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Figure 1: Comparisons of the proposed EI? and prior SOTA for text-driven video editing with
Text-to-Image diffusion model. EI? addresses problems on temporal and semantic inconsistencies
existing in prior work, leading to more consistent editing results. Better visual effect in color mode.

Abstract

Existing works have advanced Text-to-Image (TTI) diffusion models for video
editing in a one-shot learning manner. Despite their low requirements of data and
computation, these methods might produce results of unsatisfied consistency with
text prompt as well as temporal sequence, limiting their applications in the real
world. In this paper, we propose to address the above issues with a novel EI?
model towards Enhancing vIideo Editing consIstency of TTI-based frameworks.
Specifically, we analyze and find that the inconsistent problem is caused by newly
added modules into TTI models for learning temporal information. These modules
lead to covariate shift in the feature space, which harms the editing capability. Thus,
we design EI? to tackle the above drawbacks with two classical modules: Shift-
restricted Temporal Attention Module (STAM) and Fine-coarse Frame Attention
Module (FFAM). First, through theoretical analysis, we demonstrate that covariate
shift is highly related to Layer Normalization, thus STAM employs a Instance
Centering layer replacing it to preserve the distribution of temporal features. In
addition, STAM employs an attention layer with normalized mapping to transform
temporal features while constraining the variance shift. As the second part, we
incorporate STAM with a novel FFAM, which efficiently leverages fine-coarse
spatial information of overall frames to further enhance temporal consistency.
Extensive experiments demonstrate the superiority of the proposed EI2 model.
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1 Introduction

In light of the surging popularity of video applications in modern times, there has been a growing
focus on developing editing techniques [18, 41, 54, 45] in research community to provide automatic
and efficient video editing services for counterparts, e.g., content creators and media professionals.
While existing techniques have explored the use of Variational Autoencoders (VAEs) [25, 32] and
Generative Adversarial Networks (GANSs) [12, 20, 57, 51], they are often limited to specific scenes or
datasets, and struggle to provide a comprehensive solution. Thanks to the remarkable capabilities of
diffusion models [15, 15, 48] in distribution learning, recent research [39, 38, 41, 36] has facilitated
great progress in various fields including image synthesis, editing and restoration, posing significant
promise for solving tasks in video domain. However, replicating the success in video domain is
challenging, due to the higher-dimensional complexity, temporal consistency, and lack of high-
quality datasets. In this paper, we develop diffusion model to tackle text-driven single video editing
task [4, 56, 10], which utilizes text prompts to guide the change of style and objects in a given video.

From the perspective of diffusion models, prior works typically build Text-to-Video (TTV) frame-
works and leverage the generative prior to address this task, wherein two primary approaches are
exploited: The first approach [31, 10, 45] directly trains a TTV model on a large corpus of text
and video pairs to facilitate video editing. However, due to the lack of high-quality public video
datasets, current methods mainly rely on in-house datasets and demand significant computational
resources. The second approach [56, 28] extends the architecture of pre-trained Text-to-Image (TTI)
models [39, 38] for video editing. To capture motion in videos, various temporal modules, e.g.,
Spatial-Casual Attention (SCA) and Temporal Attention (TA), are introduced to TTI models. The
temporal motion will be learned from video via tuning and DDIM inversion. This approach is more
cost-efficient, easily accessible, and thus gaining more attention in recent studies [28, 44, 35, 7, 55].

Nonetheless, methods inflating TTI models [56, 28] suffer from two critical issues: Temporal
inconsistency, where the edited video exhibits cross-frame flickering in vision, and Semantic disparity,
where videos are not altered in accordance with the semantics of given text prompts. Addressing these
issues will considerably push the frontiers of text-driven video editing. In this paper, we reveal that
the cause of the semantic disparity is not fine-tuning or over-fitting to the given video, but rather the
newly introduced temporal layer, designed to ensure consistency across frames, which may weaken
or even eliminate the editing power of TTI models. We attribute this phenomenon to the covariate
shift of generative feature space, as the extra added parameters of Temporal Attention (7A) without
any constraint inevitably transform the statistics of features [21, 52, 3]. Moreover, while using SCA
can help reduce computational overhead, it is a suboptimal choice given that the non-autoregressive
nature of the diffusion model demands considering global relationships. Therefore, incorporating
efficient global spatial-temporal attention [53, 47] is essential for enhancing temporal consistency.

We present a novel approach called EI? that enhances the capabilities of existing pre-trained TTI
diffusion models [39] by incorporating well-grounded temporal modules for video editing task. EI?
follows the one-shot tuning paradigm [56], while making significant contributions in both theory
and practice: (1) Shift-restricted Temporal Attention Module (STAM) to resolve the semantic
disparity: (i) We provide theoretical proof, under certain assumptions, that the covariate shift is
unrelated to tuning, but is caused by newly introduced parameters in the 7A module. This provides
valuable guidance in addressing the problem. (ii) On this basis, we identify that the Layer Norm [3]
in TA module is the prime cause of covariate shift. To mitigate this issue, we propose a simple yet
effective replacement called Instance Centering to restrict distribution shift. (iii) Furthermore, we
constrain the shift of variance by normalizing the weights in the vanilla attention within the 7A module.
(2) Fine-coarse Frame Attention Module (FFAM) to enhance temporal consistency: We improve
SCA with a novel fine-coarse interactive mechanism to establish an efficient spatial-temporal attention,
which considers all frames while achieving low computational complexity. Instead of discarding
information on the temporal dimension, we perform sampling along the spatial dimension. This
preserves the overall structure of spatial-temporal data and reduces the data volumes for consideration.
Concretely, FFAM respects the vanilla attention design to preserve fine information in the current
frame, but downsamples non-current frames to obtain coarse features for interaction. In this way,
FFAM can achieve improved modeling of motion while keeping comparable computational burden
as SCA. (3) Extensive experiments validate that EI? effectively addresses semantic disparity and
enhances temporal consistency in video editing compared to the current state-of-the-art methods.



2 Related works

Text-to-Image diffusion models. Diffusion models have demonstrated remarkable success in
image generation by effectively approximating data distributicias46, 48, 24, 9], outperforming
previous generative models like GANS, P2, 43, 60]. Building upon the advancements of pre-trained
language models3[/], Text-to-Image (TTI) diffusion models3B, 41, 39] have been developed to
generate high- delity images conditioned on text descriptions. Prominent examples include recent
works like DALLE? [3€], and Imagen41] achieve impressive and controllable image generation.
Recently, the Latent Diffusion Model (LDM)3[F] has drawn more attention due to its ef ciency and
compelling results, which is used as our base model in the experiments.

Text-to-Video diffusion models. TTV generation poses greater challenges compared to image
generation due to its higher-dimensional complexity and the scarcity of high-quality datasets. Previous
approaches mainly rely on autoregressive modgis 9. Pioneering works 18, 41] introduce

new architectures using 3D U-Nef][with factorized spatial-temporal attention, [L6, 5]. Recent

works attempt to leverage image diffusion priors in both modeling and data, such as Make-A-
Video [45], which proposes ne-tuning from a pre-trained DALLEZE] with spatial-temporal
modules. However, the challenges of collecting large-scale text-video datasets and the substantial
computational overheads still hinder many researchers in this eld. Recently, two concurrent works
[23, 1] propose adapting LDM to the video without ne-tuning, but still persist inconsistent issues.

Diffusion for text-driven editing. Due to clear mapping relationships between data and diffusion
latent space, it is ef cient to obtain DDPM.§] or DDIM [46] latent of a given image and then
perform text-driven editing. To strengthen structural control, P2ZPdnd Plug-and-PlayjJ] use
attention control to minimize changes to unrelated parts. Null-Text InverSidnrie-tunes the
embedding of null text to improve real image editing. Some woiks40, 26] ne-tune TTI models

to learn special tokens for personalized concepts and generate related images. While these methods
can be applied to video editing frame by frame, it is hard for them to ensure temporal consistency.
[31, 10) train TTV models to achieve impressive editing performance but are not open-source. At a
earlier period, one-shot training and tuning approaches have been popular in GANS, 58, 17]

for various tasksTune-A-VidedTAV) [ 56] proposes the rst tuning strategy on LDM ] for video
editting. Based on it, several concurrent works, [44, 35, 7, 55] are developed to improve the
editing quality,e.g, speed and background preservation. By contrast, we are concerned about the
essential problem,e., the negative impact of introduced parameters on text-driven editing ability.

3 Preliminaries

Diffusion probability model. DDPM [15] establishes a relationship between complex data dis-
tribution and the Gaussian distribution using forward and reverse Markov chains. Following the
convention, we denote the random variable of date;agnd the forward process generates latent

variablesxy;:::; xt throughg(X¢jx: 1) = N(X¢; ¢ 1;(2 )l), wheref .gl_; isa xed
variance schedule. The reverse process startsxroto sample the real data) sequentially through
P (Xt 1jX;P)= Nyt 11 (Xt P);  (Xi;t; P)): (6N

Herein,P is an optional condition, can be either prede ned constants or trainable parameters
associated with the variance schedule, antk;t; P) = pl—ft(xt pll—t[ (Xt;t; P)), where

t = itzl i,and" is a parameterized function that is trained under diffusion loss supervision

Loss(" ) = Exy pgwa ¥ N(@:)it Uniformz:T) K " (Xei P)kg : @
This makes the reverse process Eq. (1) approach to the Evidence Lower Bound of data distribution.

Latent Diffusion Model (LDM). LDM [39] rst trains an Autoencoder network consisting of an
encodelE and a decoddD, where the compositioB E approximates the identity mapping. This
enable< to compress image data into a low-dimensional latent space. LDM then learns a diffusion
model by optimizing Objectivé€?) in the latent space, with the corresponding text promptn

LDM, s equipped with a convolutional Transformer-based U-Net architecture, where the attention
mechanism plays a critical role in interacting information from different modalities. Speci cally,
given two featureg 2 R'* 9 andc 2 R'2 9, the attention mechanisr ] obtains three elements
QueryQ, KeyK and ValueV by Q = zWy; K = cWg; V = cW,, whereW, 2 R% 9, W, and

W, 2 R% 9 After that, they will interact to generate the transferred feature via

p_
Attention( z;¢) = Mgk V; whereMqx = softmax( QK T="d): 3)




Figure 2: lllustration oEI? for text-driven video editing. (a) One-shot tuning paradigm: Given a
video and a text prompEI? rstin ates a pre-trained TTI model into a TTV model, which is further
tuned by minimizing the diffusion loss. (b) Video editingt?> uses noise from DDIM inversiori ]

and a custom text prompt to generate the edited video. (c) Model déilsnhances the TTI model

by upgrading its Self AttentiorSA module to a Fine-coarse Frame Attention Module (FFAM) and
introducing a novel Shift-restricted Temporal Attention Module (STAM). Unlike Temporal Attention
(TA) Module which shifts the input distribution intensively, STAM constrains the output to better
align with the subsequent modules. (d) Interactive mechanism in FFAM: For each patch (red star) in
the latent, it interacts with the ne patches in the current frame and coarse patches in other frames.

Let de ne norm as theLayer Normoperator f] andLinear (z) = zW, + b, wherew, 2 RY &%
andb2 RY, a Transformer block ifi has the residual structure shown below

Transformer(z;c) = z + Linear (Attention( norm(z); norm(c))): (4)

For convenience in later discussions, we include the normalization operatidn tife equation,
although it may not be implemented in practice. LDM incorporates two types of Transformer blocks.
The rst Self Attention module only receivesto computelransformer(z; z), and the other Cross
Attention module takes the latent featarand the text embeddingto compute Eq(4). We also
overlook the Dropout [49] in the transformer block, as it freezes during the ne-tuning process.

Notations. For clarity, we abbreviate Self Attention, Cross Attention, and Temporal Attention as
SA CA, andTA, respectively. Accordingly, the Transformer blocks in E).associated with these
attention mechanisms are nam@8Module, CA Module, andTA Module. In this paper, we use
variablesn, | andd to represent the length of temporal, spatial, and feature dimensions, respectively.

4 Methodology

4.1 Overview of EP

text-driven video editing task leverages other text prompts to guide style or object changes in the
video. While existing large-scale TTI diffusion modef[ 38, 41] have shown exceptional behavior
in image editing, they suffer from temporal inconsistency when applied to the video frames.

One-shot tuning for video editing. In this paper, we propose a novel approach, namégviich

in ates the frequent pre-trained TTI diffusion model LDNM ] with well-designed temporal modules

to create a TTV diffusion model. As depicted in Figure 2, the in ated model is optimized to minimize
diffusion loss about data pai¥/; P) , so as to capture the temporal motion in vidéavhile retaining

the editing capability of TTI model. To edit the video, we use an altered prompt to guide the diffusion
reverse process based on Eb), where the initial latenxt is obtained by the DDIM inversionLf.

Model In ation.  Technically, during the in ation process, the initial step involves converting
all spatial convolutions in LDM into pseudo 3D convolutions, which allows video data and latent
to be processed in the same way as a batch of images. Furthermore, our approach differs from



previous work f6, 15, 35, 2d] in two key aspects within Transformer block&) We introduce

a novel Shift-restricted Temporal Attention Module (STAM) that learns motion while solving the
covariate shift problem. This addresses the essential limitation in previous viGrk=], where the
text-driven capability of the TTI model is weakened or deprived after in ation wittAdModule.

(b) Recognizing the complexities over time, we upgrade the exiSilylodule into a new Fine-
coarse Frame Attention Module (FFAM). Unlil&CAin previous approachesf, 28] reduces the
complexity of attention through causal sampling along the time dimension, our FFAM compresses
information along spatial dimension while retaining temporal information to facilitate ef cient and
effective spatial-temporal attention interaction, leading to better results.

4.2 Theoretical analysis of covariate shift problem

As depicted in Figure 1, it is apparent that previous wotks P& can lead to semantic dispariiye.,
inconsistencies between the text prompt and the edited video. We attribute this disparity to the
covariate shift 1] in the feature space, where modifying the prior distribution of a pre-trained
generative model typically leads to a degradation in synthesis. In the casaefA-Vided56], the
one-shot data poses dif culties in training meaningful parameters for aligning the output distribution
from TA Module with the demands of the subsequent module. Therefore, our analysis investigates
the transition of feature distribution in TTV model and provides evidence of covariate shift.

SinceTune-A-Videsolely tunes the parameters of Transformers inclutlign the vanilla modules,

and all weights inTAModule, we abstract the problem as changes in distribution after passing through
these weights. By considering the structures in @jjand Eq.(4), which serve as the basis for the

SA CAandTAModules, we can obtain the following discoveries:

Proposition 1. We assume that for Transformers in E4), any input feature 2 R' 9 (or R" 9)is
a sample of i.i.dl-dimensional Gaussian random variables, denotedvdg) N ( v (2); 1 (z2))»
and2 = Norm (z), same notation foc. (i) For the output from Eq(3), thei-th row vector vari-
able, Attention( z; ¢)', follows the Gaussian distributioN ( , (vy;! ok w(v)), Where vy =

WS v vy = WY Wy, and! g = kM, k3. (i) For the output from Eq.(4),
each row vector variable ifiransformer(z; c) follows the Gaussian distributioN ( ¢, ) o (7))

where 0 )= wi* W wytband B, = vt ok W oweWe.

The proof is provided in Supplementary Materials. We remark(ihd@the Gaussian assumption is
common and basic in modern neural networks 3, 57], as it is ef cient to characterize feature dis-
tributions. Here we leverage its properties, particularly additivity, to analyze changes in distributions.
(it) When tuning the weight matriw/q in SAandCA, the mean ?, (2) remains unaffected, while the

covariance 9, (z) 18 primarily in uenced by the modi cation of ok . However, sincéVg is well
initialized from the pre-trained TTI model, its impact on the covariate shift is considered negligible.
(iii ) The weights inTA Module, which are randomly initialized and learned from one-shot data, have
the potential to greatly in uence the feature distribution, whereas it is crucial to ensure the output

distribution resembles the input distribution to properly t the following pre-trained modules.

4.3 Shift-restricted Temporal Attention Module

Based on the analysis, we can explicitly identify thiatModule leads to covariate shift. To address
this issue, we propose to improve this module by restricting the distribution shift. In concrete, given
that each unit in the spatial grid has temporal feamgeR" 9, when passindA Module it will

be transformed by the operatidransformer(z; z) in Eq. (4). Therefore, our main objective is to
minimize the diffusion loss while ensuririgh Modules are constrained in distribution shifé.,

v (z) + WJ v (V) +b! rv (z) (5)

min Loss(" ); whereTAModules subject to
v (z) + 1 QK WJ rv(V)WL !

rv (z)

It is worth noting that there exist trivial solutions f6A Modules, such as vanishing all parameters.
However, we seek to identify the optimal con guration that maximizes the contribution to the task.

Plight from Layer Norm As an essential operation, nevertheless, we Lager Norm[3] in
the TA Module signi cantly contributes to the issue of cﬁpvariate shift. The computation of Layer
Norm across all dimensions,g, the mean value, = - i'?j;dzl Z' | fails to properly center the



feature along the temporal dimension. This results in non-zero values,fgy and |, (v), leading

to covariate shift and con icts with the objectig). Experimental results demonstrate a notable
discrepancy between,, ;) and ., with the former ranging fronie 1to 1, while the latter is
typically less tharle 2. Therefore, we can conclude tHatyer Norm inadequately centers the
feature in the temporal dimension, leading to a shift in the mean valhis.conclusion is supported

not only by theoretical analysis but also by compelling empirical evidence (see Section 5.2 and Figure
4), where even minor re nements lrayer Normcan yield noticeable improvements in the results.

Instance Centering layer. To address the issue byer Normin TAModule, we proposénstance
Centering(IC ) as an effective replacement, which operates on temporakdat®” ¢ by

IC(2) = z % n, z" (6)

When applied to a batch of temporal datd R' " 9, itis de ned to individually operate on each
sample. Consequently, th€ layer guarantees thaty (), v (v), andw, |, (v) in Objective

(5) vanish in principle. In this way, the new parameter$Ag except for the bias, would not affect

the mean of distribution. ImportanthiC layer preserves the temporal variance of the data. This
deviation from thdnstance Nornj52], which normalizes the data along the sequence dimensions,
offers not only computational ef ciency, resulting in about 20% increase in computational speed, but
also plays a role in controlling variance shifts associated with subsequent techniques.

Normalized linear mapping. Due to the interaction of multiple variables, the change of temporal
variance inTAModule is unavoidable. We can establish the relation using norm properties:

k 0 rv(z)k k WLkszszk rV('Z)k: (7)

v (z)

When considering the Frobenius norm, this equation indicates that the change in each element of the
covariance is controlled by the rescaling coef cienNiorm , matrix norm ofw, in Linear , andw,

in TA. Therefore, it implies that we can mitigate the variance shift by regularizing these values. From
this we design the following improvemenig) We do not employ the rescaling operatoi @ since

the order of most temporal feature variances is varied ftem 2tole 1, meaning the operation
would amplify the variance and magnifying the covariate shift. This observation is also supported
by qualitative results (see Figure 4p) Instead of adding a regularization term to loss, we employ

a more ef cient technique called spectral normalizati®&N() [29] to rescaleW = W= (W),

where maxis the spectral norm of matribdSN has been widely used in various tasks and offers better
stability and theoretical guarantees compared to other weight normalizafiorir] our approach,

we leverageSN to rede ne theAttention andLinear layers as follows:

Attention( z;¢) = Mgk zWy; andLinear (z) = zW,_ + b: (8)

STAM. The STAM layer is an extension of Transformer in Eq. (4) and formulated as follows:
STAM(z) = z + Linear (Attention( 1C (2);1C (2))): (9)
We can prove that the feature vectolSAM( z) follows a distributionN ( 7y + b; 2, (z)) Where

k ?v(z)k 2k 1y (zyk under the spectral norm. Since the s initialized from zero, the impact
on . (z) is negligible under a small learning rate. Therefore, this design effectively alleviates the

covariate shift in theory, enabling the improvement of semantic disparity in practice.

4.4 Fine-coarse Frame Attention Module

Considering the sez = fZ1 2 R' 9g"_; , which comprises features of all fram&sine-A-Video
introduces a Sparse-Casual Attenti®@C@ mechanism to enhance tls&with sparse-temporal
interaction, where only the rst frame and its immediate previous frame are used for interaction,
instead of considering all frames. This signi cantly reduces the computational complexity from
0O(n?1?) to O(2nl?). While SCAis more effective than SA, it is not optimal for video editing tasks,

in which global spatial-temporal relationships are crucial to ensure overall coherence. To address
this issue, we propose the Fine-coarse Frame Attention Module (FFAM) as a new solution. FFAM
leverages a ne-coarse strategy to incorporate ne-grained information from the current frame with
coarse features from other frames. Speci cally, FFAM is de ned as follows:

FFAM(Z';Z) = Attention( Z';zrc);

2)) a, (10)

n_1+r

wherezec = concat[z'; f downsample@ ;r)gisi] 2 R{ 2



Table 1: Quantitative comparison with evaluated baselines. The “Training” refers to the process of
optimization and DDIM inversion [15], and “Memory” refers to the peak footprint of GPU device.

Method Frame consistency | Textual alignment Runtime [min] Memory [Gib]
CLIP Scoré User Voté|CLIP Scoré User Voté|[Training#Inferencé{Training#Inference#
Tune-A-Vided56]| 96.64 25.6% 28.72 15.4% | 11.0 0.5 9.6 5.3
Video-P2PF[28] 96.84 28.3% 28.24 19.5% | 19.2 2.0 27.3 19.5
Vid2Vide-zerd33]| 95.17 11.2% 29.39 22.4% 2.5 2.5 17.2 23.3
EF 95.94 34.9% 29.84 42.7% | 125 0.5 11.0 5.3

wheredownsample(; r) rescales the input with ratib=r?. The design of FFAM respects the rule of

SAto leverage data in the current frame, and uses coarse features sampled from other frames as an
aid. In contrast t&&CA which samples data over time to improve ef ciency, FFAM adopts a robust

way that condenses data along the spatial dimension, while retaining the structural relationships
in both spatial and temporal dimensions. It is worth noting that FFAM reduces the complexity to

O(”rliz”znl 2). In experiments, whenis set to 2 or 4, FFAM obtains improved temporal consistency
while achieving comparable speed3S€A This trade-off betweeBAand global spatial-temporal
interaction enables FFAM to strike a balance between ef ciency and consistency in video tasks.

5 Experiments

Implementation details. Our implementation oEI? is based on the stable diffusion v1-4 frame-
work®. We keep the Autoencoder of LDM frozen and tuklg of the FFAM andCA Modules, and

all parameters of STAMs. We follow previous worksi to perform tuning on 8-frame videos of
size512 512 We utilize the AdamW optimizer with a learning rate3# 5 for a total of500
steps. During inference, we initialize the model from the DDIM inversiéhfind set the default
classi er-free guidancel[/] to 7:5. All experiments are conducted on an NVIDIA Tesla V100 GPU.

Baselines. In view of the limited accessible resource in this eld, we select the three representative
methods as baselinedl) Tune-A-Vide¢56]: The current SOTA in the eld and the conventional
baseline for related workg(2) Vid2Vid-zerg55]: A TTl-based zero-shot video editing method
without ne-tuning. (3) Video-P2P[28]: An improvement method oveFune-A-Videwia using

P2P [L3] and Null-Text [30]. Experiments are conducted with their of cial codes and con gurations.

Datasets. Following previous works6, 28], we collect videos from the DAVIS dataset/] for
comparison. We also gather face videos from the Pexels website to assess the ne-grained editing in
the face domain. We utilize a captioning model [27] to automatically generate the text prompts.

5.1 Comparison

Qualitative results. We present qualitative comparison results betwE&nand baselines in
Figure 3. Due to limited space, additional results are provided irStifgplementary Materials

We evaluate the performance of the methods using different general scenarios including object and
style editing. The following conclusions can be drawn from the res(jsTune-A-Vide¢56] tends

to performs better in coarse-level object replacement but poorly in terms of style. This is evident in
its attempt to forcefully t the “sur ng” action for object replacement, resulting in noticeable artifacts

in the generated results. It also fails to produce the desired stylistic effects and still maintains the
photorealistic style of the original video&) Video-P2H2¢], based onTune-A-Videpimproves
consistency with the original video through attention control but struggles with global style as before.
(3) Vid2Vid-zerd55] does not use th& A Module and adopts the parameters of the source model
entirely, avoiding the issue of covariate shift. However, the lacking of ne-tuning procedure leads to
the edited results could not faithfully preserve the characteristics of source vidgG@ampared to
previous works, our approach combines the delity to the original video fiame-A-Videawvith

the editing power of the TTI model frovid2Vid-zero For instance, in the case of “sur ngEI?
effectively preserves the motion of source videos while creating frames suitable for characters, instead
of blindly copying the source motion and introducing artifacts. Our experiments demonstraié“that
exhibits signi cant visual advantages over the competitors.

Quantitative results. In line with previous studiesop, 28, 55, we evaluate methods using CLIP
score [14] and user study to assess frame consistency and textual align¢hgQLIP score To

3Stable Diffusion:https://huggingface.co/CompVis/stable-diffusion-v1-4
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