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ABSTRACT

Conditional diffusion models have exhibited superior performance in high-fidelity
text-guided visual generation and editing. Nevertheless, prevailing text-guided vi-
sual diffusion models primarily focus on incorporating text-visual relationships
exclusively into the reverse process, often disregarding their relevance in the for-
ward process. This inconsistency between forward and reverse processes may
limit the precise conveyance of textual semantics in visual synthesis results. To
address this issue, we propose a novel and general contextualized diffusion model
(CONTEXTDIFF) by incorporating the cross-modal context encompassing interac-
tions and alignments between text condition and visual sample into forward and
reverse processes. We propagate this context to all timesteps in the two processes
to adapt their trajectories, thereby facilitating cross-modal conditional modeling.
We generalize our contextualized diffusion to both DDPMs and DDIMs with the-
oretical derivations, and demonstrate the effectiveness of our model in evaluations
with two challenging tasks: text-to-image generation, and text-to-video editing. In
each task, our CONTEXTDIFF achieves new state-of-the-art performance, signif-
icantly enhancing the semantic alignment between text condition and generated
samples, as evidenced by quantitative and qualitative evaluations. Our code is
available at https://github.com/YangLing0818/ContextDiff

1 INTRODUCTION

Diffusion models (Yang et al., 2023b) have made remarkable progress in visual generation and
editing. They are first introduced by Sohl-Dickstein et al. (2015) and then improved by Song &
Ermon (2019) and Ho et al. (2020), and can now generate samples with unprecedented quality and
diversity (Rombach et al., 2022; Yang et al., 2023a; Podell et al., 2023; Yang et al., 2024a). As
a powerful representation space for multi-modal data, CLIP latent space (Radford et al., 2021) is
widely used by diffusion models to semantically modify images/videos by moving in the direction
of any encoded text condition for controllable text-guided visual synthesis (Yang et al., 2024b; Zhang
et al., 2024; Ramesh et al., 2022; Saharia et al., 2022b; Wu et al., 2022; Khachatryan et al., 2023).

Generally, text-guided visual diffusion models gradually disrupt visual input by adding noise
through a fixed forward process, and learn its reverse process to generate samples from noise in
a denoising way by incorporating clip text embedding. For example, text-to-image diffusion models
usually estimate the similarity between text and noisy data to guide pretrained unconditional DDPMs
(Dhariwal & Nichol, 2021; Nichol et al., 2022a), or directly train a conditional DDPM from scratch
by incorporating text into the function approximator of the reverse process (Rombach et al., 2022;
Ramesh et al., 2022). Text-to-video diffusion models mainly build upon pretrained DDPMs, and ex-
tend them with designed temporal modules (e.g., spatio-temporal attention) and DDIM Song et al.
(2020a) inversion for both temporal and structural consistency (Wu et al., 2022; Qi et al., 2023).
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(a) Conventional forward and reverse diffusion processes  (b) Contextualized forward and reverse diffusion processes

Figure 1: A simplified illustration of text-guided visual diffusion models with (a) conventional for-
ward and reverse diffusion processes, (b) our contextualized forward and reverse diffusion processes.
~x0 denotes the estimation of visual sample by the denoising network at each timestep.

Despite all this progress, there are common limitations in the majority of existing text-guided vi-
sual diffusion models. They typically employ an unconditional forward process but rely on a text-
conditional reverse process for denoising and sample generation. This inconsistency in the uti-
lization of text condition between forward and reverse processes would constrain the potential of
conditional diffusion models. Furthermore, they usually neglect the cross-modal context, which
encompasses the interaction and alignment between textual and visual modalities in the diffusion
process, which may limit the precise expression of textual semantics in visual synthesis results.

To address these limitations, we propose a novel and general cross-modal contextualized diffusion
model (CONTEXTDIFF) that harnesses cross-modal context to facilitate the learning capacity of
cross-modal diffusion models. As illustrated in Figure 1, we compare our contextualized diffusion
models with conventional text-guided diffusion models. We incorporate the cross-modal interactions
between text condition and image/video sample into the forward process, serving as a context-aware
adapter to optimize diffusion trajectories. Furthermore, to facilitate the conditional modeling in the
reverse process and align it with the adapted forward process, we also use the context-aware adapter
to adapt the sampling trajectories. In contrast to traditional textual guidance employed for visual
sampling process (Rombach et al., 2022; Saharia et al., 2022b), our CONTEXTDIFF offers a dis-
tinct approach by providing enhanced and contextually informed guidance for visual sampling. We
generalize our contextualized diffusion to both DDPMs and DDIMs for benefiting both cross-modal
generation and editing tasks, and provide detailed theoretical derivations. We demonstrate the effec-
tiveness of our CONTEXTDIFF in two challenging text-guided visual synthesis tasks: text-to-video
generation and text-to-video editing. Empirical results reveal that our contextualized diffusion mod-
els can consistently improve the semantic alignment between text conditions and synthesis results
over existing diffusion models in both tasks.

To summarize, we have made the following contributions: (i) To the best of our knowledge, We for
the first time propose CONTEXTDIFF to consider cross-modal interactions as context-aware trajec-
tory adapter to contextualize both forward and sampling processes in text-guided visual diffusion
models. (ii) We generalize our contextualized diffusion to DDPMs and DDIMs with thereotical
derivations for benefiting both cross-modal visual generation and editing tasks. (iii) Our CON-
TEXTDIFF achieves new state-of-the-art performance on text-to-image generation and text-to-video
editing tasks, consistently demonstrating the superiority of our CONTEXTDIFF over existing diffu-
sion models with both quantitative and qualitative comparisons.

2 RELATED WORK

Text-Guided Visual Diffusion Models Text-to-image diffusion models (Yang et al., 2023a; Podell
et al., 2023) mainly incorporate the text semantics into the image sampling process (Nichol et al.,
2022a) for cross-modal comprehension. Latent Diffusion Models (LDMs) (Rombach et al., 2022)
apply diffusion models on the latent space of powerful pretrained autoencoders for high-resolution
synthesis. RPG (Yang et al., 2024b) proposes a LLM-grounded prompt decomposition and utilizes
the multimodal chain-of-thought reasoning ability of MLLMs to enable complex/compositional im-
age generation. Regarding text-to-video diffusion models, recent methods mainly leverage the pre-
trained text-to-image diffusion models in zero-shot (Qi et al., 2023; Wang et al., 2023b) and one-shot
(Wu et al., 2022; Liu et al., 2023) methodologies for text-to-video editing. For example, Tune-A-
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Video (Wu et al., 2022) employs DDIM (Song et al., 2020a) inversion to provide structural guidance
for sampling, and proposes ef�cient attention tuning for improving temporal consistency. FateZero
(Qi et al., 2023) fuses the attention maps in the inversion process and generation process to preserve
the motion and structure consistency during editing. In this work, we for the �rst time improve both
text-to-image and text-to-video diffusion models with a general context-aware trajectory adapter.

Diffusion Trajectory Optimization Our work focuses on optimizing the diffusion trajectories that
denotes the distribution of the entire diffusion process. Some methods modify the forward process
with a carefully-designed transition kernel or a new data-dependent initialization distribution (Liu
et al., 2022; Dockhorn et al., 2021; Lee et al., 2021; Karras et al., 2022). For example, Recti�ed Flow
(Liu et al., 2022) learns a straight path connecting the data distribution and prior distribution. Grad-
TTS (Popov et al., 2021) and PriorGrad (Lee et al., 2021) introduce conditional forward process
with data-dependent priors for audio diffusion models. Other methods mainly parameterize the
forward process with additional neural networks (Zhang & Chen, 2021; Kim et al., 2022; Kingma
et al., 2021). VDM (Kingma et al., 2021) parameterizes the noise schedule with a monotonic neural
network, which is jointly trained with the denoising network. However, these methods only utilize
unimodal information in forward process (Yang et al., 2024a), and thus are inadequate for handling
complex multimodal synthesis tasks. In contrast, our CONTEXTDIFF for the �rst time incorporates
cross-modal context into the diffusion process for improving text-guided visual synthesis, which is
more informative and contextual guidance compared to text guidance.

3 PRELIMINARIES

Denoising Diffusion Probabilistic Models Diffusion models (Ho et al., 2020; Song et al., 2020b)
consider an unconditional forward process that gradually disturb the data distributionq(x 0) into
a tractable priorN (0; I ) with a gaussian kernel de�ned byf � 1; � 2; : : : ; � T g: q(x t jx t � 1) =
N (

p
(1 � � t )x t � 1; � t I ); which admits a close form of conditional distribution ofx t given x 0:

q(x t jx 0) = N (
p

�� t x 0; (1 � �� t )I ); where �� t =
Q t

i =1 (1 � � i ). Then a parameterized Markov
chainf p� (x t � 1jx t )gT

t =1 is trained match the distribution of the reversal of the forward process. The
training objective is a variational bound of the negative log likelihood of the data distributionq(x 0):

L = Eq[log
q(x 1:T jx 0; c)

p� (x 0:T jc)
] � Eq � logp� (x 0): (1)

q(x t � 1jx t ; x 0) admits a closed form gaussian distribution with the mean determined byx 0 andx t ,
thenp� (x t � 1jx t ) can be parameterized to gaussian kernel which mean is predict byx t .

Denoising Diffusion Implicit Models DDIMs generalize the forward process of DDPMs to non-
Markovian process with an equivalent objective for training. Deterministic DDIM sampling (Song
et al., 2020a) is one of ODE-based sampling methods (Lu et al., 2022; Song et al., 2020b) to generate
samples starting fromxT � N (0; I ) via the following iteration rule:

x t � 1 =
p

� t � 1
x t �

p
1 � � t � � (x t ; t)

p
� t

+
p

1 � � t � 1� � (x t ; t): (2)

DDIM inversion (Song et al., 2020a) can convert a real imagex0 to related inversion noise by
reversing the above process, which can be reconstructed by DDIM sampling. It is usually adopted
in editing task (Hertz et al., 2023; Mokady et al., 2022; Tumanyan et al., 2022; Qi et al., 2023).

4 METHOD

4.1 CROSS-MODAL CONTEXTUALIZED DIFFUSION

We aim to incorporate cross-modal context of each text-image(video) pair(c; x 0) into the diffusion
process as in Figure 2. We use clip encoders to extract the embeddings of each pair, and adopt an
relational network (e.g., cross attention) to model the interactions and alignments between the two
modalities as cross-modal context. This context is then propagated to all timesteps of the diffusion
process as a bias term (we highlight the critical parts of our CONTEXTDIFF in brown):

q� (x t jx 0; c) = N (x t ;
p

�� t x 0 + kt r � (x 0; c; t); (1 � �� t )I ); (3)
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Figure 2: Illustration of our CONTEXTDIFF.

where scalarkt control the magnitude of the bias term, and we set thekt to
p

�� t � (1 �
p

�� t ). r � (�) is
the relational network with trainable parameters� , it takes the visual samplex 0 and text condition
c as inputs and produces the bias with the same dimension asx 0.

Concretely, the forward process is de�ned asq� (x 1; x 2; :::; x T jx 0; c) =
Q T

t =1 q� (x t jx t � 1; x 0; c).
Given cross-modal contextr � (x 0; c; t), the forward transition kernel depends onx t � 1; x 0; andc :

q� (x t jx t � 1; x 0; c) = N (
p

� t x t � 1 + kt r � (x 0; c; t) �
p

� t kt � 1r � (x 0; c; t � 1); � t I ); (4)

where� t = 1 � � t . This transition kernel gives marginal distribution as Equation (3) (proof in
Appendix C.1). At each timestept, we add a noise that explicitly biased by the cross-modal context.
With Equation (3) and Equation (4), we can derive the posterior distribution of the forward process
for t > 1 (proof in Appendix C.1):

q� (x t � 1 jx t ; x 0 ; c) = N (
p

�� t � 1 � t

1 � �� t
x 0 +

p
� t (1 � �� t � 1)

1 � �� t
(x t � bt (x 0 ; c)) + bt � 1(x 0 ; c);

(1 � �� t � 1)� t

1 � �� t
I );

(5)

wherebt (x 0; c) is an abbreviation form ofkt r � (x 0; c; t), and we use it for simplicity. With Equa-
tion (5), we can simplify the training objective which will be described latter. In this way, we con-
textualize the entire diffusion process with a context-aware trajectory adapter. In CONTEXTDIFF,
we also utilize our context-aware context to adapt the reverse process of diffusion models, which en-
courages to align with the adapted forward process, and facilitates the precise expression of textual
semantics in visual sampling process.

4.2 ADAPTING REVERSEPROCESS

We aim to learn a contextualized reverse processf p� (x t � 1jx t ; c)gT
t =1 , which minimizes a varia-

tional upper bound of the negative log likelihood, as in Equation (1).p� (x t � 1jx t ; c) is gaussian
kernel with learnable mean and pre-de�ned variance. Allowing the forward transition kernel to de-
pend onx 0 andc, the objective functionL �;� of our CONTEXTDIFF can be formulated as (proof in
Appendix C.2):

L �;� = Eq� (x 1: T j x 0 ;c)

�
DKL (q� (x T jx 0; c)kp(x T jc)) � logp� (x 0jx 1; c)

+
X

t> 1

DKL (q� (x t � 1jx t ; x 0; c)kp� (x t � 1jx t ; c))
�
;

(6)

where� denotes the learnable parameters of denoising network in reverse process. Equation (6) uses
KL divergence to directly comparep� (x t � 1jx t ; c) against the adapted forward process posteriors,
which are tractable when conditioned onx 0 andc. If r � is identically zero, the objective can be
viewed as the original DDPMs. Thus CONTEXTDIFF is theoretically capable of achieving better
likelihood compared to original DDPMs.

Kindly note that optimizingL t = Eq� DKL (q� (x t � 1jx t ; x 0; c)kp� (x t � 1jx t ; c)) is equivalent to
matching the means forq� (x t � 1jx t ; x 0; c) andp� (x t � 1jx t ; c), as they are gaussian distributions
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with the same variance. According to Equation (5), directly matching the means requires to param-
eterize a neural network� � that not only predictingx 0, but also matching the complex cross-modal
context information in the forward process, i.e.,

L �;�;t =
�
�
�
� � � (x t ; c; t) �

p
�� t � 1� t

1 � �� t
x 0 �

p
� t (1 � �� t � 1)

1 � �� t
(x t � bt (x 0; c)) � bt � 1(x 0; c)

�
�
�
�2
2 (7)

Simpli�ed Training Objective Directly optimizing this objective is inef�cient in practice because
it needs to compute the bias twice at each timestep. To simplify the training process, we employ
a denoising networkf � (x t ; c; t) to directly predictx 0 from x t at each time step t, and insert the
predictedx̂ 0 in Equation (5), i.e.,p�;� (x t � 1jx t ; c) = q� (x t � 1jx t ; x̂ 0; c). Under mild condition,
we can derive that the reconstruction objectiveEjj f � � x 0jj2

2 is an upper bound ofL t , and thus an
upper bound of negative log likehood (proof in Appendix C.2). Our simpli�ed training objective is:

L �;� =
TX

t =1

� t Ex 0 ;x t jj f � (x t;� ; c; t) � x 0jj2
2; (8)

where � t is a weighting scalar. We setkT = 0 and there is no learnable parameters in
DKL (q(x T jx 0; c)kp(x T jc)) , which can be ignored. To adapt the reverse process at each timestep,
we can ef�ciently sample a noisy samplex t according to Equation (3) using re-parameterization
trick, which has included parameterized cross-modal contextkt r � (x 0; c; t), and then passesx t into
the denoising network. The gradients will be propagated tor � from the denoising network, and our
context-aware adapter and denoising network are jointly optimized in training.

Context-Aware Sampling During sampling, we use the denoising network to predictx̂ 0, and the
predicted context-aware adaptationr � (x̂ 0; c; t) is then used to contextualize the sampling trajectory.
Hence the gaussian kernelp� (x t � 1jx t ; c) has mean:

p
�� t � 1� t

1 � �� t
x̂ 0 +

p
� t (1 � �� t � 1)

1 � �� t
(x t � bt (x̂ 0; c)) + bt � 1(x̂ 0; c); (9)

wherebt (x̂ 0; c) = kt r � (x̂ 0; c; t), and variance(1 � �� t � 1 ) � t

1� �� t
I . In this way, our CONTEXTDIFF can

effectively adapt sampling process with cross-modal context, which is more informative and con-
textual guided compared to traditional text guidance (Rombach et al., 2022; Saharia et al., 2022b).
Next, we will introduce how to generalize our contextualized diffusion to DDIMs for fast sampling.

4.3 GENERALIZING CONTEXTUALIZED DIFFUSION TODDIM S

DDIMs (Song et al., 2020a) accelerate the reverse process of pretrained DDPMs, which are also
faced with the inconsistency problem that exists in DDPMs. Therefore, we address this problem by
generalizing our contextualized diffusion to DDIMs. Speci�cally, we de�ne a posterior distribution
q� (x t � 1jx t ; x 0; c) for each timestep, thus the forward diffusion process has the desired distribution:

q� (x t jx 0; c) = N (x t ;
p

�� t x 0 + bt (x 0; c); (1 � �� t )I ); (10)
If the posterior distribution is de�ned as:

q(x t � 1jx t ; x 0; c) = N (
p

�� t � 1x 0 +
q

1 � �� t � 1 � � 2
t �

x t �
p

�� t x 0p
1 � �� t

; � 2
t I ); (11)

then the mean ofq� (x t � 1jx 0; c) is (proof in Appendix C.1):

p
�� t � 1x 0 + bt (x 0; c) �

p
1 � �� t � 1 � � 2

tp
1 � �� t

(12)

To match the forward diffusion, we need to replace the adaptationkt r � (x 0; c; t) �
p

1� �� t � 1 � � 2
tp

1� �� t
with

kt � 1r � (x 0; c; t � 1). Given� 2
t = 0 , the sampling process becomes deterministic:

~x t � 1 =
p

�� t � 1x̂ 0 +
p

1 � �� t � 1 �
x t �

p
�� t x̂ 0p

1 � �� t

x t � 1 = ~x t � 1 � bt (x̂ 0; c) �
p

1 � �� t � 1p
1 � �� t

+ bt � 1(x̂ 0; c):
(13)

In this way, DDIMs can better convey textual semantics in generated samples when accelerating the
sampling of pretrained DDPMs, which will be evaluated in later text-to-video editing task.
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Figure 3:Qualitative comparison in text-to-image generation.Our model can better express the
semantics of the texts marked in blue. We use red boxes to highlight critical �ne-grained parts where
LDM and Imagen fail to align with texts.

5 EXPERIMENTS

We conduct experiments on two main text-guided visual synthesis tasks:text-to-image generation
(Sec. 5.1) and text-to-video editing (Sec. 5.2). We also extend our CONTEXTDIFF to other condi-
tional generation scenarios:class-to-image and layout-to-image (in Appendix B), to demonstrate
the generalization ability. For better understanding and explanation of our proposed contextualized
diffusion, we further provide some qualitative analysis on FID-CLIP trade-off (Sec. 5.3), model
convergence (Sec. 5.3) and heatmap visualization (Appendix A).

5.1 TEXT-TO-IMAGE GENERATION

Datasets and Metrics. Following Rombach et al. (2022); Saharia et al. (2022b), we use public
LAION-400M (Schuhmann et al., 2021), a dataset with CLIP-�ltered 400 million image-text pairs
for training CONTEXTDIFF. We conduct evaluations with FID and CLIP score (Hessel et al., 2021;
Radford et al., 2021), which aim to assess the generation quality and resulting image-text alignment.

Implementation Details. For our context-aware adapter, we use text CLIP and image CLIP (Rad-
ford et al., 2021) (ViT-B/32) to encode text and image inputs, and adopt multi-head cross attention
(Vaswani et al., 2017) to model cross-modal interactions with 8 parallel attention layers. For the
diffusion backbone, we mainly follow Imagen (Saharia et al., 2022b) using a64� 64base diffusion
model (Nichol & Dhariwal, 2021; Saharia et al., 2022a) and a super-resolution diffusion models
to upsample a 64 × 64 generated image into a 256 × 256 image. For64 � 64 ! 256 � 256
super-resolution, we use the ef�cient U-Net model in Imagen for improving memory ef�ciency. We
condition on the entire sequence of text embeddings (Raffel et al., 2020) by adding cross atten-
tion (Ramesh et al., 2022) over the text embeddings at multiple resolutions. More details about the
hyper-parameters can be found in Appendix E.

Quantitative and Qualitative Results Following previous works (Rombach et al., 2022; Ramesh
et al., 2022; Saharia et al., 2022b), we make quantitative evaluations CONTEXTDIFF on the MS-
COCO dataset using zero-shot FID score, which measures the quality and diversity of generated
images. Similar to Rombach et al. (2022); Ramesh et al. (2022); Saharia et al. (2022b), 30,000
images are randomly selected from the validation set for evaluation. As demonstrated in Tab. 1, our
CONTEXTDIFF achieves a new state-of-the-art performance on text-to-image generation task with
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Table 1:Quantitative results in text-to-image generationwith FID score on MS-COCO dataset
for 256 × 256 image resolution.

Approach Model Type FID-30K Zero-shot
FID-30K

DF-GAN (Tao et al., 2022) GAN 21.42 -
DM-GAN + CL (Ye et al., 2021) GAN 20.79 -
LAFITE (Zhou et al., 2022) GAN 8.12 -
Make-A-Scene (Gafni et al., 2022) Autoregressive 7.55 -

DALL-E (Ramesh et al., 2021) Autoregressive - 17.89
Stable Diffusion (Rombach et al., 2022) Continuous Diffusion - 12.63
GLIDE (Nichol et al., 2022b) Continuous Diffusion - 12.24
DALL-E 2 (Ramesh et al., 2022) Continuous Diffusion - 10.39
Improved VQ-Diffusion (Tang et al., 2022) Discrete Diffusion - 8.44
Simple Diffusion (Hoogeboom et al., 2023)Continuous Diffusion - 8.32
Imagen (Saharia et al., 2022b) Continuous Diffusion - 7.27
Parti (Yu et al., 2022) Autoregressive - 7.23
Muse (Chang et al., 2023) Non-Autoregressive - 7.88
eDiff-I (Balaji et al., 2022) Continuous Diffusion - 6.95
ERNIE-ViLG 2.0 (Feng et al., 2023) Continuous Diffusion - 6.75
RAPHAEL (Xue et al., 2023) Continuous Diffusion - 6.61

CONTEXT DIFF Continuous Diffusion - 6.48

Table 2: Quantitative results in text-to-video editing. Text. and Temp. denote CLIP-text and
CLIP-temp, respectively. User study shows the preference rate of CONTEXTDIFF against baselines
via human evaluation.

Metric User Study

Method Text." Temp." Text. (%)" Temp.(%)"

Tune-A-Video (Wu et al., 2022) 0.260 0.934 91 84
FateZero (Qi et al., 2023) 0.252 0.954 84 75
ControlVideo (Zhao et al., 2023) 0.258 0.961 81 73

CONTEXT DIFF 0.274 0.970 - -

6.48 zero-shot FID score, outperforming previous dominant diffusion models such as Stable Diffu-
sion (Rombach et al., 2022), DALL-E 2 (Ramesh et al., 2022), and Imagen (Saharia et al., 2022b).
We also make qualitative comparisons in Figure 3, and �nd that our CONTEXTDIFF can achieve
more precise semantic alignment between text prompt and generated image than previous methods,
demonstrating the effectiveness of incorporating cross-modal context into diffusion models. We
visualize more qualitative results in Appendix F.1.

5.2 TEXT-TO-V IDEO EDITING

Datasets and Metrics To demonstrate the strength of our CONTEXTDIFF for text-to-video edting,
we use 42 representative videos taken from DAVIS dataset (Pont-Tuset et al., 2017) and other in-the-
wild videos following previous works (Wu et al., 2022; Qi et al., 2023; Bar-Tal et al., 2022; Esser
et al., 2023). These videos cover a range of categories including animals, vehicles, and humans.
To obtain video footage, we use BLIP-2 (Li et al., 2023) for automated captions. We also use their
designed prompts for each video, including object editing, background changes, and style transfers.
To measure textual alignment, we compute average CLIP score between all frames of output videos
and corresponding edited prompts. For temporal consistency, we compute CLIP (Radford et al.,
2021) image embeddings on all frames of output videos and report the average cosine similarity
between all pairs of video frames. Moreover, We perform user study to quantify text alignment,
and temporal consistency by pairwise comparisons between the baselines and our CONTEXTDIFF.
A total of 10 subjects participated in this user study. Taking text alignment as an example, given a
source video, the participants are instructed to select which edited video is more aligned with the
text prompt in the pairwise comparisons between the baselines and CONTEXTDIFF.

Implementation Details In order to reproduce the baselines of Tune-A-Video (Wu et al., 2022),
FateZero (Qi et al., 2023), and ControlVideo (Zhao et al., 2023), we use their of�cial repositories
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Figure 4:Qualitative comparison in text-to-video editing, edited text prompt is denoted in color.
Our CONTEXTDIFF achieves best semantic alignment, image �delity, and editing quality.

for one-shot video tuning. Following FateZero, we use the trained Stable Diffusion v1.4 (Rom-
bach et al., 2022) as the base text-to-image diffusion model, and fuse the attention maps in DDIM
inversion (Song et al., 2020a) and sampling processes for retaining both structural and motion in-
formation. We fuse the attentions in the interval oft 2 [0:5 � T; T] of the DDIM step with total
timestep T = 20. For context-aware adapter, we use the same encoders and cross attention as in text-
to-image generation. We additionally incorporate spatio-temporal attention, which includes spatial
self-attention and temporal causal attention, into our context-aware adapter for capturing spatio-
temporal consistency. For each source video, we tune our adapter using source text prompt for
learning both context-aware structural and motion information, and use the learned adapter to con-
duct video editing with edited text prompt. Details about the hyper-parameters are in Appendix E.

Quantitative and Qualitative Results We report our quantitative and qualitative results in Tab. 2
and Figure 4. Extensive results demonstrate that CONTEXTDIFF substantially outperforms all these
baselines in both textual alignment and temporal consistency. Notably, in the textual alignment in
user study, we outperform the baseline by a signi�cant margin (over 80%), demonstrating the su-
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