [44], FateZero [31], and TokenFlow [11]. In these
works, Tune-A-Video fine-tunes the inflated spatio-temporal attention layers on
the source video. Furthermore, both FateZero and TokenFlow utilize a cross-
frame attention module to preserve temporal consistency.

1https://huggingface.co/runwayml/stable-diffusion-v1-5
2https://huggingface.co/lllyasviel/sd-controlnet-canny

https://huggingface.co/runwayml/stable-diffusion-v1-5
https://huggingface.co/lllyasviel/sd-controlnet-canny
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Method PSNR↑ CLIP Score↑ Warp-err↓ LPIPS↓
DDIM Inversion 23.02 22.04 64.06 0.2434

Ours 22.65 22.23 49.38 0.2330
Table 1: Quantitative evaluation. Comparison of the reconstruction quality of our
randomly shuffled DDIM inversion and naive DDIM inversion using PSNR, CLIP, Warp
error

(
×10−3

)
, and LPIPS.

5.2 Qualitative Comparison

Fig. 5 presents a qualitative comparison between our method and prominent
baselines. Additional videos can be found in the SM. Tune-A-Video (second
row) transforms a 2D image model into a video model and refines it to closely
match the motion of the video, making it well-suited for short clips. However,
when the textual prompt is relatively different from the input video, it fails to
edit the video correctly (e.g., Sepia-Toned Photograph and Sunset Ambiance
in Fig. 5). FateZero (third row) and TokenFlow (fourth row) produce results
with commendable structural and inter-frame coherence, but its generated videos
manifest blurring and temporal flicker (e.g., Storybook illustration and Serene
Watercolor Habitat in Fig. 5). The videos generated by our method (bottom row)
exhibit improved adherence to the edit prompt, while simultaneously preserving
the temporal consistency of the edited video.

5.3 Quantitative Comparison

Our evaluation metrics include PSNR (peak signal-to-noise ratio), CLIP score,
warp error, and LPIPS [53]. We also conduct user study, which can be found in
the SM. The CLIP score assesses video-prompt alignment through average cosine
similarity between CLIP text embeddings of the prompt and image embeddings
of each frame. Warp error, measuring pixel-level consistency, computes the mean
squared error of pixel values between warped edited frames and corresponding
target frames. LPIPS evaluates the perceptual similarity between images. We
first compare the reconstruction quality of our randomly shuffled inversion with
naive DDIM inversion. Table 1 demonstrates our randomly shuffled inversion’s
performance improvements in CLIP, Warp error, and LPIPS metrics by 0.19,
14.68, and 0.0104, respectively. Our PSNR result is slightly lower than that of
naive DDIM inversion (22.65dB vs 23.02 dB), yet our method achieves more
accurate reconstruction, faithfully preserving the source video’s content in each
frame, as shown in Fig. 6. The comparison of editing results is provided in
Table 2. Our proposed method achieves the least warp error(1.83 lower than
TokenFlow), showing a good temporal consistency. Furthermore, we also achieve
a higher CLIP score that indicates a good matching between the edited video
and the input textual prompt. Our analysis reveals that Tune-A-Video achieves
the highest CLIP score due to its generation of frames that are unfaithful to the
original content but align closely with textual prompts, as illustrated in Fig. 5.
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Method CLIP Score↑ Warp-err↓
Tune-A-Video [44] 25.36 32.33

FateZero [31] 22.97 9.32
TokenFlow [11] 23.18 10.77

Ours w/ DDIM Inversion 24.33 9.71
Ours w/o Warping 23.60 9.89

Ours 24.44 8.94
Table 2: Quantitative evaluation. We evaluate our method in temporal consis-
tency, and prompt alignments by computing warp-error

(
×10−3

)
and CLIP similarity,

respectively.
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Fig. 6: Visualization. Comparison of reconstruction results between Naive DDIM
inversion and ours.

5.4 Ablation Study

We conducted ablation studies on our randomly shuffled inversion and warping
operation, focusing on their impact on maintaining temporal consistency. “Ours
w/ DDIM Inversion” indicates the use of the naive DDIM inversion within our
framework, while “Ours w/o Warping” signifies the removal of the warping op-
eration only from our editing process. A quantitative comparison of the edited
videos is detailed in Table 2, below the dotted line. We further visualize the
edited results in Fig. 7. In the second row, the error, characterized by a blurry
tail, accumulates into subsequent frames, resulting in structural misinformation
generation(small grass). In the third row, the tail of the camel remains as our
randomly shuffled DDIM inversion can keep the local details of the original im-
age. However, the color of the background region has changed, which is denoted
by the purple box. This shows that our flow-guided feature warp strategy can
ensure temporal consistencies across frames.
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Fig. 7: Ablation study. We ablate the effect of our RS inversion and Warping oper-
ation through visualization.

6 Limitations and Conclusion

Limitations. As for limitations, while our approach endeavors to extract am-
ple structural information from the original video to ensure temporal consistency
and stability in the transferred video, there is still room for improvement. This
method might exert overly stringent control on the video’s structure, thereby
impeding the attainment of significant structural variations. Such limitations
may hinder the creative potential of the editing process. Also, as noted in [11],
the transferred video may encounter high-frequency flickering introduced by the
LDM decoder. Meanwhile, our framework’s reliance on image editing technol-
ogy imposes constraints on the efficacy of video editing. The extent of editing
possibilities in the transferred video is bound by the capabilities of the corre-
sponding image editing model, thus potentially limiting the range of effects and
transformations that can be accomplished.

Conclusion. In this paper, we introduce a novel warping strategy within the
feature domain for text-driven video editing based on current image diffusion
model techniques. By integrating temporal keyframe information, we effectively
reduce error accumulation inherent in the inversion process and achieve high-
quality inverted latents for subsequent processes. Our unified zero-shot frame-
work employs this warping strategy during both inversion and denoising pro-
cesses. Experiments compared with existing state-of-the-art methods show that
our edited videos can maintain temporal coherence in both global style and local
textures.
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