Audio-sync Video Instance Editing with Granularity-Aware Mask Refiner
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... A woman with blonde hair, wearing a blue coat ... says, “No, please. When the latkes are frying, the kitchen should be closed.” ...
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... A young man wearing a flat cap, dark shirt, and a camel-colored coat is walking along a sidewalk ...

... Awarmly lit, domestic bathroom ... a close-up shot of a faucet, with water flowing from its spout ...

Figure 1. AVI-Edit effectively edits audio-sync video instance based on a coarse instance mask to indicate the target instance and a text
description to specify the edit direction. We demonstrate this capability across four representative scenarios: (a) modifying the speech of
the target woman while preserving her appearance; (b) altering the appearance of the male character while preserving his original speech;
(c) changing the dog into a cat while transforming its vocalization; and (d) adjusting the dynamics of the water flow purely via audio cues.

Generated videos and accompanying audios are available in the supplementary material.

Abstract

Recent advancements in video generation highlight that re-
alistic audio-visual synchronization is crucial for engaging
content creation. However, existing video editing methods
largely overlook audio-visual synchronization and lack the
fine-grained spatial and temporal controllability required
for precise instance-level edits. In this paper, we propose
AVI-Edit, a framework for audio-sync video instance edit-
ing. We propose a granularity-aware mask refiner that it-
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eratively refines coarse user-provided masks into precise
instance-level regions. We further design a self-feedback
audio agent to curate high-quality audio guidance, pro-
viding fine-grained temporal control. To facilitate this
task, we additionally construct a large-scale dataset with
instance-centric correspondence and comprehensive anno-
tations. Extensive experiments demonstrate that AVI-Edit
outperforms state-of-the-art methods in visual quality, con-
dition following, and audio-visual synchronization. Project
page: https://hjzheng.net/projects/AVI-Edit/.
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1. Introduction

Video editing methods provide users with a powerful ap-
proach to content creation (e.g., modifying the appearance
of a specific person). Recent commercial models (e.g.,
Sora-2 [3] and Veo3 [4]) demonstrate that realistic audio
is crucial for creating engaging experiences. This advance-
ment naturally leads to an urgent need for methods that per-
form instance-level edits on videos while preserving this
crucial audio-visual synchronization.

However, the vast majority of existing video editing
models [9, 15, 16, 65, 70] focus exclusively on the vi-
sual features, breaking the original audio-visual synchro-
nization. To introduce audio cues, AVED [41] introduces
a cross-modal contrastive scheme to address the synchro-
nization, but it mainly focuses on scene-level alignment.
In contrast, while Object-AVEdit [21] achieves object-
specific control, its inversion-regeneration paradigm inher-
ently lacks temporal controllability (e.g., specifying the pre-
cise timing of an event). While recent work [64] demon-
strates that audio is a fine-grained temporal guidance for
video generation, this approach still remains largely unex-
plored for audio-sync video editing.

In this paper, we propose AVI-Edit, a framework for
Audio-sync Video Instance Editing. As illustrated in Fig. 1,
given an instance mask to indicate the target instance and a
text description to specify the edit direction, AVI-Edit seam-
lessly modifies the target instance and its accompanying
audio, while preserving the original background and non-
target audio components. This approach thereby enables a
range of applications, including modifying the speech of an
active speaker (Fig. 1 (a)), altering the appearance of the
person (Fig. 1 (b)), changing the semantic category of tar-
get instance (Fig. | (c)), or adjusting the dynamics of the
subject purely with audio cues (Fig. 1 (d)).

We build our framework upon the pretrained Wan2.2-
5B [60] to leverage its strong generative priors in gener-
ating temporally consistent and visually appealing videos.
To achieve precise spatial control at the instance level, we
propose the granularity-aware mask refiner with the similar
diffusion transformer architecture of the video backbone,
which receives a precision factor and references video and
audio tokens to estimate precise edited regions. We fur-
ther design the self-feedback audio agent to run a separate-
generate-remix-rework cycle, which finally produces the
curated audio tokens to provide explicit temporal guidance
and control the event timing of edited videos.

To facilitate model training and evaluation, we further
present AVISET, split into 71k training, 1k validating, and
1k testing videos with accompanying audios. All clips are
carefully filtered to ensure each contains one primary and
non-silent sounding instance. We annotate all splits with
instance masks and scene-level text descriptions, while the
testing set additionally includes paired original—edited text

instructions for fair evaluation.

Our contributions are summarized as follows:

* We propose an audio-sync video instance editing frame-
work with fine-grained spatial and temporal control,
along with a tailored dataset for training and evaluation.

* We propose the granularity-aware mask refiner to esti-
mate precise instance mask, guided by the precision fac-
tor for precise spatial control over instance regions.

* We design the self-feedback audio agent as a separate-
generate-remix-rework pipeline, curating accompanying
audios to provide explicit temporal control for videos.

2. Related work
2.1. Visual-only Video Generation and Editing

With the rapid development of video foundation mod-
els [33, 60, 71], video generation models demonstrate
the great potential for animation creation [26], advertis-
ing [7], cinematic visual effects [73, 74], and game de-
velopment [11]. This has motivated researchers to ex-
plore high-freedom editing techniques. Early editing meth-
ods [30, 39, 47, 66] primarily adapt pre-trained text-to-
image models [34, 51]. However, as these backbones lack
dynamic video priors, they inevitably struggle with tempo-
ral consistency. To address this, recent works [9, 29, 65, 70]
propose dedicated video editing architectures. These meth-
ods achieve higher-quality and more consistent edits by in-
corporating specialized mechanisms (e.g., dual-branch en-
coders [9, 70] and auxiliary conditions [29, 65]) for precise
spatial control. However, these methods are fundamentally
visual-only. They entirely neglect the accompanying audio
cues, thereby breaking the original audio-visual synchro-
nization that is crucial for an engaging video experience.

2.2. Audio-guided Image Generation and Editing

Audio conveys rich semantic and affective cues that can
serve as a powerful conditioning signal. Early audio-guided
works focus on specific domains (e.g., music [35] and
speech [45]). With the emergence of diffusion models, these
works begin to project audio into a shared embedding space
to align audio semantics with visual content. Lee et al. [38]
propose the audio attention and sentence attention to rep-
resent the rich audio characteristics. AudioToken [72] in-
troduces an audio embedder to transform audio into text to-
kens used as conditioning for the pretrained text-to-image
model [51]. However, constrained by the static nature of
images, these methods reduce audio to a holistic semantic
feature. They inherently overlook the temporal cues and the
frame-by-frame synchronization natural to the visual world.

2.3. Audio-sync Video Generation and Editing

Modeling the natural synchronization between audio and
video is a long-standing challenge. Early approaches



achieve initial success for audio-sync video generation [22,
28, 36] based on GANs [19, 31]. Recent generation mod-
els are built upon diffusion architecture [43, 61], which use
multi-modal cross-attention mechanisms to naturally syn-
thesize synchronized audios. In contrast, editing models
extract fundamental audio signals (e.g., magnitude modu-
lation [55] and distance guidance [37]) to modify the global
semantics of videos. Towards frame-by-frame temporal
synchronization, recent works [21, 41] invert the pretrained
generation models and edit the latent code in a training-
free manner. Despite this, these approaches still struggle to
achieve full control (e.g., instance-level editing with free-
form temporal controllability). Therefore, we propose AVI-
Edit to bridge this gap by introducing the granularity-aware
mask refiner and the self-feedback audio agent.

3. Dataset

While existing datasets [13, 23, 36] provide large-
scale audio-visual correspondence, they typically lack the
instance-level focus. To facilitate model training and eval-
uation, we construct AVISET, a new dataset providing
instance-centric correspondence and comprehensive anno-
tations, tailored for the audio-sync video instance editing.
Data sources. We construct our initial data pool from
two main sources: (i) 5,529 hours of publicly avail-
able videos, including MovieBench [67] (69h), Condensed
Movies [6] (1,270h), Short-Films-20K [24] (3,582h), and
VGGSound [13] (608h); and (ii) 5,607 hours of open-access
online videos (e.g., from YouTube). All collected videos re-
tain their accompanying audios. Video filtering. Following
prior work [10, 14, 63], we first use PySceneDetect [12]
to segment the original videos into single-shot clips. We
then use RAFT [56] to compute optical flow to discard static
or low-motion clips. The aesthetic predictor [53] is further
adopted to measure the visual appeal and filter out clips with
low visual quality.

Audio filtering. We first use Audiobox-aesthetics [57] to
assess the quality of the accompanying audios, discard-
ing low-quality clips. Next, we adopt Qwen-Omni [68]
to classify all remaining clips into human speech or non-
speech event clips for content-specific filtering. For hu-
man speech clips, we apply TalkNet [8] to detect the ac-
tive speaker’s bounding box, and adopt Scribe [2] to iden-
tify speech segments of each speaker, allowing us to discard
clips with multiple simultaneous speakers. For non-speech
event clips, we further use Qwen-Omni [68] to filter out
clips containing multiple sounding instances, and then pre-
dict the semantic category label (e.g., dog barking) for the
single instance in the retained clips.

Instance masking. Using the speaker’s bounding box or
the event’s semantic category, we employ Grounded-SAM-
2 [49] to generate instance masks for each clip. We further
discard samples with small or empty mask regions, thereby

filtering out cases where the sounding instance is not clearly
visible or is off-screen (e.g., a voice-over). After this stage,
each video in the pool contains only one primary sounding
instance, paired with its corresponding instance masks. All
retained clips (for both human speech and non-speech event
paths) are then pooled together, ensuring the final dataset is
mixed for a general-purpose generation model.

Text annotations. We adopt Qwen-VL [5] to generate a
scene-level text description for each retained clip. For the
testing set, we provide additional paired original-edited text
instructions. Specifically, we prompt the LLM [69] with
the clip’s original text description and its predicted seman-
tic category to generate a plausible editing instruction. Fi-
nally, all generated instruction pairs are manually verified
by volunteers to ensure their naturalness.

Data statistics. The AVISET includes 71k training, 1k val-
idating, and 1k testing clips, totaling over 197 hours. Each
clip is approximately 10 seconds, presented at 720P resolu-
tion (24 FPS). We annotate each clip with an instance mask
and a scene-level text description, while the testing set ad-
ditionally includes paired original-edited text instructions.

4. Methodology

AVI-Edit consists of three main components. We first intro-
duce the audio-sync video backbone (Sec. 4.1) with its ar-
chitecture and formulation. We then detail the granularity-
aware mask refiner (Sec. 4.2), which provides precise spa-
tial control over the edited instance. Finally, we describe the
self-feedback audio agent (Sec. 4.3), which generates fine-
grained temporal guidance for the entire editing process.

4.1. Audio-Sync Video Backbone

As shown in Fig. 2 (a), the audio-sync video backbone gen-
erates audio-sync video editing results based on a curated
audio a, an instance mask m, and a text description y.
Video compression. To enable editing in the compact la-
tent space, we encode the original clip « with a pretrained
VAE encoder € into a clean latent code as z = £(x). A cor-
responding VAE decoder D is used to reconstruct the video
clip from the latent code as x = D(z).

Flow matching formulation. We train our video diffusion
transformer vy using the flow matching objective [42], and
define the probability path Z; at timestep ¢ as a linear combi-
nation of the latent code z and Gaussian noise € ~ A/(0,1I):

2=tz 4 (1 —t)e, (1)

where t € [0, 1] is the timestep, with £y = € and 2, = 2.
Background preservation. To avoid producing undesir-
able alterations and inconsistencies in background regions,
we adopt the instance mask m to indicate the edited regions,
and downsample it to compose the interpolated Z; with the
clean input video tokens z:



User Inputs

A man wearing a blue
Jacket ... red collar ...
says, “They erase
me ...” ..

Text Description

Input Video

Options

Instance Mask & Precision l

(c) Self-Feedback Audio Agent
Accompanying Audio
b | (

D2
Audio Captioner & VLM )

umT5 Encoder VAE Encoder

Mask Downsample

Editing Plan
A male is giving a
speech ...

Audiences’
applause ...

Separation prompt ~ Generation prompt

O D—C]C]QC].

\ Self-attention Layer ) (_ Self-attention Layer ) } }

Multi-modal ‘
\_Cross-attention Layer /
S

Multi-modal ‘
\_Cross-attention Layer /
g /

Separation models Generation models )
Human / Non-speech ||Music / Sound / Speech

Output Video

(b) Granularity-Aware

P . [ FFNLayer ) ( FFNLayer ) ) Remix y

l | Y

|OText Token | ( Frame-wise \ ( Frame-wise \ >

i VideoToken | [RC=enioniberorg \_Cross-attention Layer / Separated Audio Generated Audio
|

I D Optional Token ! VAE Decoder [ bl Sl

| I l Rework

| |

I D Mask Token | 3

| |

: . Mask Precision : Curated Audio

Refined Instance Mask
Audio Token | Wav2Vec

|
|

(a) Audio-sync
Video Backbone

Unified Interface ,

Mask Refiner

Strided Convolution

Figure 2. Illustration of our AVI-Edit framework. Given multi-modal user inputs, AVI-Edit separately encodes them into latent tokens,
and generates audio-sync video instance editing results with the following components: (a) The audio-sync video backbone (Sec. 4.1)
is built upon the pretrained video diffusion transformer, which utilizes a frame-wise cross-attention layer to understand audio cues and
generates editing results based on the masks, text, and optional contexts. (b) The granularity-aware mask refiner (Sec. 4.2) features a
similar architecture and refines the coarse instance mask into a precise one, which utilizes visual semantics by replacing text tokens
with video tokens, and is guided by the precision factor and audio cues. (c) The self-feedback audio agent (Sec. 4.3) is designed with
a separate—generate—remix—rework pipeline that integrates off-the-shelf audio components to robustly handle diverse scenarios, which
provides the resulting curated audio tokens as the temporal guidance for the video and mask components.

where m is the downsampled instance binary mask.

Audio-sync diffusion transformer. To leverage priors of
the pretrained video generation model, we build the video
backbone upon the Wan2.2 architecture [60]. We first con-
catenate the downsampled instance mask  with the noisy
latent code z; as video tokens. After that, these tokens
are sequentially processed by a self-attention layer to inter-
act with long-range context, a multi-modal cross-attention
layer to understand the text description, and a feed-forward
network to extract features for N Diffusion Transformer
(DiT) blocks. To enable audio-sync video editing, we addi-
tionally introduce a frame-wise cross-attention to each DiT
block, which receives curated audio tokens a and guides the
temporal alignment with the video latent codes.

Optional control contexts. To enable video editing results
precisely satisfying the user’s intention, we design a uni-
fied interface to incorporate optional control contexts c (e.g.,
scribble, pose, and reference image). These conditions are
encoded to context tokens using the pretrained VAE en-
coder £, and then injected through element-wise addition
for scribble and pose, and concatenation for the reference

image. This provides fine-grained controllability.

Training and inference process. During training, we fine-
tune the video diffusion transformer vy to estimate the ve-
locity field v; = z — €, by minimizing the standard flow
matching objective:

['fm = Ee,t,z,m,y,a,c [ H'UO(Zta tv ’ﬁ’l, Yy, a, C) - Ut||2 ] . (3)

During inference, we transform the Gaussian noise e into
the edited clean latent code z; by solving:

dz;/dt = vg(z¢, t, 70, y, a,C), 4
from ¢t = 0 to ¢t = 1 using a numerical solver.

4.2. Granularity-Aware Mask Refiner

The instance mask allows users to specify the target in-
stance to be edited. However, user-provided instance masks
are typically inaccurate (e.g., bounding box). As presented
in Fig. 2 (b), we propose the Granularity-Aware Mask Re-
finer (GAMR) to refine these coarse instance mask, thereby
achieving precise instance-level video editing.



Mask granularity. To quantitatively describe the granu-
larity of instance mask, we first introduce a precision fac-
tor p € [0, P], which measures the degree of alignment
between the target instance region and the provided mask.
Conceptually, p = P corresponds to maximal degradation
(e.g., a bounding box), while p = 0 denotes the precise in-
stance contour 7.

Diffusion-based refinement. We implement the GAMR
with a similar architecture of video diffusion transformer,
designed to predict the accurate instance mask. To under-
stand the granularity of the instance mask, the precision fac-
tor p is linearly encoded and injected into GAMR through
the AdaLN and Gate in each diffusion transformer block.
The curated audio tokens are also incorporated via frame-
wise cross-attention, enabling the GAMR to infer instance
masks aligned with event timing. In contrast, the text tokens
in the multi-modal cross-attention layers are replaced with
video tokens, which enables the GAMR to further reason
about instance masks based on the visual semantics.
Training strategy. To simulate the inaccuracy of user-
provided masks, we sample input videos = and their cor-
responding precise instance masks mg; from our AVISET,
then degrade each mask to an arbitrary granularity level p to
construct training pairs. Specifically, the degradation is im-
plemented using a set of predefined Gaussian blur kernels:

my, = GaussianBlur(mgy, kp, 0p), 3

where the kernel size &, and standard deviation o, are de-
termined by the precision factor p. We introduce a mask
refinement objective [40] that adopts focus loss to measure
the discrepancy between the downsampled generated mask
m and ground-truth mask 7 to train the GAMR:

Lmask = — amg (1 — )7 log(mh) "
— (1= a)(1 — ring) i log(1 — i),
where a = 0.25 and v = 2.0 are hyperparameters.

Inference process. The GAMR estimates the refined mask
m at each step of the ODE solving process. Specifically,
this iterative refinement is precision-aware for each infer-
ence step. At the first step (k = 0), we provide the down-
sampled user-provided mask 7, as mg and its precision
factor p (e.g., p = P for a bounding box). For all subse-
quent steps (k > 0), we iteratively feed the estimated mask
m]’j’l from the previous step as the new input mask mg
The precision factor p for these steps is adjusted according
to a predefined degradation schedule. At each step k, the
concurrently refined mask mg is then used as the definitive

mask 7 for the video generation backbone (Eq. (4)).

4.3. Self-Feedback Audio Agent

To provide the temporal guidance for audio-sync video
editing, we design a dedicated audio agent to curate the

original audio aerig. As illustrated in Fig. 2 (c), the
audio agent is guided by the text description y and the
associated visual context. It is designed with a sepa-
rate—generate—remix—rework pipeline to integrate a collec-
tion of off-the-shelf audio processing components, thereby
enabling robust handling of diverse scenarios (e.g., human
speech and non-speech events).

Audio separation and generation. To obtain a comprehen-
sive understanding of the original audio a.rig, We employ
a captioner [68] to translate the audio into a detailed text
description and summarize its semantic content cgep, (€.8.,
sound events and environment atmosphere). Next, we lever-
age a VLM [5] to reason about the detailed editing plan:

(Csep7 Cgen) = VLM([ZC’ Mp, Csem y})v @)

where c*°P and c®°" are text descriptions for the audio
component to be remained from the separation (e.g., ap-
plause) and to be generated (e.g., male speech), respec-
tively. Guided by this editing plan, the agent parses these
descriptions to select the most suitable separation (77%°P)
and generation (7°") models among a collection of off-
the-shelf models, and applies them to obtain the remaining
(a®°P) and generated (a®°") components:

a*® =T (aorig, *P), ¥ =TF"(cE").  (8)
Model collection. As human speech is best handled by spe-
cialized models, we define separation component as a col-
lection of domain-specific models (i.e., human speech [27]
and non-speech events [17]) as TP = {T5°P} s, where
the domain set is S = {speech, non-speech}. As audio can
also be decomposed into distinct tracks [58], we define our
generation components as 78" = {T2"} g, where the
track set is G = {speech, music, sound}. These are im-
plemented with text-to-speech, text-to-music, and text-to-
sound models from ElevenLabs [1].
Remix and rework judgment. After obtaining the sepa-
rated component a*°P and generated component a%", we
remix them to produce the curated audio a [50]. To pre-
vent the degraded editing quality, we employ a multimodal
large language model (MLLM) [68] to evaluate the over-
all perceptual quality ¢ of the remixed curated audio (e.g.,
whether it sounds natural and realistic). Only remixed au-
dios with quality score exceeding a predefined threshold 7
are accepted. When the judging MLLM rejects a remixed
result, it generates an improvement instruction (¢%¢P, ¢8"),
providing feedback to both the separation model 75 (e.g.,
female speech remains audible) and the generation model
T&°" (e.g., synthesized male speech volume is insufficient),
enabling an iterative refinement loop. The rework loop con-
tinues until the remixed audio’s quality score surpasses 7 or
a maximum number of iterations is reached.



... A man wearing a blue jacket with a red inner shirt whose collar is folded outward ...

says, “They erase me, but I remember everything.” ...
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... A vintage car is driving along a winding road with hedges and trees ...
it is colored dark with a shiny exterior ...

Figure 3. Qualitative comparison results with state-of-the-art methods for audio-sync video instance editing.

5. Experiment

Training details. We initialize our video backbone and
GAMR with pre-trained weights from Wan2.2-5B [60],
freezing the spatial-temporal VAE and fine-tuning the dif-
fusion Transformer to minimize the joint flow matching ob-
jective (Eq. (3)) and mask refiner objective (Eq. (6)):

L= Efm + )\Emask7 (9)

where the hyperparameter A = 1.0 in our experiments. We
train our AVI-Edit framework for 160k steps on 8 NVIDIA
A800 GPUs, using a spatial resolution of 720p. We use the
Adam optimizer [32] with a learning rate of 2 x 107>,
Evaluation Datasets. In addition to our proposed AVISET
for the general audio-sync video editing task, we further
evaluate our AVI-Edit framework on the publicly avail-
able AVED-Bench [41] to demonstrate its superior perfor-
mance and generalization capability. To enable effective
instance-level evaluation on AvED-Bench, we annotate in-
stance masks according to the procedure described in Sec. 3.
For evaluation, we randomly sample 100 video clips from
each dataset’s test split.

5.1. Comparison with State-of-the-art Methods

As audio-sync video instance editing is an emerging re-
search task, the comparison methods are still under develop-
ment. We compare our framework with two recent state-of-

the-art methods, AVED [41] and Ovi [43]. We re-implement
AVED [41] strictly following its original settings, due to its
code being unavailable. As Ovi [43] is a generation model,
we adapt it for editing using a common zero-shot inpainting
strategy, where only the mask region is replaced with Gaus-
sian noise. Furthermore, we implement a sequential base-
line (VACE-Foley), where VACE [29] edits the video first,
followed by Hunyuan-Foley [54] to generate the accompa-
nying audio. All baselines are fine-tuned on the AVISET.

Quantitative comparisons. We quantitatively evaluate per-
formance across three main aspects: (i) Visual quality is
examined using Fréchet Video Distance (FVD) [59] and In-
ception Score (IS) [52]. (ii) Frame consistency (FC) is mea-
sured by calculating similarity between consecutive frames
using CLIP [48]. (iii) Alignment is assessed via text-video
(TC) with CLIP-XL [62], audio-video (AC) with Image-
Bind [25], and lip motion synchronization (i.e., Sync-C and
Sync-D) [18]. Notably, since AvED-Bench [41] does not
contain human talking videos, the lip motion synchroniza-
tion metrics are not applicable for it. Since the baseline
methods are not designed to handle coarse masks, we eval-
uate all methods using ground-truth instance masks and a
text description to ensure a fair comparison. As presented
in Tab. 1, our framework demonstrates significant advan-
tages on both datasets, outperforming state-of-the-art meth-
ods on most quantitative metrics. Metrics details are pro-



Table 1. Quantitative experiment results of comparison with state-of-the-art methods. 1 (J) means higher (lower) is better. Throughout the

paper, best performances are highlighted in bold.

Method AVISET AVED-Bench

FVD| ISt FC(%)1 TC (%)t AC (%)1 Sync-C1 Sync-D)|FVD] ISt FC(%)1 TC (%)t AC (%)t
AVED 364.69 1.104 9503  23.69 2331 1.69 11.80 |413.82 1.118 9489 2459 2045
Ovi 407.08 1122 9647 2583  26.68 4.00 9.12 |504.14 1122 9565 2521 21.49
VACE-Foley |391.64 1.115 9660 2592 2645 1.72 1037 |405.76 1.108 9574 2517  21.46
AVIL-Edit (Ours) | 31289  1.127 9665  26.16  26.93 4.12 9.19 [349.31 1.125 9582 2530  21.64

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

Method AVISET AvED-Bench
AVS TA OP | AVS TA OP
AvED 240 320 1.60 | 3.60 4.80 4.00
Ovi 36.00 36.80 38.40 | 31.60 31.20 32.00
VACE-Foley 1240 17.20 14.80 | 19.20 21.60 22.80
AVI-Edit (Ours) | 49.20 42.80 45.20 | 45.60 42.40 41.20

Table 3. Percentage (%) of audio quality study results.

Rating | AF RP TAC
Failed 2.24 5.36 3.76
Borderline 6.32 9.12 7.60
Acceptable 8.48 19.68 14.96
Perfect 82.96 65.84 73.68

vided in the supplementary material.

Qualitative comparisons. We present qualitative compar-
isons with the aforementioned baselines [29, 41, 43, 54] to
simulate a more realistic use case. For this evaluation, all
methods are provided with the coarse mask and text descrip-
tion. As shown in Fig. 3, the left and right columns evaluate
the case of human speech and non-speech events, respec-
tively. As a result, AvED [41] struggles to maintain tem-
poral consistency, resulting in noticeable flickering artifacts
(Fig. 3 left and right). Ovi [43] suffers from visual inconsis-
tencies (e.g., Fig. 3 right), while VACE-Foley [29, 54] fails
in synthesizing the target speech (Fig. 3 left). In contrast,
our AVI-Edit framework produces visually appealing video
instance editing results with realistic accompanying audios.
User preference study. We additionally conduct a user
study to evaluate human preference. Given ground-truth in-
stance masks and text instructions, AVI-Edit and relevant
methods produce their edit results. Participants are asked to
evaluate these results from three aspects: (i) Audio-Visual
Synchronization (AVS): Participants are asked to select the
video clip that is the best synchronized with the accompany-
ing audio. (ii) Text Alignment (TA): Participants are asked
to select the video clip that best matches the input text in-
struction. (iii) Overall Preference (OP): Participants are
asked to select the video clip they prefer overall. We ran-
domly selected 10 samples from each dataset, and recruited
25 volunteers to provide independent evaluations across all
three aspects. As shown in Tab. 2, our model achieves the
highest preference scores in all aspects.

Audio quality study. To assess the quality of audios pro-

... The woman on the left ... a sleeveless maroon top and has long brown hair ...
says, “Sorry, dear. I realize that I am too strict.” ...

Input

W/o AA W/o MR W/o PF

AVI-Edit

Figure 4. Visual results of ablation study with baseline variants.

duced by our self-feedback audio agent, we conduct an ad-
ditional user study. We run our agent on 50 random clips
from AVISET, and recruit 25 volunteers to evaluate these
results on the following three aspects: (i) Audio Fidelity
(AF): to evaluate the realism and clarity of the resulting au-
dio; (ii) Remaining Preservation (RP): to assess whether
the non-target audio components are naturally preserved;
and (iii) Text-Audio Consistency (TAC): to measure the
semantic alignment between the result audio and the user-
provided text description. Volunteers rate each sample us-
ing a 4-point scale: “Failed", “Borderline", “Acceptable”, or
“Perfect”. As shown in Tab. 3, our agent performs strongly,
with over 91% (AF), 85% (RP), and 88% (TAC) of ratings
being “Acceptable” or ‘“Perfect”.

5.2. Ablation Study

We conduct ablation studies to evaluate the impact of key
components of AVI-Edit. During ablation, the instance
mask is randomly degraded into a coarse one to evaluate the



Table 4. Quantitative experiment results of ablation studies. 1 (J) means higher (lower) is better.

Method AVISET AVED-Bench
FVD| ISt FC(%)1 TC (%)t AC (%)t Sync-Ct Sync-D||FVD] ISt FC (%)t TC (%) AC (%)1
w/o PF | 35443  1.119 96.49 26.07 26.50 4.12 9.43 49092 1.118 9547 25.06 21.51
w/o MR |372.44 1.107 96.32 25.68 26.38 4.07 9.36 539.83  1.103  95.29 24.96 21.45
w/o AA | 342775 1.114  96.54 25.84 25.97 3.83 9.61 44556  1.105 95.36 25.13 21.22
AVI-Edit | 335.32 1.121 96.63 26.13 26.77 4.18 9.27 402.74 1.122 9558 25.17 21.63
Scribble Control ... A woman wears a burgundy coat over a grey shirt ... a pendant hanging ... says, “I really admire his books, and he is famous.” ...

Pose Control

Reference Control

Figure 5. Versatile applications of AVI-Edit demonstrating its diverse controllability.

6. Conclusion

robustness of the mask refinement. The evaluation scores
and editing results of the ablation study are presented in
Tab. 4 and Fig. 4, respectively.

W/o Precision Factor (PF). This variant discards the pre-
cision factor that indicates the mask granularity, causing the
granularity-aware mask refiner to lose its granularity guid-
ance. This variant results in an imprecise estimation of the
woman’s head regions within the mask (Fig. 4, second row).
W/o Mask Refiner (MR). This variant removes the
granularity-aware mask refiner, forcing the model to rely
solely on the initial coarse mask. As a result, this variant
struggles to faithfully preserve background regions, altering
the wall behind the head (Fig. 4, third row).

W/o Audio Agent (AA). We replace our self-feedback au-
dio agent with a general audio editing model [44]. This
leads to noisier audio guidance and degraded audio-visual
synchronization (Tab. 4, Audio-C and Sync-C scores).

5.3. Application

As illustrated in Sec. 4.1, our video backbone is equipped
with a unified interface that supports diverse, optional con-
trol contexts beyond the primary text and audio guidance.
We demonstrate this additional capability in Fig. 5, where
users can draw the scene with the scribble, manipulate the
instance’s gesture with the pose, and customize the in-
stance’s appearance with the reference image. This con-
trollability allows users to satisfy highly specific intentions.
Due to space limitations, we provide further demonstrations
in the supplementary material (e.g., instance insertion and
removal, long video editing, and audio-sync generation).

In this paper, we present AVI-Edit, a framework de-
signed for audio-sync video instance editing. We build
the video generation backbone upon the pretrained text-
to-video model [60], and equip it with frame-wise atten-
tion to receive audio guidance and a condition interface
to edit the video content. We then introduce the preci-
sion factor to indicate the mask granularity, and adopt a
similar architecture to build the granularity-aware mask re-
finer, which effectively refines the potentially coarse in-
stance mask for accurate instance-level editing. We further
propose the self-feedback audio agent, designed with a sep-
arate—generate—remix—rework pipeline to robustly handle
scenarios of human speech and non-speech events. Exten-
sive experiments demonstrate that AVI-Edit achieves state-
of-the-art performance with diverse application scenarios.
Limitation. Since the target mask indicates an instance to
be edited, editing videos with multiple target instances re-
quires running AVI-Edit sequentially, processing each in-
stance one-by-one. We leave the exploration of simultane-
ous multi-instance editing in the future work.
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7. Appendix
7.1. Additional Application Scenarios

As illustrated in Sec. 5.3, we additionally present applica-
tion scenarios in Fig. 6 to demonstrate the versatility of our
framework.

Instance insertion. By specifying target regions within
a user-provided video, AVI-Edit can generate the corre-
sponding instance and its accompanying audio according to
the text description, seamlessly composited with the back-
ground regions (Fig. 6 first row, inserting a car with its ac-
companying audio into an empty field).

Instance removal. When an unwanted instance is specified,
AVI-Edit removes the target instance and its accompanying
audio from all frames based on the text description, result-
ing in a clean background (Fig. 6 second row, removing a
plane flying over the sea and its accompanying audio).
Audio-sync video generation. In the extreme case where
the instance mask is expanded to cover the full video frame,
AVI-Edit discards all video content and accompanying au-
dios, becoming an audio-sync generation model according
to the text description (Fig. 6 third row, generating an audio-
sync video from the provided text description).
Long-duration video editing. To enable AVI-Edit to edit
long-duration videos, we incorporate a conditioning strat-
egy during training to unmask k randomly selected frames.
During inference, we generate the initial segment from
noise. Subsequent segments are then generated using the
last k frames of the preceding clip as visual guidance, en-
abling the iterative editing of arbitrary-length videos (Fig. 6
last row, consistently editing an instance spanning 241
frames).

7.2. Precision Factor Details

As illustrated in Sec. 4.2, as user-provided instance masks
are typically inaccurate (e.g., bounding box), we introduce
a precision factor p to indicate the mask granularity.

In real applications, users typically provide the maximal
precision factor p = P for bounding boxes, or manually
specify an intermediate p value to provide precise control
for the target instance region based on the provided mask.
To simulate the inaccuracy of user-provided masks, we ran-
domly degrade each precise instance mask to an arbitrary
granularity level p during training (Eq. (5)).

We further provide the architecture details of the
Granularity-Aware Mask Refiner (GAMR) in Fig. 7, which
demonstrates the approach of precision factor injection.
Specifically, the precision factor p is linearly encoded and
added to the timestep embedding to produce the modulation
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¥ Corresponding author.

Table 5. The IoU scores of different degradation schedules.

Schedule
IoU (%) 1T 71.87 68.01 76.23

Linear Constant Instant

parameters:

fP = Linear(p) + Linear(t), (10)
(r, 5,0) = Linear(f?), ar

where ¢ is the timestep embedding and (v, §, «) are esti-
mated parameters for modulation. These parameters are
then used to modulate the adaptive layer normalization
(AdalLN) [46] followed by a self- or cross-attention:

h' = Attention(h ® (v + 1) + 3), (12)

where h is the mask feature before modulation. The result-
ing feature is then further modulated via the gating mecha-
nism [46] with a residual skip connection:

h=h+ao hou. (13)

7.3. Iterative Mask Refinement Details

As illustrated in Sec. 4.2, the Granularity-Aware Mask Re-
finer (GAMR) is designed to iteratively refine the instance
mask throughout the ODE solving process, guided by the
precision factor p and a predefined degradation schedule.
We investigate three distinct schedules: (i) Linear degra-
dation. The precision factor p decreases linearly from its
initial value down to O throughout the inference steps. (ii)
Constant degradation. The precision factor p remains fixed
at its initial value throughout the inference process. (iii) In-
stant degradation. The precision factor p is set to its initial
value only for the first step (i.e., k = 0). For all subse-
quent steps (i.e., k > 1), the factor is instantly settop = 1,
allowing only subtle mask refinement.

As shown in Fig. &, the linear and constant schedules
are generally suboptimal, because the mask is largely op-
timized during the initial step (k = 0). If p decays too
slowly, the AMR is guided by an overly-coarse mask gran-
ularity. Consequently, the model struggles in predicting the
target boundary, causing unnecessary shrinkage in the re-
fined mask and leading to unnatural visual content (e.g., the
woman’s face is rendered in profile to fit the overly small
region). Therefore, the best schedule strategy is the simple
yet effective instant degradation, where the first step quickly
converges to the target region, while subsequent steps pre-
cisely refine the mask.

To validate this conclusion, we randomly sample 40
video clips from the test split of AVISET and calculate the
Intersection over Union (IoU) [20] of the predicted masks.
As presented in Tab. 5, the instant degradation strategy
achieves the best score, demonstrating that its predicted
masks best match the ground truth.



(a) Instance Insertion ... A vintage station wagon with a two-tone paint job, primarily red and ... enters the scene from the right ...

(b) Instance Removal ... Restore the masked region naturally, keeping the original scene consistent ... preserving the style ... of the surrounding content ...

(c) Audio-Sync Video Generation ... A man is riding on horseback ... wearing a red jacket and a shirt ... the camera follows the riders from a side perspective ...

4 Hv~ Wt v}% -t

(d) Long-Duration Video Editing A woman with shoulder-length black hair ... wearing a long-sleeved sweater ...
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Figure 6. Additional application scenarios of AVI-Edit.
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Figure 7. The detailed architecture of the granularity-aware mask refiner.
7.4. Self-Feedback Audio Agent Details to the text instruction and editing goal; and (v) Audio fi-
delity assesses whether the remixed audio sounds realistic.
As introduced in Sec. 4.3, we design a dedicated audio agent We prompt the MLLM to score each dimension on a 3-
to curate the accompanying audio. Since human speech sep- point scale (i.e., 0: Unacceptable, 1: Borderline acceptable,
aration is a mature technique that typically requires no text 2: Perfectly acceptable). Only remixed audios with a total
prompts, our prompt refinement loop primarily targets the quality score exceeding a predefined threshold 7 = 7 are
more challenging non-speech separation and audio genera- accepted. Otherwise, the audio is rejected, and the MLLM
tion tasks. For clarity, we present a representative execu- generates an improvement instruction to rework with an it-
tion example in Fig. 9, illustrating the separate-generate- erative refinement loop.
remix-rework pipeline, including plan initialization, sepa- Remix. We implement remix as an additive operator with-
ration, generation, remixing, and quality verification. out optimization that composites the separation and gener-
Judging MLLM. We adopt a judging MLLM to perform ation audio components, as a prerequisite for final results.
quality verification and evaluate the mixed audio across Efficiency. We quantitatively assess the operational effi-
five dimensions: (i) Separation accuracy assesses whether ciency of our self-feedback audio agent on a subset of 200
the corresponding audio components are correctly retained randomly sampled video clips from the test set. On aver-
from the original audio; (ii) Generation accuracy assesses age, the agent requires only 1.67 rework iterations per clip
whether the newly generated audio component matches the to achieve satisfactory results, with a total processing time
text description; (iii) Acoustic harmony assesses whether averaging 69.9 seconds. Specifically, the initial editing plan
the remixed audio is acoustically harmonious; (iv) Instruc- generation requires 27.3 seconds, leaving 42.6 seconds ded-
tion adherence assesses whether the remixed audio adheres icated to the iterative self-feedback loop.
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Figure 8. Visual comparison of the mask refinement process under different degradation schedules. Top: Original videos with coarse

masks. Rows 2-4: Editing results with evolving refined masks.

Table 6. The inference time and peak VRAM of comparison with
state-of-the-art methods.

Method AVED Ovi  VACE-Foley AVI-Edit
Time (s) | 1140.5 232.6 1003.6 311.3
VRAM (GB) |  37.6 59.6 33.2 36.2

7.5. Inference Costs

We evaluate the inference time and peak VRAM of our
framework and the comparison methods, averaged over
100 clips using a single NVIDIA A100 GPU. As shown
in Tab. 6, AVI-Edit operates over 3x faster than both
AvVED [41] and VACE-Foley [29, 54], while requiring sig-
nificantly less peak VRAM than Ovi [43].

7.6. Evaluation Metrics Details

As described in Sec. 5.1, we adopt seven metrics to quan-
titatively evaluate performance and present the results in
Tab. 1 of the main paper. For clarification, we detail these
metrics as follows:

* FVD assesses the video quality, calculating the Frechét
video distance [59] between real and generated video fea-
tures, extracted by the Inception Network.

IS assesses the fidelity and diversity of generated frames,
calculating the Inception score [52] using the softmax
outputs of the Inception classifier.

* FC assesses the temporal consistency across video
frames, calculating the cosine similarity between the em-
beddings of consecutive video frames, extracted by the
CLIP visual encoder [48].

* TC assesses the text-video consistency, calculating the
cosine similarity between the generated video and text
embeddings extracted by the VideoCLIP-XL [62].

* AC assesses the audio-video consistency, calculating the
cosine similarity between the generated audio and video
embeddings extracted by the ImageBind [25].

* Sync-C/D are metrics that assess the audio-lip synchro-
nization. They first calculate the Euclidean distance be-
tween audio embeddings and mouth-region video embed-

dings, extracted by the SyncNet [18]. Next, Sync-C is de-
fined as the difference between the minimum and the me-
dian of these Euclidean distances, and Sync-D is defined
as the minimum of all computed Euclidean distances.

7.7. Organization of Supplementary Video

We provide a supplementary video to dynamically show-
case our audio-sync instance editing results. The video is
structured as follows: (i) Representative application sce-
narios: We demonstrate four representative editing scenar-
ios to highlight the diverse and compelling applications of
our framework (Fig. 1). (ii) Additional application sce-
narios: We showcase four extended application scenar-
ios to further demonstrate the versatility of our framework
(Fig. 6). (iii) Optional control contexts: We visualize
the integration of optional control contexts (i.e., scribble,
pose, and reference image) to facilitate fine-grained edit-
ing (Fig. 5). (iv) Comparison and ablation study: Finally,
we provide audio-sync instance editing comparisons against
state-of-the-art methods (Fig. 3), followed by visual abla-
tions to verify the effectiveness of each component (Fig. 4).



Model Instruction
Vison Language Model

You are an expert visual captioner. You will be given a video, an instance mask, a summarized audio caption, and a user-provided text
description. Your task is to edit the audio caption by removing the masked object's sound or to generate a new audio description that satisfies
the user's intent.

(a) Audio Separation (b) Audio Generation
First, analyze the provided mask, video, the original audio First, analyze the provided mask, video, and the user-provided
caption and the user-provided description to determine the description to determine the new target instance and classify its
removed instance and whether the removed instance is a human intended sound category.
who is speaking or not. Next, based on the video scene and the user's description,
Next, imagine the audio after removing that instance and generate a scene-appropriate audio caption suitable for audi
generate a caption within 10 words, which should reflect the generation.
remaining audio after the instance is removed. Output only two lines:
Output only two lines: Line 1 — the new audio caption for generation.
Line 1 — the remaining audio caption for separation. Line 2 — “Speech”, “Music”, or “Effect”, representing the
Line 2 — “Human-speech” or “Non-speech”, representing the sound category of the generated audio components.

sound category of the removed audio components.

Judging Multi-Modal Language Model

You are an expert multimodal evaluator for an automatic audio editing system. Your goal is to evaluate the quality of the remixed audio and its
adherence to a user's edit instruction. You should score the audio across five criteria and provide improved generative prompts if needed.

You will be given the following 7 inputs: 1. Input Video (v): The video to be edited; 2. Accompanying Audio (a): The accompanying audio with
the video; 3. Input Mask (m): A video identifying the target instance to be edited; 4. Remixed Audio (a'): The final, edited audio; 5. Text
Description (y): The high-level text instruction describing the desired edits; 6. Separation Prompt: The text prompt used by the system to
identify and separate non-target audio components. 7. Generation Prompt: The text prompt used by the system to generate the new target audio
components.

You are an extremely harsh and critical evaluator whose primary job is to find flaws. You must rigorously compare the Original Audio (a) and
Remixed Audio (a'). Then, evaluate a' based on the inputs (v, m, y) by assigning an integer score (0=Unacceptable, I=Borderline Acceptable,
2=Perfectly Acceptable) to each of the five criteria. Calculate the Total Score (max 10); if the Total Score is less than 8, you should provide
improved versions of the Separation Prompt and Generation Prompt; otherwise, output the original prompts as the edit is successful.

The five evaluation criteria are: (i) Separation accuracy assesses whether the corresponding audio components are correctly retained from the
original audio. (ii) Generation accuracy assesses whether the newly generated audio component matches the text description. (iii) Acoustic
harmony assesses whether the remix audio is acoustically harmonious. (iv) Instruction adherence assesses whether the remixed audio adheres
to the text instruction and editing goal. (v) Audio fidelity assesses whether the remixed audio sounds realistic.

Overall Process Curated Audio
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. . | |
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Figure 9. A representative example of the self-feedback audio agent.
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