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Abstract

In this paper, we introduce zero-shot audio-video editing, a
novel task that requires transforming original audio-visual
content to align with a specified textual prompt without ad-
ditional model training. To evaluate this task, we curate
a benchmark dataset, AVED-Bench, designed explicitly for
zero-shot audio-video editing. AVED-Bench includes 110
videos, each with a 10-second duration, spanning 11 cat-
egories from VGGSound. It offers diverse prompts and
scenarios that require precise alignment between auditory
and visual elements, enabling robust evaluation. We iden-
tify limitations in existing zero-shot audio and video edit-
ing methods, particularly in synchronization and coherence
between modalities, which often result in inconsistent out-
comes. To address these challenges, we propose AVED,
a zero-shot cross-modal delta denoising framework that
leverages audio-video interactions to achieve synchronized
and coherent edits. AVED demonstrates superior results
on both AVED-Bench and the recent OAVE dataset to vali-
date its generalization capabilities. Our codes, data, and
results are available at https://genjib.github.
io/project_page/AVED/index.html

1. Introduction

Recent advancements in diffusion-based generative mod-
els [12, 20, 56, 59, 73] have demonstrated remarkable
progress in image [57, 63—-65, 67], video [4, 21, 24, 71, 83],
music [25, 41, 42, 45, 69, 77], and audio [9, 10, 26, 46,
48, 52] generation. While these models deliver impres-
sive quality, the development of adaptable and controllable
generative models for real-world applications remains chal-
lenging. This challenge stems from the difficulty of disen-
tangling specific attributes within diffusion models, limiting
fine-grained control over generated content. To address the
limitations of controllability in generative models, recent
work [1, 5, 35, 37, 54, 68, 91] has focused on enhancing
precision and flexibility in content creation. These mod-
els enable users to create and edit images with fine-grained
control, supporting applications like photo editing and per-
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E’;’Q A dog is barking... — Alion is roaring...

Figure 1. Key Challenges in Joint Audio-Video Editing. Exist-
ing methods primarily focus on zero-shot text-to-video [11, 50, 86]
or text-to-audio [31, 53, 82] editing separately. Solely editing only
video or only audio often leads to coherence and synchronization
issues between two modalities. As highlighted in red circle, the
motion or presence of sounding objects may not align with the
corresponding audio. Additionally, edited content may exhibit au-
dio artifacts along the temporal dimension (shown in the purple
squares). These factors make the edited results feel less natural
and cohesive. In contrast, our AVED jointly edits audio and video
by leveraging cross-modal information as additional supervision
to improve editing quality to alleviate synchronization issues.

sonalized content generation. While these approaches have
advanced image-based editing, achieving seamless and syn-
chronized edits across both audio and video modalities re-
mains challenging. However, such capabilities are increas-
ingly crucial for content creators, filmmakers, or digital
artists, who require intuitive tools to edit and modify mul-
timedia content efficiently. To illustrate the challenges of
audio-video editing, consider a scenario in Figure | where a
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Method Venue # Videos Modality
DreamMotion [28] ECCV’24 26 Video
RAVE [32] CVPR’24 31 Video
TokenFlow [16] ICLR’24 61 Video
AVED-Bench N/A 110 Video+Audio

Table 1. Existing Evaluation Sets in Video-Based Zero-Shot
Editing. Unlike prior video-only benchmarks, AVED-Bench in-
troduces both video and audio, which is more challenging and en-
ables a comprehensive evaluation of zero-shot audio-video editing.

dog is barking in a room. Suddenly, the dog transforms into
a fierce lion with a corresponding roar, enhancing suspense
and surprise. This scenario requires a model capable of not
only transforming the visual appearance of the dog into a
lion but also synchronously updating the audio to match the
new visual context—tasks that current single-modality edit-
ing approaches [16, 28, 31, 32, 53, 70, 72] struggle to ac-
complish.

Efficiently and seamlessly editing real-world audio-
video content without substantial computational overhead
remains challenging. It typically relies on additional
datasets [21, 23, 71, 82] or finetuning on pretrained text-
guided models [2, 33, 40]. To reduce these costs, recent
zero-shot methods have been proposed for video [1, 19,
32, 34, 61, 78, 80] and audio editing [31, 53] by lever-
aging pretrained text-to-image [13, 65, 91] and text-to-
audio [14, 46, 48] diffusion models. However, existing ap-
proaches are limited to single modalities and lack frame-
works designed for joint audio-video editing, highlighting a
gap in multimodal editing models and benchmarks.

To mitigate this gap, we introduce the AVED-Bench
dataset, manually curated from VGGSound [8]. Unlike
video-only datasets in Table 1, AVED-Bench contains a
rich diversity of natural audio-visual events. AVED-Bench
consists of 110 distinct 10-second videos across 11 cate-
gories, each paired with human-annotated source and tar-
get prompts across various categories, including animals,
human actions, and environmental sounds. Some exam-
ple prompts in AVED-Bench , such as a dog barking, gun
shooting, etc., present a unique challenge that requires pre-
cise control over audio-visual changes and synchronization.

To achieve fine-grained and synchronized editing across
audio and video, we propose AVED, a zero-shot cross-
modal delta denoising framework that jointly edits both
modalities while maintaining temporal and structural coher-
ence. Unlike existing methods for zero-shot video [16, 29,
32] or audio editing [47, 53], which process audio and video
independently, these approaches often result in a misalign-
ment between audio and visual content. Such limitations
occur because existing methods lack a unified approach to
aligning audio and video transformations holistically. To
address this, built upon score distillation [18, 28, 55, 60],
AVED iteratively refines the content by aligning the noise
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gradients with textual prompts and patch-level audio-visual
information. At each denoising step, AVED encodes au-
dio and video into a latent space guided by textual prompts
and enforces cross-modal consistency through a contrastive
loss at the patch level. This ensures that edits are coherent
and synchronized, maintaining both semantic meaning and
temporal consistency across modalities.

We validate AVED on AVED-Bench, a benchmark
dataset that we manually curated with human-annotated
prompts, which consists of a wide variety of natural audio-
visual events to evaluate the zero-shot audio-video editing
task effectively. Additionally, we evaluate AVED on the
OAVE dataset [44], which is designed for one-shot joint
audio-image editing tasks. The experimental results demon-
strate that our cross-modal design outperforms baselines fo-
cused solely on either video or audio editing [16, 28, 29, 32,
53].

2. Related Work
2.1. Joint Audio-visual Generation

Jointly generating audio-video content presents a challeng-
ing task compared to single-modal generation (i.e., video-
to-audio [7, 51, 58, 74, 81] or audio-to-video generation [3,
30, 39, 90]). Previous methods have addressed this by in-
troducing novel audio and video tokenizers for effective au-
toregressive multi-modal generation [27, 36, 66, 75, 76, 79],
training diffusion models on paired audio-video data [36,
66, 79], or combining multiple single-modal diffusion mod-
els with cross-modal alignment techniques [27, 75, 76].
While these methods have shown promising results in mod-
eling audio-video data, achieving precise control over the
generated content remains challenging, particularly when
editing audio-video inputs to align with specific prompts.

A recent study [44] investigates joint audio-image edit-
ing by finetuning pretrained text-to-image and text-to-audio
models on a small set of text-audio-image triplets (i.e., one-
shot setting) for each editing sample. Unlike audio-image
editing [44] or audio-video generation [36, 66, 79], we ex-
plore a new task, zero-shot audio-video editing, which is
inherently more challenging than image-only tasks due to
the rich temporal information across modalities (e.g., tem-
poral consistency and synchronization issues). Besides, the
proposed AVED eliminates the need for additional finetun-
ing of diffusion models, making it more computationally
efficient than the finetuned model [44].

2.2. Audio/Video Editing using Diffusion Models

Recent works [1, 18, 19, 28, 32, 34, 50, 53, 55, 60, 61,
78, 80, 92] leverage pretrained text-to-image [13, 65, 91]
and text-to-audio [26, 46, 48] to achieve content editing
based on text prompts. Among various of these tech-
niques [1, 18, 54], inverting source embeddings into noise
vectors, such as DDIM and DDPM inversion, achieves effi-
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Figure 2. Our AVED Framework. AVED performs zero-shot audio-video editing by employing a cross-modal delta denoising score
scheme to edit audio and video based on target prompts jointly. During the denoising process, relevance scores are computed between
audio/image regions and target textual prompts within the cross-attention module from the diffusion model. These scores identify prompt-
relevant regions (i.e., blue areas) and irrelevant patches, allowing selective editing of specific regions while preserving unaltered content.
Using this region information (obtained by randomly sampling patch indices), we define positive pairs as unaltered content consistent in
both the source and target branches and regions requiring edits across audio and video modalities. All other pairs are treated as negative
pairs. This design enables synchronized, high-fidelity edits aligned with target prompts, maintaining coherence across audio and video.

cient zero-shot editing for visual or audio data based on text
prompts. Text-based audio editing models [31, 53] lever-
age DDIM/DDPM inversion and pretrained diffusion mod-
els [14, 46, 48] to achieve zero-shot editing without model
finetuning or additional training datasets [82]. In video edit-
ing, recent works [11, 15, 16, 28, 32, 43, 50, 61, 84, 88,
89, 92] have extended diffusion-based image editing meth-
ods [18, 19, 54, 55] to the video domain by improving the
temporal consistency of edits in both zero-shot and few-shot
settings. In particular, these works [11, 43, 61] inflate spa-
tial self-attention layers to spatiotemporal layers to enhance
video frame coherence by leveraging the effectiveness of
inversion techniques. Another branch of work [16, 32, 86]
seeks to maintain the structure of source videos by incorpo-
rating structural cues, such as optical flow [16, 86], or depth
maps [29, 32].

Beyond inversion methods, Score Distillation Sampling
(SDS) [60] refine images and videos by calculating gra-
dients from pretrained diffusion models based on target
prompts. While SDS enables selective editing of prompt-
relevant areas, it can suffer from over-smoothing and
over-saturation. To mitigate this, Delta Denoising Score
(DDS) [18] introduces a reference branch with source and
target prompts for SDS and demonstrates promising edit-

7346

ing results on different tasks [28, 55]. However, these
approaches [16, 18, 31, 32, 53, 55], solely editing audio
and video, still suffer from the synchronization and coher-
ence issues across two modalities. To address these limita-
tions, we propose AVED with a cross-modal delta denoising
scheme that jointly leverages audio and video information.
This scheme provides cross-modal supervision to yield syn-
chronized and high-fidelity edits in both audio and video.

3. Method

This section defines the notations used for zero-shot audio-
video editing and provides an overview of the Delta De-
noising Score (DDS) [18]. We then introduce the cross-
modal denoising scheme in AVED, specifically designed
to facilitate zero-shot joint audio-video editing. Our ap-
proach leverages cross-modal supervision to improve the
coherence and quality of audio-visual edits.

3.1. Preliminaries

Video, Audio, and Text Inputs. Let z €
REXdvxWoxHo and z¢ ¢ RYaxWexHa represent the
latent features of video and audio, respectively, encoded
by a pretrained VAE [38], where F' denotes the number
of video frames. Here, W, and H, represent the width
and height of video frames, while W, and H, denote

v



the dimensions of the audio spectrogram. The channel
dimensions for video and audio embeddings are given by
d, and d,, respectively. Text prompts, denoted as y,.. and
Yirg> Specify the source (optional) and target descriptions
of the audio-video content. Following RAVE [32], we
shuffle the temporal order of video frames and process
them as a spatial grid, allowing a pretrained text-to-image
diffusion model to perform video-level editing. We
represent the video latent in a grid format of n, X ng
as z9 € RMxdoxWyxHy where M = F/ng x ng,
Wy =W, /ng, and Hy = H, /ng.

Delta Denoising Score (DDS). The Delta Denoising
Score (DDS) [18] extends the Score Distillation Sampling
(SDS) [60] by introducing a structured comparison between
two distinct textual inputs and the same image inputs, re-
ferred to as the source and target branches, for precise
editing. Here, the source branch represents the original,
unedited content, while the target branch aligns with the de-
sired edits specified by the target prompt. This approach
enables more precise control over modifications by refining
the difference between these branches. Specifically, the gra-
dient computation in DDS starts with noise prediction in a
text-conditioned diffusion model using classifier-free guid-
ance (CFG) [22], which is formulated as follows:

eg(ztayvt) = (1 +w)€¢(zt7y7t) - we¢(zt,@,t), (1)

where w is the guidance parameter, €4 denotes the noise
prediction network, and () is the null-text prompt. Here, y
represents either the source or target text prompt, and z; can
be an audio or image latent at a timestamp ¢ ~ (0, 1) sam-
pled from a uniform distribution. DDS computes gradients
based on both target and reference inputs, defined by the
following objective:

I,
2
where z;(6) represents the target latent, parameterized by 6.

z:(0) is iteratively updated in the direction of the gradient
V¢ Lpps to adjust toward the target prompt precisely.

EDDS (9, ytrg) = ||€Zi (zt (0)7 ytrga t) - Gg (ztv Ysre, t)

3.2. Cross-Modal Delta Denoising Scheme

We introduce a cross-modal delta denoising scheme to
improve the quality and coherence of audio-video edit-
ing by leveraging interactions between modalities during
each DDS process. Unlike single-modality approaches, our
method incorporates complementary information from both
audio and video, ensuring synchronized and contextually
consistent edits. We first identify prompt-relevant regions
in audio and video to achieve this. This is done by comput-
ing similarity scores within the cross-attention modules of
the diffusion layers. These scores indicate how well differ-
ent patches in the audio and video streams align with the
prompts. By applying thresholding, we classify relevant
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patches (aligned with the prompt) and irrelevant patches
(background or unchanged content). Once identified, we
sample pairs from the source (i.e., eg (24, Ysre, t)) and target
(i.e., €5(2t(0), Ytrg,t)) prompts. These sampled pairs serve
as the foundation for a contrastive loss, which enforces
alignment between corresponding regions across modali-
ties, improving synchronization and overall coherence.
Prompt-Relevant Patches. To identify regions in the au-
dio and video relevant to prompts, we leverage intermedi-
ate representations in the cross-modal attention layers of
pretrained diffusion models. By computing the similarity
between audio/video features (queries) and textual prompt
features (keys), we highlight areas aligned with prompts.

Let Q, € R™*4 and Q, € RM*"a*d pe the au-
dio and video query features, while K, € R™*¢ and
K, € RM*mxd represent their corresponding key features
derived from the target prompt. The similarity scores S are
computed as:

3)

i3 .5

S¢ = max (Q.K, ), ., SY=max(Q,K]),
J J

Here, S* € R™ and SV € R *"a represent the prompt rel-
evance scores for audio and video patches. To focus on the
most relevant regions, we apply max pooling across the text
dimension j. We then normalize the scores using min-max
normalization to ensure values range between 0 and 1 for
consistency. The final normalized scores, gﬁg and Sgg, will
be thresholded to distinguish relevant and irrelevant patches
for further processing.

Contrastive Loss for Denoising. Unlike typical con-
trastive loss, which typically maximizes the similarity be-
tween features in a batch (e.g., different audio-video sam-
ples), we leverage contrastive loss on relevant and irrelevant
patches within the same audio/video instance, which grad-
ually transforms over timesteps by the DDS process, to im-
prove coherence in audio-video editing. For example, when
editing a video where a dog transforms into a lion, we aim
to align audio and video regions such as the lion’s roar and
fur as positive pairs, while ensuring that the background or
unrelated objects remain unchanged. To preserve context,
irrelevant patches with the same spatial location in both the
source and target branches of each modality (e.g., back-
ground) are also treated as positive pairs. All other com-
binations are considered negative pairs to achieve precise
and contextually consistent edits.

To achieve this, we define Z;7 and Z; as indices for
patches in the target audio and video branches aligned with
a textual prompt, where S{‘rg > T OF gﬁg > T, with given
threshold 7, and 7,,. These relevant patches correspond to
areas that need editing, such as the sound and appearance
of the lion when it transforms from a dog. Similarly, 7
and Z, represent indices for patches in the target branch
that are not related to the prompt and do not require mod-



ification, such as background sounds or static visual ele-
ments where Strg < T, Or St’;g < T,. We then extract
audio embeddings h, € R"« a*da and video embeddings
h, € RM*"a*dv from the hidden states of cross-modal
attention layers to capture rich information for precise edit-
ing. To achieve more diverse views and robust editing, we
randomly sample embeddings for relevant regions from the
target branch:

H = {houei |1 €1},

a,trg

Hj Jrg

“4)
Here, H} and H; represent sets of relevant audio and
video embeddings sampled from the target branch. Simi-
larly, for irrelevant regions, we sample embeddings directly

from both the source and target branches:
H, ., ={houcilicZ, }, H_

a,src a,trg —
Hv sic {h%STCJ | (S Iv }’ Hv Jtrg

- {hv,trg,i

4)
Here, H, and H, represent sets of irrelevant audio and
video embeddings sampled from both branches. We then
apply a contrastive loss that encourages high similarity be-
tween positive pairs, including relevant patches and irrele-
vant patches matched by the same index across source and
target branches within the same modality while discourag-
ing similarity with unrelated negative pairs. The standard
contrastive loss is described as follows:

exp (sim(F%,Fi)/a)

L(Fz,Fy) __721 Z] L exp (sim(Fim,F]Q)/a)

(6)
where sim(-,-) denotes cosine similarity, N is the mini-
batch size, and « is a temperature parameter. Our final

cross-modal contrastive loss combines alignments as fol-
lows:

cmds - M Z < a ,trgy v src[ H [Hjtrg[‘] H;,src])
Lo ((H g 1] H ] T HE i [1]) )
(N

The proposed L.ngs not only leverages cross-modal in-
formation to improve editing quality, but also preserves
unedited content by considering unrelated patches across
branches in the same modality. For instance, when convert-
ing a barking dog into a roaring lion, the generated lion’s
roar (Hjmg) should be distinct from non-dog sounds in the
source audio (H, ), and the lion’s appearance (H;trg)
should differ from regions in the original video that lack
lion-related features (H, ). If d, and d,, differ in some
layers, we simply 1nterpolate to match the dimensions. The
final objective integrates this contrastive loss with DDS, for-
mulated as Lemds + LS (0; Yire)-!

Implementation details are provided in the supplementary material.

= {bo g |1 €L}

={hougili €L, },
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4. Experimental Setup

4.1. Downstream Datasets

« AVED-Bench?, our newly curated dataset, consists of
110 10-second videos in 11 distinct categories from
VGGSound [8], covering diverse scenes such as ani-
mals, objects, and environmental sounds. Each video
is paired with annotated source and target prompts that
specify audio-visual events and object categories. This
dataset provides a comprehensive benchmark for eval-
uating zero-shot audio-video editing capabilities.
OAVE [44] contains 44 categories, each with 10 im-
ages from a clip and separate audio and visual annota-
tions. It includes 25 prompt templates to modify either
the sounding object or the environmental context for
evaluating editing performance.

4.2. Evaluation Metrics

Following previous work [16, 18, 32, 53-55], we evalu-
ate our generated audio-video samples using several met-
rics: CLIP-F evaluates the consistency of edited frames
by calculating the similarity of frame-based CLIP embed-
dings [62]. CLIP-T evaluates the alignment between the
target prompt and the edited video by computing the CLIP
similarity [62] between each video frame and the prompt,
then averaging these similarity scores across all frames.
DINO emphasizes the preservation of the overall structure
between the source and target frames by computing cosine
similarity with self-supervised DINO-ViT embeddings [6].
Obj utilizes Grounding-DINO [49] to detect and assess the
presence and likelihood of target objects specified in the
prompt, evaluating how accurately these objects are gen-
erated. CLAP measures the cosine similarity between au-
dio and target prompt using the CLAP model [85], indi-
cating the fidelity of the edited sound. LPAPS evaluates
perceptual distance in source and target audio in CLAP
feature space [85] to provide an assessment of faithful-
ness/consistency between edited and source sound. AV-
Align [87] metric examines alignment between audio cues
and visual changes, low-level coherence in audio-visual
transitions. IB leverages ImageBind [17] embeddings to
assess audio-visual similarity to evaluate high-level audio-
visual coherence.

4.3. Human Evaluation

We conduct a human evaluation by asking subjects to se-
lect their preferred edited audio-video samples according to
their alignment with the target prompt. Specifically, given
a source (unedited) video and a pair of edited audio-video
samples, human raters are asked to select their preferred
sample based on the following question: Which video do
you think has the better editing quality overall? For each
question, subjects can choose one of the two methods or a

2Full annotations are included in the supplementary material.



Video-Only

Audio-Only

Joint AV

Video Model  Audio Model | CLIP-Ft CLIP-T{ Obj.t DINOT | CLAPt LPAPS| | IB.t AV-Alignt
ControlVideo [92] ~ SDEdit [54] | 0.883 0255  0.176  0.892 | 0.190 693 | 021 0.29
TokenFlow [16]  SDEdit[54] | 0.876 0252 0.173 0924 | 0.190 693 | 0.19 0.26
RAVE [32] SDEdit [54] | 0.885 0251  0.170 0.881 | 0.190 6.93 | 0.18 0.29
ControlVideo [92]  ZEUS [53] 0.883 0255  0.176  0.892 | 0.211 641 | 021 0.30
TokenFlow [16]  ZEUS [53] 0.876 0252 0.173 0924 | 0211 641 | 0.20 0.27
RAVE [32] ZEUS [53] 0.885 0251  0.170 0881 | 0211 641 | 0.18 0.31
RAVE [32] — Diff-Foley [51] 0.885 0251  0.170 0.881 | 0.191 733 | 0.16 0.35
Delta Denoising Score (DDS) [18] |  0.890 0250  0.175 0921 | 0210 593 | 0.20 0.33
AVED (Ours) 0.903 0260  0.180 0.956 | 0.226 555 | 0.23 0.42

Table 2. Comparison to the State-of-the-Art Zero-Shot Video and Audio Editing Models. We compare our AVED with baselines for
zero-shot video [16, 18, 32, 92] or audio [18, 53, 54] editing on AVED-Bench. Our evaluation metrics evaluate diverse aspects, including

video-only, audio-only, and joint audio-video editing quality.
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Figure 3. Human Evaluation. Human raters evaluate edited audio
and video quality based on alignment with the target text prompt.
We report the average human preference rate for each method. All
samples are presented in a random order to ensure unbiased as-
sessment.

third option, “Cannot tell.” Each subject evaluates five ran-
domly selected video pairs, with one sample always from
AVED. To prevent bias, the methods remain unknown to the
raters. We compare our AVED method against competing
approaches [16, 32, 92]. Results are reported as the average
human preference rate for each method. Our human study is
conducted with 300 subjects on Amazon Mechanical Turk.

4.4. Baselines

We compare our model to recent baselines in zero-shot
audio or video editing, evaluating each modality indepen-
dently due to the lack of joint audio-visual approaches. For
video editing, we assess: (i) RAVE [32], which uses pre-
trained text-to-image diffusion models and noise-shuffling
for temporally consistent edits, (ii) TokenFlow [16], which
maintains feature consistency through inter-frame corre-
spondences for high-quality edits without extra training,
and (iii) ControlVideo [92], which adapts ControlNet [91]
for training-free text-to-video generation using depth maps
and human poses. For audio editing, we evaluate: (i)
ZEUS [53], which edits via DDPM inversion and reversion
to edit sound, and (ii) SDEdit [54], which blends denoising
processes with initial noise to edit audio outputs. We imple-
ment a sequential baseline, RAVE [32] — Diff-Foley [51],

‘ Video-Only Audio-Only Joint AV
Method  |CLIP-T DINOT|CLAP{ LPAPS|| IB.t
ControlVideo [92]| 0.261 0.892 | 0.245 591 0.28
TokenFlow [16] 0.263 0.901 | 0.245 591 0.28
RAVE [32] 0.268 0.891 | 0.245 5.91 0.29
DDS 0.260  0.930 | 0.240 5.58 0.28
AVED | 0265 0959 | 0250 515 | 0.32

Table 3. Comparison on the OAVE Dataset. We evaluate AVED
on the OAVE dataset alongside leading zero-shot audio and video
editing models [16, 18, 32, 92]. The comparison includes video-
only, audio-only, and joint audio-video editing metrics. Since
OAVE emphasizes audio-image editing, metrics like CLIP-F and
AV-Align may be less applicable here.

where RAVE edits video first, followed by Dift-Foley for
audio generation. We also implement DDS [18], which ap-
plies the same methodology separately to audio and video
using image grids and shuffling. This evaluation allows us
to compare the performance of AVED with leading methods
in both domains.

5. Results and Analysis

5.1. Comparison with the State-of-the-Art

In Table 2, we present a detailed comparison of AVED
with the leading zero-shot video and audio editing mod-
els [16, 18, 32, 53, 54, 92] and the sequential baseline.
We evaluate performance on video-only, audio-only, and
joint audio-video metrics. For video-only metrics, AVED
consistently outperforms baseline models, achieving a no-
table increase in DINO scores (e.g., 0.956 vs. 0.921 for
DDS [18]), which highlights AVED’s strength in preserv-
ing visual coherence and structural fidelity between source
and edited video frames. Furthermore, AVED achieves the
highest CLIP-F, CLIP-T, and Obj. scores (0.903, 0.260, and
0.180, respectively), demonstrating its ability to maintain
frame consistency and align edits precisely with the target
prompt.
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Configuration DINOt LPAPS| AV-Alignt Configuration DINOt LPAPS| AV-Alignt
Baseline 0.921 5.93 0.33 Baseline 0.921 5.93 0.33
+ Audio-Only 0.921 5.60 0.36 Random A/V 0.930 5.83 0.35
+ Video-Only 0.937 5.60 0.38 Random A+V 0.902 6.32 0.28
AVED (+AV) 0.956 5.55 0.42 AVED 0.956 5.55 0.42
Table 4. Cross-Modal vs. Single-Modal Delta Denoising Table 5. Selecting Positive and Negative Pairs. We investigate

Schemes. We study AVED with single-modal delta denois-
ing schemes (”Audio-Only” and Video-Only”) and the baseline
(i.e., AVED without Eq. 7) across key metrics about faithfulness,
consistency, and audio-visual alignment on AVED-Bench.

For audio-only metrics, AVED achieves the highest
CLAP score (0.226) and the lowest LPAPS score (5.55).
Compared to DDS [18], ZEUS [53], and SDEdit [54],
AVED shows a significant improvement in LPAPS scores
(i.e., 5.55 vs. 5.93, 6.41, and 6.93) indicating superior per-
ceptual consistency between the source and edited audio.
We note that AVED also outperforms the sequential base-
line, achieving higher CLAP (0.226 vs. 0.191) and lower
LPAPS (5.55 vs. 7.33), demonstrating that the sequential
approach leads to degraded audio quality due to potential
imperfect results from edited videos.

For joint audio-video metrics, AVED demonstrates a
remarkable improvement, achieving over a 20% relative
improvement in AV-Align scores compared to baselines.
This result validates AVED ’s ability to synchronize vi-
sual and audio edits accurately, aligning actions and sounds
seamlessly. Furthermore, in the ImageBind (IB) score,
AVED also presents the highest score, suggesting a bet-
ter high-level audio-video alignment. Compared to the se-
quential baseline, AVED also achieves a higher IB (0.23
vs. 0.16) and AV-Align (0.42 vs. 0.35), indicating that the
sequential approach accumulates misalignment errors from
imperfect video edits and degraded audio quality.

In Table 3, we evaluate AVED on the OAVE dataset, a
recent benchmark for one-shot audio-image editing. Since
this task primarily focuses on audio-image editing, met-
rics such as CLIP-F and AV-Align are less applicable.
The results show that AVED outperforms baselines across
key metrics, achieving the highest DINO score (0.959 vs.
0.930) and the lowest LPAPS score (5.15 vs. 5.58), demon-
strating its ability to maintain coherence and structural fi-
delity within audio-visual content. Furthermore, AVED
achieves a notable increase in the IB score (0.32 vs. 0.29),
indicating a stronger alignment of audio-visual semantics.

The results in both AVED-Bench and OAVE [44] val-
idate the effectiveness of our cross-modal delta denois-
ing scheme in preserving structural consistency (DINO,
LPAPS), maintaining perceptual fidelity (CLIP-T, CLAP),
and ensuring aligned audio-visual content (AV-Align, IB).
These findings underline the necessity of joint audio-video

7350

how AVED determines positive and negative pairs without prior
knowledge of prompt-relevant patches. Similar to the setup in
AVED , we randomly sample indices without identifying prompt-
relevant patches. In the same modality, patches with the same in-
dex across different branches are treated as positive pairs ("Ran-
dom A/V”). For cross-modal settings (Random A+V), we assume
that corresponding audio and video patches are positive pairs.

editing, as sequential and single-modality approaches intro-
duce misalignment and degrade perceptual quality.

Human Evaluation. Figure 3 presents the results of
our human study to assess the overall quality of the edited
audio video based on alignment with the target prompt.
We report human preference rates, which indicate the per-
centage of raters who preferred AVED over each baseline
method. Each comparison is conducted between AVED and
the baseline methods, including ControlVideo [92], Token-
Flow [16], and RAVE [32]. As shown in Figure 3, approx-
imately 75% of participants preferred AVED over Con-
trolVideo, and over 60% favored AVED compared to To-
kenFlow and RAVE, highlighting AVED’s superior editing
quality.

5.2. Ablation Studies

Impact of Cross-Modal vs. Single-Modal Delta Denois-
ing Scheme. In Table 4, we analyze the impact of our
proposed cross-modal delta denoising scheme compared to
a single-modal denoising approach on AVED-Bench. The
single-modal denoising approaches (i.e., ”Audio-Only” and
”Video-Only” ) indicate that only one modality’s features
(either audio or video) are used in Eq. 7. Starting with the
baseline (i.e., DDS [18] baseline), we see improvements us-
ing single-modal schemes.

In the audio-only denoising scheme, we observe an
LPAPS reduction from 5.93 (Baseline) to 5.60, which
demonstrates greater consistency between edited and source
sounds, resulting in fewer artifacts and a notable improve-
ment in audio-visual alignment as shown by the AV-Align
metric increase from 0.33 to 0.36. A similar trend is
observed in the video-only denoising scheme, where the
DINO score increases from 0.921 to 0.937, indicating en-
hanced visual structure preservation of the source con-
tent. Significant improvements are observed when both au-
dio and visual information are integrated within the cross-
modal denoising scheme. Compared to the baseline, the
cross-modal approach increases the DINO score from 0.921
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Figure 4. Qualitative Zero-Shot Audio-Video Editing Results. We present qualitative results of audio-video editing for a video depicting
a transition from “Cat” to "Dog.” AVED is compared with video models, including ControlVideo [92], TokenFlow [16], and RAVE [32],
along with the audio model ZEUS [53]. The green circles highlight well-aligned motion matches in the video frames, while the black
rectangles emphasize precise audio matching. The blue rectangles indicate audio artifacts in the competing models, leading to the mis-

alignment between video actions and audio output.

to 0.956 and reduces LPAPS from 5.93 to 5.55, thus sig-
nificantly boosting the AV-Align metric from 0.33 to 0.42.
These results show the effectiveness of cross-modal design
in leading synchronized and coherent audio-video edits.
Impact of Selecting Positive and Negative Pairs. Next,
we study patch selection strategies in AVED without
prompt-relevant information in Table 5. The “Random
A/V” configuration, which samples positive pairs within the
same modality across source and target branches, slightly
improves the baseline (0.930 DINO, 5.83 LPAPS, 0.35 AV-
Align). Since most patches are unrelated to the editing
patches, even random selection provides some advantages.
Instead, the "Random A+V” configuration, assuming all
intra-branch audio-video pairs are positive, degrades per-
formance (0.902 DINO, 6.32 LPAPS, 0.28 AV-Align) since
the objects or sounds we aim to edit are usually limited
to specific regions. Our prompt-relevant selection yields
the best results (0.956 DINO, 5.55 LPAPS, 0.42 AV-Align),
confirming its importance for audio-video editing.

5.3. Qualitative Results

Figure 4 presents qualitative results of zero-shot audio-
video editing for a ”Cat” to "Dog” transition. AVED
is compared with video editing methods, including Con-
trolVideo [92], TokenFlow [16], RAVE [32], and the audio
model ZEUS [53]. The green circles highlight well-aligned
motion in the video frames to demonstrate that AVED accu-
rately transforms the visual appearance and motion, poten-
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tially producing sound. Besides, black rectangles empha-
size precise audio matching, demonstrating temporal con-
sistency with the source sound. In contrast, competing mod-
els exhibit misalignment, as indicated by blue rectangles
showing random audio artifacts that disrupt synchroniza-
tion. Overall, this qualitative comparison highlights the ef-
fectiveness of AVED ’s cross-modal delta denoising scheme
in achieving synchronized audio-video edits.

6. Conclusions

In this paper, we introduce AVED, a zero-shot audio-video
editing framework developed to address the novel task of
synchronized audio-visual editing. AVED proposes a cross-
modal delta denoising scheme that enables synchronized
and coherent edits by integrating interactions between au-
dio and video modalities. To support this task, we cu-
rate a benchmark dataset, AVED-Bench, which features di-
verse and challenging audio-visual editing scenarios paired
with human-annotated prompts. We evaluate AVED on
AVED-Bench and the OAVE dataset, demonstrating its su-
perior performance compared to existing single-modality
and joint editing baselines. AVED consistently achieves
strong coherence between original and edited content in
both modalities, as well as low-level coherence in audio-
visual transitions, validating the effectiveness of our cross-
modal approach for producing synchronized, high-quality
audio-video editing.
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