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Change the man into a young woman with brown hair, wearing a gray blazer … and saying, “I really think we should give it another chance.”(b) Audio-Visual Instance Editing

Add a dark vintage sedan driving from the right to the left. (c) Audio-Visual Instance Insertion

(a) Identity-Preserving Speech Modification Keep the person’s identity and change the spoken words to “This is more than just art, it’s a statement.”

Remove the chipmunk standing on the stone surface among the peanuts.(d) Audio-Visual Instance Removal 

Fig. 1. InstructAV2AV achieves open-world instruction-guided audio-video joint editing. Given solely text instructions, it manipulates specified visual targets
and their audio tracks while faithfully preserving non-target backgrounds and ambient sounds. We demonstrate its versatility across four representative
scenarios: (a) Identity-preserving speech modification, changing the spoken words of the woman to a target sentence while strictly retaining her visual identity
and vocal timbre; (b) Audio-visual instance editing, replacing the speaking man with a young woman in a gray blazer alongside her synchronized voice; (c)
Audio-visual instance insertion, adding a dark vintage sedan driving across the scene and its engine sound; and (d) Audio-visual instance removal, erasing the
chipmunk and its scream from the environment. We highly encourage readers to view the supplementary video for dynamic results.

Recent diffusion-based methods have achieved impressive progress in video

content manipulation. However, they typically ignore the accompanying

audio, leaving the audio disjointed from the edited results. In this paper,

we propose InstructAV2AV, the first end-to-end framework for instruction-

guided audio-video joint editing. We first develop a scalable data synthesis
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pipeline and construct InsAVE-80K, the first large-scale audio-video editing

dataset with high-quality source-to-target pairs. With this data foundation,

we adapt an audio-video generation backbone to leverage its robust priors.

We concatenate the audio-video input with noisy latent codes to anchor the

source context, propose the source-instruction gated attention to improve

instruction following and content preservation, and introduce a two-stage

training strategy to effectively transfer these pre-trained priors. Extensive

experiments demonstrate that InstructAV2AV outperforms state-of-the-art

methods across 11 metrics spanning three aspects on two evaluation sets,

highlighting its potential for controllable content creation. Project page:

https://hjzheng.net/projects/InstructAV2AV/
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CCS Concepts: • Information systems→Multimedia content creation;
• Computing methodologies→Machine learning; Computer vision.

Additional Key Words and Phrases: Audio-Video Joint Generation

1 Introduction
Recent advances in diffusion-based video editing [Bai et al. 2025;

Wu et al. 2025a; Zi et al. 2025] have enabled complex visual content

manipulations guided by text instructions, demonstrating immense

potential in practical applications (e.g., content creation [Molad

et al. 2023], visual effects [Guo et al. 2024], and environment simula-

tion [Wang et al. 2024b]). However, real-world media is inherently

multimodal, where visual content is tightly synchronized with its

accompanying audio. Existing video editing methods primarily ma-

nipulate the visual modality while leaving the audio unchanged.

Consequently, when the edited visual content alters the identity,

action, or event source in a video, the original audio becomes tem-

porally or semantically disjointed from the edited result. This limita-

tion fundamentally motivates the exploration of audio-video editing

methods [Ishii et al. 2025; Zheng et al. 2025], which aim to con-

currently modify user-specified targets across both modalities to

produce coherent audio-visual results.

However, existing audio-video editing methods still struggle with

fine-grained controllability. Many prior efforts [Liang et al. 2024]

primarily focus on global scene transformations, which fundamen-

tally restricts their ability to selectively manipulate a specific object

and its accompanying audio. While recent methods [Lin et al. 2026;

Zheng et al. 2025] achieve instance awareness through the intro-

duction of spatial masks, this introduces tedious manual annotation

costs and hinders interactive applications. Other paradigms are ei-

ther confined to specific operations (e.g., object removal [Xu et al.

2025a]) or heavily reliant on dense auxiliary conditions (e.g., Canny
edges [Ben-Yosef et al. 2026]). These limitations highlight the urgent

need for an instruction-guided framework capable of performing

open-world audio-video joint editing using solely text instructions,

while inherently preserving non-target contexts and maintaining

strict audio-video synchronization.

In this paper, we propose InstructAV2AV, an end-to-end frame-

work for instruction-guided audio-video joint editing. As illustrated

in Figure 1, given a source audio-video sample and a text instruction

as inputs, InstructAV2AV jointly manipulates the specified visual

target and its corresponding audio track, while faithfully preserving

the original background, irrelevant objects, and non-target ambient

sounds. This paradigm enables a wide range of open-world audio-

video editing applications, including modifying the speech of an

active speaker (Figure 1 (a)), jointly replacing a visual object and its

sound source (Figure 1 (b)), inserting a new object and its synchro-

nized audio (Figure 1 (c)), and removing a specified instance and its

acoustic footprint (Figure 1 (d)).

Building a solid foundation for InstructAV2AV requires extensive

training data. Given the scarcity of such source-to-target paired

resources in the audio-visual domain, we design a scalable data

synthesis pipeline. Specifically, we develop a mask-guided model

for audio-sync video editing as our data engine. Following the strat-

egy of AVI-Edit [Zheng et al. 2025], we optimize this model using

source data, thereby generating large-scale paired target samples.

To ensure the fidelity of the synthesized data, we further introduce a

comprehensive filtering process with five rigorous criteria to discard

suboptimal samples, alongside additional human verification to en-

able a highly reliable benchmark. Ultimately, this pipeline produces

InsAVE-80K, the first large-scale instruction-guided audio-video

editing dataset, comprising 79K training and 1K evaluation samples

that include source media, synthesized targets, and text instructions.

Leveraging this foundational dataset, we build InstructAV2AV

upon a pre-trained audio-video generation model [Low et al. 2025]

and adapt it for instruction-guided joint editing. By conditioning

on the source audio and video latent codes as contextual references,

InstructAV2AV learns to predict the edited targets under the guid-

ance of text instructions. We propose the Source-Instruction Gated

Attention (SIGA) module to improve content preservation and in-

struction following via a learnable soft gate, enabling the noisy

latent code to concurrently integrate source features and the text

instruction. We further propose a two-stage training strategy to

effectively transfer the generative priors to the editing domain. By

independently adapting the video and audio branches before con-

ducting joint optimization, we facilitate smooth and robust model

convergence. Extensive experiments demonstrate the effectiveness

of InstructAV2AV for open-world audio-video joint editing.

Our contributions are summarized as follows:

• Wepropose InstructAV2AV, an end-to-end instruction-guided

audio-video joint editing framework, enabling open-world

fine-grained manipulations using solely text instructions.

• We construct InsAVE-80K, the first large-scale audio-video

editing dataset with source-to-target pairs and quality filter-

ing, as a data foundation for model training and evaluation.

• We propose the SIGA module to improve instruction fol-

lowing and content preservation via a soft gate, and the

two-stage training strategy for smooth model convergence.

2 Related Work

2.1 Instruction-guided Video Editing
The instruction-guided paradigm [Brooks et al. 2023; Hertz et al.

2022; Kawar et al. 2023] originates in the image domain (e.g., In-
structPix2Pix [Brooks et al. 2023]), where models edit visual content

based solely on text instructions rather than dense structural con-

ditions, thereby significantly reducing the user burden. With the

rapid development of large-scale video generation models [Kong

et al. 2024; Wan et al. 2025a; Yang et al. 2025], this editing paradigm

extends into the video field. Early video editing works rely on test-

time optimization techniques [Ouyang et al. 2023; Wu et al. 2023],

which achieve impressive temporal consistency but incur prohibi-

tively high computational costs during inference. To address this

inefficiency, researchers explore feed-forward InstructVid2Vid [Qin

et al. 2024]. However, these early attempts rely on simplistic frame-

level data synthesis, struggling with limited dataset diversity. To

overcome the data bottleneck, more recent works [Bai et al. 2025;

Wu et al. 2025a; Zi et al. 2025] introduce scalable data generation

pipelines. For instance, Señorita-2M [Zi et al. 2025] employs a com-

plex pipeline cascading multiple specialized vision expert models

to construct high-quality editing pairs. Despite these remarkable



InstructAV2AV: Instruction-Guided Audio-Video Joint Editing • 3

improvements, existing methods strictly focus on the visual modal-

ity. Therefore, we propose InstructAV2AV to address the neglect

of acoustic elements in real-world media, ensuring that the edited

visuals maintain temporally and semantically alignment with their

accompanying audio.

2.2 Audio-Video Joint Generation
Pioneering audio-video joint generation models [Liu et al. 2023;

Ruan et al. 2023] propose unified frameworks to synthesize audio

and video simultaneously. To pursue highly realistic and immer-

sive media, tech companies have developed powerful commercial

models [Google DeepMind 2025; OpenAI 2025] capable of generat-

ing high-fidelity audio-video results. These commercial successes

further motivate the research community to advance open-source

foundations. For instance, Ovi [Low et al. 2025] adopts a symmetric

twin-backbone diffusion transformer architecture, while UniVerse-

1 [Wang et al. 2025] and MOVA [Team et al. 2026] leverage mixture-

of-experts strategies to effectively fuse pretrained video and audio

representations. Furthermore, recent advancements like LTX-2 [Ha-

Cohen et al. 2026] and the JavisDiT series [Liu et al. 2025, 2026]

significantly enhance cross-modal alignment through decoupled

dual-stream architectures and hierarchical spatio-temporal prior

synchronization. Despite these remarkable generative capabilities,

directly transferring the generative priors of these foundational

models to editing tasks remains highly challenging. Therefore, we

design a scalable data synthesis pipeline to serve as a solid data foun-

dation, enabling us to effectively develop the first instruction-guided

audio-video joint editing framework.

2.3 Audio-Video Joint Editing
Audio-video joint editing fundamentally requires synchronizing

cross-modal semantic changes while strictly preserving non-target

inherent content. Early methods [Liang et al. 2024] attempt to

align audio-visual features by designing explicit cross-modal atten-

tion mechanisms for global scene transitions rather than instance-

level control. To achieve localized manipulations, CoherentAVEdit-

ing [Ishii et al. 2025] constructs a multi-stage pipeline to sequentially

generate edited visuals and subsequently synthesize the correspond-

ing audio track. Other paradigms [Ben-Yosef et al. 2026; Lin et al.

2026; Zheng et al. 2025] modify the generation backbone for explicit

spatial constraints. For instance, AVI-Edit [Zheng et al. 2025] injects

user-provided spatial masks into the generation process, while AV-

Control [Ben-Yosef et al. 2026] optimizes separately trained LoRA

adapters for conditional structural alignment. Unlike these existing

paradigms that rely on global scene transformations, cascaded gen-

eration pipelines, and dense structural injections, InstructAV2AV

introduces a unified architectural solution. By integrating the pro-

posed Source-Instruction Gated Attention (SIGA) module and a

tailored two-stage joint training strategy, our framework achieves

open-world fine-grained audio-video manipulations guided solely

by text instructions in an end-to-end manner.

3 Scalable Data Synthesis Pipeline
Given the scarcity of high-quality paired editing data, training

instruction-guided audio-video joint editing models at scale remains

a formidable challenge. To overcome this bottleneck, we propose a

scalable data synthesis pipeline to transform open-world raw media

into highly verified source-target pairs.

As illustrated in Figure 2, our pipeline includes three progressive

stages. First, we curate a diverse collection of source clips, applying

multi-stage filtering to ensure high-fidelity data quality and broad se-

mantic coverage (Sec. 3.1). Second, we introduce a mask-guided data

editing engine that automatically synthesizes editing instructions

and their corresponding edited targets, generating highly plausible

target data at scale (Sec. ??). Finally, we apply a comprehensive veri-

fication process to these synthesized samples, combining automatic

quality evaluation with targeted manual inspection (Sec. 3.3). We

compile these verified samples to construct InsAVE-80K, the first

large-scale foundational dataset tailored for instruction-guided joint

audio-video editing models.

3.1 Data Source Collection
We collect audio-video samples from publicly accessible online

platforms (e.g., YouTube) and publicly available datasets, includ-

ing MovieBench [Wu et al. 2025b], Condensed Movies [Bain et al.

2020], Short-Films-20K [Ghermi et al. 2024], and VGGSound [Chen

et al. 2020]. To improve data quality and ensure reliable audio-visual

correspondence, we apply a multi-stage preprocessing pipeline.

Video filtering. Following previous works [Blattmann et al. 2023;

Chen et al. 2025;Weng et al. 2025], we first use PySceneDetect [Castel-

lano 2024] to segment raw videos into single-shot clips, effectively

reducing abrupt shot transitions within each sample. Next, we adopt

a tracking-based approach to estimate frame-level motion. Specif-

ically, we sample points on a grid layout and track them using

CoTracker3 [Karaev et al. 2025] to obtain point trajectories. We

then compute the average frame-to-frame motion magnitude across

all tracked points over the entire video. Clips with an average mo-

tion magnitude below a predefined threshold are discarded as static

or low-motion samples. Finally, we use LAION Aesthetics Predic-

tor [Romain and Christoph 2022] to filter visually low-quality clips.

Audio filtering. We begin by removing silent clips below -45

dBFS using PyDub [Robert et al. 2018] and discard low-quality

audio via Audiobox-Aesthetics [Tjandra et al. 2025]. We then utilize

Qwen3-Omni [Xu et al. 2025b] to categorize the remaining clips

for content-specific filtering: (i) For speech-dominated clips, we

leverage TalkNet [Tao et al. 2021] to localize active speakers and

Scribe [ElevenLabs 2025] to extract precise speech timestamps. To

reduce off-screen speech, clips are retained only when the speech

is temporally aligned with a visible on-screen speaker. (ii) For non-
speech event clips, we filter out ambiguous sound sources to pre-

serve semantic clarity. Ultimately, each retained clip is assigned a

distinct semantic sound-event label (e.g., “dog barking”) based on

its dominant sound source.

3.2 Data Editing Engine
We design a data engine

1
to automatically transform open-world

clips into high-quality training data at scale. Given a source clip,

it localizes candidate sound sources, formulates fine-grained text

1
Please refer to supplementary materials for more details.
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Edited Video
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Quality SafetyContent Sync.Fidelity

“dog barking”

“dog barking”

A woman
saying …

Change …

Change the 
man into a 

woman, saying … 

Fig. 2. Overview of the scalable data synthesis pipeline for InsAVE-80K. (a) We curate open-world videos through a multi-stage audio-visual filtering process
to ensure high-fidelity video quality and unambiguous audio sources. (b) We annotate instance masks and formulate text instructions, which guide the
large-scale synthesis of target audio and corresponding videos, while preserving non-target components. (c) After applying a rigorous multimodal LLM
assessment and additional human verification across five criteria, we ultimately compile the highly reliable InsAVE-80K dataset.

instructions, and generates the corresponding audio-visual targets

while strictly preserving non-target content.

Instruction generation. For each source clip, we first use Grounded-
SAM-2 [Ren et al. 2024] to obtain instance-level masks for visual

entities, providing spatial grounding for subsequent manipulations.

Conditioned on these candidates and the source audio-visual context,

we employ Qwen3-Omni [Xu et al. 2025b] to formulate diverse text

instructions for comprehensive editing operations.

Audio processing. Given the entity mask, we use SAM-Audio [Shi

et al. 2025] to separate its original sound from the background audio.

Guided by the generated instruction, a text-to-audio model [Eleven-

Labs 2024] is used to synthesize the corresponding edited sound-

track. By seamlessly mixing this synthesized track with the back-

ground audio, we obtain the target audio track that faithfully pre-

serves non-target acoustic contexts.

Video processing. We further develop amask-guided editingmodel

to synthesize audio-synchronized target videos based on the gen-

erated instruction. Built upon Wan2.2-5B [Wan et al. 2025b], the

model utilizes the entity mask to restrict spatial modifications. We

incorporate audio features into the video backbone via frame-wise

cross-attention, ensuring strict temporal synchronization. Follow-

ing AVI-Edit [Zheng et al. 2025], we use a source-conditioned flow

matching objective, thereby eliminating manual annotation for the

engine’s model optimization.

3.3 Editing Target Verification
To prevent the synthesized editing targets from suffering from in-

struction mismatch, perceptual artifacts, or unintended contextual

changes, we introduce a rigorous verification pipeline to filter can-

didate source-target pairs and construct a highly reliable dataset.

Automatic assessment. We utilize a multimodal LLM [Xu et al.

2025b] to score each generated audio-video target along five dimen-

sions: (i) instruction fidelity for strict prompt adherence; (ii) content
preservation for unaltered non-target elements; (iii) perceptual qual-
ity for realism; (iv) audio-video synchronization for cross-modal

alignment; and (v) safety to filter inappropriate content. We retain

only the samples that simultaneously pass all five criteria.

Manual assessment. To construct the evaluation set, we perform

additional human verification on the automatically retained samples.

Specifically, 20 volunteers are divided into 10 judge pairs. Each

candidate sample is evaluated by five independent pairs, with one

pair assigned to each criterion. A criterion is passed only when both

judges in the pair agree. A sample is included in the evaluation set

only if it passes all five criteria. This process is repeated until 1K

high-quality evaluation samples are collected.

Dataset summary. We compile the verified source clips, editing

instructions, and edited audio-video targets into InsAVE-80K, the

Instruction-guided Audio-Video joint Editing dataset. InsAVE-80K

comprises 79K auto-verified training and 1K human-curated evalua-

tion pairs, containing 5s clips at 720p/24FPS with 16kHz audio. To
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(a) InstructAV2AV Architecture (b) Source-Instruction
Gated Attention

Gate Linear

Sigmoid
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with Source

Cross Attention
with Instruction

Noise

Source
Latent features

Editing
Instruction

Noisy
Latent features

× 𝑁

𝐺1 − 𝐺

Fig. 3. Illustration of our InstructAV2AV framework. Given audio-video sources and editing instructions, our framework effectively executes fine-grained
manipulations while preserving non-target contexts. (a) InstructAV2AV adopts a pre-trained dual-stream diffusion transformer architecture. Within each
block, the modalities first independently process internal dependencies via self-attention. The text instructions are then injected through our proposed SIGA
module, followed by bidirectional cross-modal attention to ensure strict temporal and semantic synchronization. (b) In the SIGA module, the noisy latent
concurrently interacts with both source and instruction features. The outputs are integrated via a learned soft gate, adaptively shifting the focus between
content preservation and instruction following.

our best knowledge, it is the first large-scale dataset with source-

target pairs for instruction-guided audio-video joint editing.

4 InstructAV2AV
Leveraging the large-scale source-to-target pairs in InsAVE-80K as

the data foundation, we propose InstructAV2AV, an end-to-end

instruction-guided framework for open-world audio-video joint

editing. First, we detail the approach to architecturally adapt an

audio-video generation model into an editing framework (Sec. 4.1).

Then, we introduce Source-Instruction Gated Attention (SIGA) to

improve content preservation and instruction following via a learn-

able soft gate (Sec. 4.2). Finally, we present a two-stage training

strategy to effectively transfer the generative priors to the editing

domain while enabling smooth convergence (Sec. 4.3).

4.1 Dual-Stream Editing Backbone
We formulate instruction-guided audio-video joint editing as a con-

ditional generation process. As illustrated in Figure 3 (a), Instruc-

tAV2AV takes audio-video sources {𝑥v, 𝑥a} and text instructions 𝐼 as
inputs to generate the edited audio-video results {𝑦v, 𝑦a}. Initially,
the source video and audio are encoded into latent codes {𝑧v

s
, 𝑧a

s
} =

{Ev (𝑥v), Ea (𝑥a)} using pre-trained spatial-temporal [Wan et al.

2025a] and 1D [Cheng et al. 2025] VAE encoders, respectively.

Architecture adaptation. To strictly anchor the editing process

to the source audio-video context, we concatenate the source la-

tent codes and the Gaussian noise along the channel dimension

for each modality. Structurally, InstructAV2AV adopts a symmetric

dual-stream diffusion transformer architecture following the stan-

dard audio-video generation model [Low et al. 2025]. Within this

framework, each modality first independently applies self-attention

to model its internal dependencies, capturing dynamic patterns. To

guide the semantic direction for fine-grained manipulations, the

editing instructions 𝐼 are encoded via T5 [Raffel et al. 2020] and

injected into the backbone through our proposed Source-Instruction

Gated Attention (SIGA). Finally, the video and audio branches ex-

change features via bidirectional cross-modal attention, ensuring

joint modeling for strict temporal and semantic synchronization.

Flow matching formulation. We formulate our dual-stream diffu-

sion transformer 𝑣𝜃 within a flow matching framework [Lipman

et al. 2023]. Given Gaussian noise 𝜖v, 𝜖a ∼ N(0, I), target edited
latent codes {𝑧v

1
, 𝑧a

1
} = {Ev (𝑦v), Ea (𝑦a)}, and a time step 𝑡 ∈ [0, 1],

the intermediate noisy latent codes are constructed as:

𝑧v

𝑡 = (1 − 𝑡)𝜖v + 𝑡𝑧v

1
, 𝑧a

𝑡 = (1 − 𝑡)𝜖a + 𝑡𝑧a

1
. (1)

Conditioned on the source latent codes {𝑧v

s
, 𝑧a

s
} and the instruction

embedding 𝐶I, we train the network to predict the target velocity

fields 𝑢v

𝑡 = 𝑧v

1
− 𝜖v

and 𝑢a

𝑡 = 𝑧a

1
− 𝜖a

:

(𝑢v

𝑡 , 𝑢
a

𝑡 ) = 𝑣𝜃
(
𝑡, (𝑧v

𝑡 , 𝑧
a

𝑡 ), (𝑧v

s
, 𝑧a

s
),𝐶I

)
. (2)

We then optimize the diffusion transformer by minimizing the loss:

LFM = E𝑡,{𝜖𝑚 ,𝑧𝑚
1
,𝑧𝑚

s
}𝑚∈{v,a},𝐼

[
𝜆v



𝑢v

𝑡 − 𝑢v

𝑡



2

2
+ 𝜆a



𝑢a

𝑡 − 𝑢a

𝑡



2

2

]
, (3)

where𝑚 ∈ {v, a} denotes the video and audio modalities, and 𝜆v =

0.85, 𝜆a = 0.15 are the empirical modality-balancing weights.

Inference. We sample Gaussian noise 𝑧v

0
, 𝑧a

0
∼ N(0, I) during infer-

ence, and transform them into edited clean latent codes by solving:

d

d𝑡
(𝑧v

𝑡 , 𝑧
a

𝑡 ) = 𝑣𝜃
(
𝑡, (𝑧v

𝑡 , 𝑧
a

𝑡 ), (𝑧v

s
, 𝑧a

s
),𝐶I

)
, (4)

from 𝑡 = 0 to 𝑡 = 1 using a numerical solver. The final denoised

latent codes {𝑧v

1
, 𝑧a

1
} are then passed through their respective pre-

trained VAE decoders to reconstruct the edited audio-video results

{𝑦v, 𝑦a} = {Dv (𝑧v

1
),Da (𝑧a

1
)}.

4.2 Source-Instruction Gated Attention
For the instruction-guided audio-video editing task, themodel should

preserve the original audio-video context while following the in-

struction context for the target semantic direction. However, since

InstructAV2AV relies solely on text instructions, it lacks explicit

spatial-temporal masks to localize the editing regions. Therefore,
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we propose the Source-Instruction Gated Attention (SIGA) to adap-

tively determine the dominant context for each individual token,

where the noisy latent code serves as a query to interact with both

source and instruction features via a learned soft gate.

As shown in Figure 3 (b), let 𝑓h denote the current noisy latent

features in a DiT block, 𝑓x denote the source latent features, and 𝑓c
denote the instruction features. To explicitly formulate the unified

querymechanism, the noisy latent 𝑓h is projected into a shared query

𝑄 = 𝑓h𝑊𝑄 , while the conditions are projected into their respective

key-value pairs: (𝐾x,𝑉x) from 𝑓x, and (𝐾c,𝑉c) from 𝑓c. With these

projections, SIGA concurrently attends to both conditional streams:

ˆ𝑓𝑚
h

= Attn(𝑄,𝐾𝑚,𝑉𝑚), for 𝑚 ∈ {x, c}, (5)

where Attn(·) denotes the standard scaled dot-product attention, ˆ𝑓 x

h

is responsible for preserving the original context, and
ˆ𝑓 c

h
represents

the targeted semantic modifications. To adaptively integrate these

two contexts, SIGA employs a learned soft gate to predict a token-

wise gating map 𝐺 and fuses the outputs:

𝐺 = 𝜎

(
𝑊𝑔 [ ˆ𝑓 x

h
;

ˆ𝑓 c

h
; 𝑓h]

)
, ˜𝑓h = (1 −𝐺) ⊙ ˆ𝑓 x

h
+𝐺 ⊙ ˆ𝑓 c

h
, (6)

where [·; ·] denotes channel-wise concatenation,𝑊𝑔 is a learnable

linear projection, 𝜎 (·) is the sigmoid activation, and ⊙ denotes

element-wise multiplication. As 𝐺 approaches zero, the network

prioritizes the source features to preserve non-target content. Con-

versely, as 𝐺 approaches one, it shifts focus to the instruction fea-

tures to execute targeted modifications.

4.3 Two-Stage Training Strategy
Directly fine-tuning the full audio-video model for joint editing

presents convergence challenges. It requires the network to simulta-

neously learn source preservation, instruction following, and com-

plex cross-modal synchronization, which complicates the optimiza-

tion process. To effectively transfer the pre-trained generative priors

to the editing domain, we present a two-stage training strategy.

Modality-specific training. In the first stage, we decouple the au-

dio and video branches to train them independently. Specifically, we

bypass the bidirectional cross attention between the two streams.

During optimization, we apply the flow matching objective to each

modality independently by updating one branch and omitting the

other. This decoupled training forces each branch to focus on trans-

ferring its modality prior without cross-modal interference.

Joint audio-video training. In the second stage, we unlock the full

architecture and jointly finetune the model with the bidirectional

cross-attention enabled. Initialized with the weights from the first

stage, the network learns to synchronize the visual and acoustic

edits. This forces the model to capture the fine-grained correlations

between visual movements and acoustic events, ensuring strict

temporal and semantic coherence in the final results.

5 Experiments

5.1 Experimental Setups
Training details. We initialize our model from the pre-trained

weights of the audio-video generation model [Low et al. 2025] and

train it at a resolution of 720p for audio-visual editing. Following

our two-stage strategy, the modality-specific training stage inde-

pendently optimizes the video and audio branches for 320K and

960K steps, respectively. Subsequently, the joint audio-video train-

ing stage finetunes the unified architecture for an additional 400K

steps. All experiments are conducted on 8 NVIDIA H100 GPUs,

using the AdamW [Loshchilov and Hutter 2017] optimizer with a

learning rate of 1 × 10
−5
.

Evaluation datasets. In addition to the 1K human-curated evalua-

tion split from our proposed InsAVE-80K, we assess the zero-shot

generalization of our framework on publicly available samples from

AvED-Bench [Lin et al. 2026].

5.2 Comparison with State-of-the-Art Methods
Instruction-guided audio-video joint editing is a highly emerging

field. To the best of our knowledge, we conduct a comparison against

all currently availablemethods in this domain: AvED [Lin et al. 2026],

AVI-Edit [Zheng et al. 2025], and CoherentAVEdit [Ishii et al. 2025].

All methods are evaluated under their default configurations. No-

tably, as AVI-Edit and CoherentAVEdit additionally rely on instance

masks, we provide them with ground-truth annotations, granting

them a substantial privilege during evaluation.

Quantitative comparisons. We conduct quantitative comparisons

from three complementary aspects: video, audio, and joint audio-

visual performance. (i) For the video modality, we measure gener-

ation quality via Fréchet Video Distance (FVD) [Unterthiner et al.

2018], text-video alignment (TV-A) using VideoCLIP-XL [Wang

et al. 2024a], temporal consistency (TC) through consecutive-frame

CLIP similarity [Radford et al. 2021], and background preservation

with the Structural Similarity Index Measure (SSIM) [Wang et al.

2004]. (ii) For the audio modality, we assess fidelity via Fréchet

Audio Distance (FAD) [Kilgour et al. 2018], text-audio alignment

(TA-A) with CLAP [Elizalde et al. 2023], and acoustic consistency

using LPAPS [Iashin and Rahtu 2021]. (iii) For the joint audio-visual
domain, we examine cross-modal alignment (AV-A) utilizing Im-

ageBind [Girdhar et al. 2023], overall synchronization quality via

PEAVS [Goncalves et al. 2024], and lip synchronization measured

by Sync-C (S-C) and Sync-D (S-D) [Chung and Zisserman 2017]. As

shown in Table 1, our model outperforms relevant methods across all

metrics. We provide the detailed definitions of evaluation protocols

in the supplementary material.

Qualitative comparisons. As shown in Figure 4, InstructAV2AV

demonstrates significant visual and acoustic improvements over

state-of-the-art methods [Ishii et al. 2025; Lin et al. 2026; Zheng

et al. 2025]. Specifically, AvED [Lin et al. 2026] struggles to maintain

visual temporal consistency and audio fidelity, leading to severe

frame-wise flickering and disturbing audio artifacts (Figure 4, left

and right). CoherentAVEdit [Ishii et al. 2025] fails to synthesize

the target speech (Figure 4, left), while AVI-Edit struggles with

preserving the non-target flame sound (e.g., Figure 4, right). In

contrast, our InstructAV2AV accurately modifies the target audio-

visual content while faithfully preserving non-target contexts.

User preference study. To further evaluate perceptual quality, we

conduct a user study assessing human preference. Given the source



InstructAV2AV: Instruction-Guided Audio-Video Joint Editing • 7
AV

I-E
di

t
Av

ED
C

oh
er

en
tA

VE
di

t
In

st
ru

ct
AV

2V
 (O

ur
s)

Change the man into a woman with long dark hair, wearing a red and black… and 
saying, “Wait, what? That can't be right… Oh no, did I just miss the deadline now?”

In
pu

t

Make the horse dark brown with a white saddle.

Fig. 4. Qualitative comparison results with state-of-the-art methods for audio-video joint editing.

Table 1. Quantitative experiment results of comparison and ablation. ↑ (↓) means higher (lower) is better. Best performances are highlighted in bold.

Method

InsAVE-80K AvED-Bench

Video Eval Audio Eval A-V Eval Video Eval Audio Eval A-V Eval

FVD↓ TV-A↑ TC↑ SSIM↑ FAD↓ TA-A↑ LPAPS↓ AV-A↑ PEAVS↑ S-C↑ S-D↓ FVD↓ TV-A↑ TC↑ SSIM↑ FAD↓ TA-A↑ LPAPS↓ AV-A↑ PEAVS↑

Comparison with State-of-the-Art Methods

AvED 305.41 24.68 94.73 90.78 2.86 29.89 1.80 26.44 3.15 2.98 9.42 538.99 24.08 94.01 73.09 4.68 31.50 1.72 23.40 2.94

CoherentAVEdit 326.63 25.18 95.60 93.26 8.01 32.47 2.13 22.67 3.20 1.25 12.55 529.85 24.13 95.18 91.96 7.72 34.19 1.93 20.86 2.80

AVI-Edit 205.34 25.15 95.45 90.66 5.09 30.07 1.87 26.37 2.54 4.06 9.25 372.37 23.79 95.24 89.20 7.65 29.35 1.67 23.21 2.50

InstructAV2AV (Ours) 180.38 25.23 95.65 93.84 2.75 34.96 1.77 27.72 3.24 4.67 8.96 227.82 24.26 95.27 92.72 4.32 35.89 1.58 23.71 3.20

Ablation Study

W/o SC 467.20 25.08 95.58 49.97 4.20 34.00 1.96 26.57 3.21 4.56 9.48 654.16 23.87 94.10 39.90 7.71 32.50 1.79 22.28 3.15

W/o SIGA 187.28 24.90 95.52 93.65 3.26 34.50 1.88 26.40 3.05 4.38 9.16 314.82 23.10 95.15 86.29 6.58 34.17 1.65 20.99 2.70

W/o TSTS 291.55 24.87 94.96 85.63 5.18 34.80 2.05 25.12 3.19 4.12 9.56 327.97 23.40 94.51 72.78 6.37 33.51 1.84 20.82 3.11

Table 2. Percentage (%) of user preference study results.

Method

InsAVE-80K AvED-Bench

AVS TA OP AVS TA OP

AvED 1.40 2.60 0.80 1.80 3.40 2.20

CoherentAVEdit 17.00 20.60 18.60 18.40 23.20 23.00

AVI-Edit 32.60 31.40 34.00 33.00 31.60 31.20

InstructAV2AV (Ours) 49.00 45.40 46.60 46.80 41.80 43.60

audio-video inputs and editing instructions, participants are pre-

sented with the edited results from InstructAV2AV and the compari-

son methods, and are asked to choose the best result based on three

criteria: (i) Audio-Video Synchronization (AVS): The output with
the most precise temporal and semantic alignment across modalities.

(ii) Text Alignment (TA): The output that most accurately follows

the provided editing instruction. (iii) Overall Preference (OP): The
most preferred clip considering holistic audio-visual quality. We

randomly select 20 samples from each evaluation dataset and recruit
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Fig. 5. Ablation study results of different InstructAV2AV variants.

25 volunteers to provide independent evaluations. As shown in Ta-

ble 2, our model significantly outperforms the baselines, achieving

the highest preference scores across all evaluated dimensions.

5.3 Ablation Study
To evaluate the effectiveness of key components of InstructAV2AV,

we conduct ablation studies as shown in Table 1 and Figure 5.

W/o Source Concatenation (SC).. We remove the concatenation

of the source latent codes and feed the noisy latent codes directly

into the framework. Without this structural source condition, the

framework fails to preserve non-target contexts (e.g., the drastically
altered backgrounds in Figure 5, left and right).

W/o Source-Instruction Gated Attention (SIGA).. We replace the

proposed SIGA module with standard text cross-attention. This

significantly degrades instruction-following capabilities, leading to

audio hallucinations and stuttering artifacts (e.g., an unnatural extra

“t” sound after the word “wait” in Figure 5, left).

W/o Two-Stage Training Strategy (TSTS).. We discard the two-

stage training strategy and directly fine-tune the entire framework.

This abrupt optimization exposes the model to a large domain gap,

yielding visually distorted and inconsistent editing results (e.g., the
severe abnormal lighting in Figure 5, left and right).

5.4 Applications
In addition to the four application scenarios illustrated in Figure 1

(i.e., identity-preserving speech modification, audio-visual instance

editing, audio-visual instance insertion, and audio-visual instance

removal), we present three additional applications: (i) Appearance-
preserving modification: preserving the visual appearance of the

target speaker while jointly modifying the spoken content and vocal

timbre (Figure 6 (a)); (ii) Content-preserving modification: preserv-

ing the original spoken content while jointlymodifying the visual ap-

pearance and vocal timbre (Figure 6 (b)); and (iii) Timbre-preserving

modification: preserving the target vocal timbre while jointly mod-

ifying the spoken content and speaker appearance (Figure 6 (c)).

By independently manipulating these fine-grained attributes, we

demonstrate the framework’s robust controllability, precise editing

capabilities, and strong attribute disentanglement.

6 Conclusion and Limitation
In this paper, we propose InstructAV2AV, the first end-to-end frame-

work for open-world audio-video joint editing, using solely text

instructions. To provide sufficient high-quality training data, we

design a scalable data synthesis pipeline and construct InsAVE-80K,

the first large-scale audio-video editing dataset with source-to-target

pairs. Architecturally, we build our framework upon a foundational

audio-video generation model. To anchor the source context, we

concatenate the audio-video source with noisy latent codes for
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(a) Appearance-Preserving Modification Keep the person‘s appearance, change the timbre to a man, and change the spoken words to "I understand, but I think we need to consider."

Keep the spoken content, and change the man to a woman dressed in a dark blazer over a red sweater.(b) Content-Preserving Modification

Keep the timbre, change the woman to a red-haired woman wearing a white shirt, and change the spoken words to "I came here to tell you that you should to go."(c) Timbre-Preserving Modification

Fig. 6. Examples of additional application scenarios for our proposed InstructAV2AV framework.

(a) Identity-Preserving Speech Modification Keep the person’s identity and change the spoken words to “I really think we should try our best to do it.”

(b) Audio-Visual Instance Editing Change the woman in the middle to a man dressed in a dark suit with a tie, and saying, “We need to finalize the proposal by tomorrow.”

(c) Audio-Visual Instance Insertion Add a woman with shoulder-length brown hair near the left person, wearing a gray V-neck top … and saying, “Uh, wow! He was so nice.”

(d) Audio-Visual Instance Removal Remove the small airplane flying low over the lake.

Fig. 7. Additional qualitative results of InstructAV2AV.

each modality. We further introduce the source-instruction gated

attention module to improve content preservation and instruction

following. Additionally, a tailored two-stage training strategy is

proposed to achieve smooth model convergence. Extensive experi-

ments demonstrate that InstructAV2AV consistently outperforms

state-of-the-art baselines across 11 metrics spanning three aspects
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Table 3. Capability comparison of audio-video editing methods.

Method Train-based End-to-end Mask-free Text-guided Human speech General audio

One-Shot [Liang et al. 2024] × × ✓ ✓ × ✓
AvED [Lin et al. 2026] × × ✓ ✓ × ✓
CoherentAVEdit [Ishii et al. 2025] ✓ × × ✓ × ✓
Object-AVEdit [Fu et al. 2025] ✓ × × ✓ × ✓
AVI-Edit [Zheng et al. 2025] ✓ ✓ × ✓ ✓ ✓

InstructAV2AV (Ours) ✓ ✓ ✓ ✓ ✓ ✓

on two evaluation sets. By enabling fine-grained attribute disentan-

glement and flexible control, we believe our framework paves the

way for highly controllable audio-visual content creation.

As our framework is built upon a foundational audio-video gener-

ation model, the quality of the edited results is inherently tied to the

underlying backbone, thus inheriting its common failure modes. For

instance, the model may struggle with maintaining physical realism

during complex object interactions, ensuring lighting consistency in

multi-source environments, and preserving 3D spatial consistency

or object permanence during extensive camera movements. How-

ever, we believe that with the rapid advancement of the generative

AI field, these base model limitations will be progressively alleviated.

Furthermore, our framework is highly flexible and can be seamlessly

integrated with future state-of-the-art generation models to directly

benefit from their improvements.

7 Appendix

7.1 Editing Capability Comparison
We present a capability comparison between InstructAV2AV and

existing methods in Table 3. To the best of our knowledge, Instruc-

tAV2AV is the first end-to-end open-world audio-video joint editing

framework using solely text instructions. Specifically, our frame-

work demonstrates the following two key advantages:

Mask-free editing. Compared to CoherentAVEdit [Ishii et al. 2025],

Object-AVEdit [Fu et al. 2025], and AVI-Edit [Zheng et al. 2025],

which rely on explicit instance masks or bounding boxes for spatial

grounding, InstructAV2AV operates solely on text instructions to

achieve precise instruction following and content preservation for

audio-video joint editing.

End-to-end editing. Compared to One-Shot [Liang et al. 2024],

AvED [Lin et al. 2026], CoherentAVEdit [Ishii et al. 2025], and

Object-AVEdit [Fu et al. 2025], which lack end-to-end training, In-

structAV2AV achieves strict temporal and semantic synchronization

within a unified end-to-end framework, effectively handling diverse

open-world scenarios (e.g., human speech and general audio).

7.2 Detailed Metric Definitions
We provide complete definitions and implementation details for all

evaluation metrics used in our experiments, organized into three

complementary aspects: video modality, audio modality, and joint

audio-video domain.

7.2.1 Video Metrics.

Fréchet Video Distance (FVD).. We adopt the FVD metric [Un-

terthiner et al. 2018] to evaluate the overall visual realism and

spatiotemporal coherence of the generated results. Using a Video-

MAE [Tong et al. 2022] ViT-g/Hybrid backbone, we extract features

from all frames in each video at a resolution of 256 × 256 with a

temporal stride of 1. The FVD score is then computed as the Fréchet

distance between the real and generated feature distributions:

FVD =


𝜇r − 𝜇g



2

2
+ Tr

(
Σr + Σg − 2

(
ΣrΣg

)
1/2

)
, (7)

where 𝜇 and Σ denote the mean and covariance of the VideoMAE

feature distributions computed over all real and generated samples,

respectively.

Text-Video Alignment (TV-A).. TV-A quantifies the semantic align-

ment between the editing instruction and the edited video using

VideoCLIP-XL [Wang et al. 2024a]. For each video, we uniformly

sample 8 frames, resize them to 224 × 224, and extract visual fea-

tures via the VideoCLIP-XL vision encoder. The text instruction is

encoded by the VideoCLIP-XL text encoder. Both feature vectors

are ℓ2-normalized, and the alignment score is their cosine similarity:

TV-A = cos (𝑒text, 𝑒video) . (8)

Temporal Consistency (TC).. TC measures the smoothness and

coherence of the edited video across frames. We encode every frame

of the edited video using CLIP [Radford et al. 2021] ViT-B/32 and ℓ2-

normalize the resulting image features. We report the mean cosine

similarity between temporally adjacent frames:

TC =
1

𝑇 − 1

𝑇−1∑︁
𝑡=1

cos

(
𝑒
(𝑡 )
frame

, 𝑒
(𝑡+1)
frame

)
. (9)

Structural Similarity (SSIM).. We compute the SSIM between the

source and edited video frames to evaluate the overall structural

accuracy. For each frame 𝑡 , we compute the full-frame SSIM score

using the skimage library, and then average the SSIM values across

all frames:

SSIM =
1

𝑇

𝑇∑︁
𝑡=1

SSIMscore (𝑡) . (10)

7.2.2 Audio Metrics.
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Fig. 8. Illustration of our mask-guided audio-sync video editing data engine. Three conditioning mechanisms are integrated into the Wan2.2-5B backbone:
mask concatenation for spatial grounding, EMO2-style audio cross-attention for temporal synchronization, and reference token concatenation for appearance
preservation.

Fréchet Audio Distance (FAD).. We compute FAD using the official

frechet_audio_distance library with the VGGish backbone [Di-

wakar and Gupta 2024]. Audio waveforms are resampled to 16 kHz.

We disable PCA and activation clipping to obtain raw VGGish em-

beddings. The FAD score is the Fréchet distance between the real

and generated audio feature distributions, following the same for-

mulation as FVD.

Text-Audio Alignment (TA-A).. TA-A measures the semantic con-

sistency between the editing instruction and the edited audio using

CLAP [Elizalde et al. 2023]. We encode the edited audio waveform

and the text instruction via the CLAP audio and text encoders, re-

spectively. Both embeddings are ℓ2-normalized, and the alignment

score is their cosine similarity:

TA-A = cos (𝑒text, 𝑒audio) . (11)

Learned Perceptual Audio Patch Similarity (LPAPS).. In addition

to the CLAP-level similarity, we compute LPAPS [Iashin and Rahtu

2021] as a layer-wise perceptual distance. We extract hidden states

from all layers of the CLAP audio encoder for both source and edited

audio, ℓ2-normalize each hidden state, and compute the spatially

averaged ℓ2 distance across layers:

LPAPS =

𝐿∑︁
𝑙=1

Avg

(


 ˆℎsrc

𝑙
− ˆℎedit

𝑙




2

2

)
, (12)

where
ˆℎ𝑙 denotes the ℓ2-normalized hidden state at layer 𝑙 , and

Avg(·) denotes averaging over all spatial dimensions.

7.2.3 Audio-Video Metrics.

Audio-Video Alignment (AV-A).. AV-A evaluates the semantic co-

herence between the edited video and edited audio using Image-

Bind [Girdhar et al. 2023]. We encode the edited video and audio

using ImageBind-huge to obtainmodality-specific embeddings. Both

embeddings are ℓ2-normalized, and the alignment score is the cosine

similarity between the video and audio embeddings:

AV-A = cos

(
𝑒 IB

video
, 𝑒 IB

audio

)
. (13)

Perceptual Evaluation of Audio-Visual Synchrony (PEAVS).. PEAVS
measures the perceptual quality of audio-video synchronization

using the official avgen-eval-toolkit [Goncalves et al. 2024]. We

run the PEAVS feature extraction pipeline followed by the metric

prediction script, which outputs a predicted mean opinion score for

audio-visual synchronization quality.

Sync-C (S-C) and Sync-D (S-D).. Sync-C and Sync-D are lip syn-

chronization metrics derived from SyncNet [Chung and Zisserman

2017]. We use the SyncNet pipeline with a batch size of 20, a tem-

poral search radius of vshift=15 frames, face detection scale of

0.25, and crop scale of 0.40. Sync-C measures the confidence of lip-

audio correspondence (higher is better), while Sync-D quantifies

the desynchronization distance in milliseconds (lower is better).

7.3 Data Engine: Mask-Guided Editing Model
In this section, we provide a detailed description of the mask-guided

audio-sync video instance editing model used in our data synthesis

pipeline (Sec 3.2).

7.3.1 Model Architecture.
Our data engine builds upon Wan2.2-5B [Wan et al. 2025b], a pre-

trained video diffusion model. To enable audio-sync mask-guided

editing, we introduce three modifications, as shown in Figure 8.

Mask-guided spatial conditioning. Given a source video clip and its
corresponding entitymask𝑀 ∈ {0, 1}𝑇×𝐻×𝑊

produced byGrounded-

SAM-2 [Ren et al. 2024], we inject the mask into the denoising pro-

cess to explicitly constrain spatial modifications. Specifically, the

mask is concatenated with the noisy latent codes along the channel

dimension before being fed into the diffusion transformer:

𝑧𝑡 = Concat (𝑧𝑡 , ; Downsample(𝑀)) , (14)

where Downsample(·) maps the binary mask to the spatial resolu-

tion of the latent code.

Audio feature injection. To ensure temporal and semantic synchro-

nization between the edited video and audio, we incorporate audio

features into the video backbone via frame-wise cross-attention.
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Following EMO2 [Tian et al. 2025], we apply a layer-wise weighted

average to aggregate features from all layers of the audio encoder:

𝑒
(𝑡 th frame )
audio

=

𝐿∑︁
𝑙=1

𝛼𝑙 · 𝑒 (𝑙,𝑡
th frame )

audio
, (15)

where 𝛼𝑙 are learnable scalar weights, and 𝑒
(𝑙,𝑡 th frame)
audio

is the au-

dio feature corresponding to the 𝑡-th video frame at layer 𝑙 . The

aggregated audio representation is then injected into each video

transformer block through frame-wise cross-attention, enabling

each video frame to attend to its corresponding audio context.

Optional appearance reference. To support appearance-preserving
editing scenarios (e.g., changing only the motion or sound while

keeping visual identity consistent), we introduce an optional ref-

erence conditioning mechanism. Given a reference image 𝐼ref that

specifies the desired appearance, we encode it into a sequence of

visual tokens 𝑓ref ∈ R𝑁
ref

×𝐷
using the video VAE encoder. These

reference tokens are then concatenated with the noisy video tokens

before being fed into the diffusion transformer:

ˆ𝑓𝑡 =

[
𝑓
(1)

ref
; . . . ; 𝑓

(𝑁
ref

)
ref

; 𝑓
(1)
𝑡 ; . . . ; 𝑓

(𝑇 ·𝐻 ′ ·𝑊 ′ )
𝑡

]
, (16)

where 𝑓𝑡 are the noisy video tokens at timestep 𝑡 . During train-

ing, the reference image is sampled from the target video with a

configurable dropout rate to maintain diversity. At inference, this

mechanism is optional: when no reference is provided, the model

degenerates to standard instruction-guided editing.

7.3.2 Training Strategy.
Following AVI-Edit [Zheng et al. 2025], we train the mask-guided

editing model using a flow matching objective. We train the model

to reconstruct the source video conditioned on the source audio, in-

stance mask, reconstruction instruction, and unmasked background

regions. Consequently, during inference, the model can generate

edited content when conditioned on the target edited audio, a ran-

dom mask, and diverse editing instructions.

Given the source video latent 𝑧v

1
, source audio 𝑋 , entity mask𝑀 ,

reconstruction instruction 𝐼 , and a noise sample 𝜖 ∼ N(0, I), we
construct the noisy latent as:

𝑧𝑡 = (1 − 𝑡)𝜖 + 𝑡𝑧v

1
, 𝑡 ∈ [0, 1] . (17)

The training objective is:

LFM = E𝑡,𝜖,𝑧v

1

[

𝑣𝜃 (𝑡, 𝑧𝑡 , 𝑀,𝑋, 𝐼 ) − (𝑧v

1
− 𝜖)



2

2

]
. (18)

This training strategy requires no manually annotated edited video

targets, enabling scalable data generation for our InstructAV2AV.

7.4 Organization of Supplementary Video
We provide a supplementary video to dynamically showcase our

instruction-guided audio-video joint editing results. The video is

structured as follows: (i) Representative application scenarios:
We demonstrate four representative editing scenarios to highlight

the diverse and compelling applications of our framework (Figure 1

and Figure 7). (ii) Additional application scenarios: We show-

case three extended application scenarios to further demonstrate

the versatility of our framework (Figure 6). (iii) Comparison with
state-of-the-art methods:We provide audio-video joint editing

comparisons against state-of-the-art methods (Figure 4). (iv) Ab-
lation study: Finally, we present ablation results to validate the

effectiveness of our core components (Figure 5).
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