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Abstract

Sound effect editing—modifying audio by adding, removing,
or replacing elements—remains constrained by existing ap-
proaches that rely solely on low-level signal processing or
coarse text prompts, often resulting in limited flexibility and
suboptimal audio quality. To address this, we propose AV-
Edit, a generative sound effect editing framework that en-
ables fine-grained editing of existing audio tracks in videos by
jointly leveraging visual, audio, and text semantics. Specifi-
cally, the proposed method employs a specially designed con-
trastive audio-visual masking autoencoder (CAV-MAE-Edit)
for multimodal pre-training, learning aligned cross-modal
representations. These representations are then used to train
an editorial Multimodal Diffusion Transformer (MM-DiT)
capable of removing visually irrelevant sounds and gener-
ating missing audio elements consistent with video content
through a correlation-based feature gating training strategy.
Furthermore, we construct a dedicated video-based sound
editing dataset as an evaluation benchmark. Experiments
demonstrate that the proposed AV-Edit generates high-quality
audio with precise modifications based on visual content,
achieving state-of-the-art performance in the field of sound
effect editing and exhibiting strong competitiveness in the do-
main of audio generation.

Extended version and code —
https://github.com/V2AResearch/AV-Edit

Introduction
Recent advances in diffusion-based generative models have
driven substantial progress in video editing, enabling di-
verse and controllable modifications while preserving the
creative potential of generative synthesis (Feng et al. 2024;
Yang et al. 2025). Meanwhile, video-to-audio (V2A) gener-
ation (Luo et al. 2023a; Xu et al. 2024; Gramaccioni et al.
2024) has attracted increasing attention, with research fo-
cusing on temporal synchronization and semantic alignment
between generated audio and video. Despite these develop-
ments, sound effect editing—the task of modifying existing
audio by adding, removing, or replacing elements—remains
significantly less mature than video editing, particularly
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Figure 1: Overview of the AV-Edit framework. The pre-
trained CAV-MAE-Edit encoder extracts joint audio–visual
features, which are then fed into a multimodal diffusion
model to generate the edited audio.

when precise synchronization with visual cues is required.
Real-world cases—such as background noise unrelated to
the scene contaminating the soundtrack of a live-action
video, or objects being added or removed during visual edit-
ing without corresponding audio adjustments—underscore
the need for seamless audio editing to ensure coherent mul-
timedia experiences.

Traditional sound effect editing methods rooted in sig-
nal processing manipulate waveforms, frequency spectra, or
time–frequency features using operations such as cropping,
splicing, and adaptive filtering. These techniques, while ef-
fective for basic modifications, rely heavily on manual pa-
rameter tuning and offer limited semantic control. Recent
deep learning approaches attempt to overcome these limi-
tations by employing diffusion models to edit audio con-
ditioned on textual prompts (Wang et al. 2023; Manor and
Michaeli 2024), where the audio is encoded into a latent
space and regenerated under prompt guidance. However,
these methods rely on manual adjustments and prior knowl-
edge of signal characteristics, struggling to dynamically syn-
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chronize audio edits with visual content while preserving
original audio fidelity and audio–visual alignment.

To address these challenges, we introduce AV-Edit, a mul-
timodal generative framework for fine-grained and visually
aligned sound effect editing task. AV-Edit is designed to pro-
cess audio, visual, and textual inputs, leveraging these mul-
timodal cues within a generative model to achieve precise
semantic alignment and temporal synchronization between
the edited audio and the accompanying video. As illustrated
in Figure 1, the framework consists of four primary com-
ponents: a joint audio–visual encoder (CAV-MAE-Edit), a
text encoder (Radford et al. 2021), a visual synchroniza-
tion encoder (Iashin et al. 2024), and a multimodal diffu-
sion transformer (MM-DiT) (Peebles and Xie 2023). Among
these, CAV-MAE-Edit is trained using a combination of
contrastive pre-training and masked self-encoding. It learns
joint audio–visual representations by projecting both modal-
ities into a shared feature space, and employs mixing-based
coding method with cross-attention to visual semantics ap-
plied during audio encoding/decoding, producing audio em-
beddings that are explicitly aligned with the visual content.
The MM-DiT then leverages these embeddings, together
with an audio–visual correlation-based feature gating train-
ing strategy, to guide the audio generation process and per-
form the desired editing operations.

For evaluation, we construct VGG-Edit, a benchmark
dataset derived from the VGGSound (Chen et al. 2020)
test set. We select 450 clips and systematically apply three
types of edits—sound effect addition, deletion, and replace-
ment—to create standardized evaluation scenarios for video-
based sound effect editing. Both objective and subjective
evaluations demonstrate that AV-Edit achieves state-of-the-
art performance, producing high-quality, visually consistent
audio while remaining competitive across multiple metrics
in both sound effect editing and audio generation fields.

In summary, our main contributions are as follows:

• A new generative paradigm for sound effect editing. AV-
Edit jointly leverages audio, visual, and textual seman-
tics to enable fine-grained, visually synchronized sound
effect editing in videos.

• A contrastive audio–visual encoder tailored for sound ef-
fect editing. CAV-MAE-Edit integrates contrastive pre-
training and masked self-encoding, to learn semantically
relevant joint audio-visual representations.

• A benchmark for video-driven sound effect editing to
facilitate fair comparison. VGG-Edit is a high-quality
benchmark dataset featuring systematically constructed
addition, deletion, and replacement scenarios.

Related Work
Audio Editing
Research on audio editing spans both traditional signal
processing and modern generative methods. Early tech-
niques, such as waveform editing tools (Derry 2012) and the
WSOLA algorithm (Verhelst and Roelands 1993), enable
operations like cutting, splicing, time-stretching, and pitch-
shifting. While suitable for basic modifications, these ap-

proaches rely heavily on manual parameter tuning and can-
not synthesize content beyond the original recording. With
the advent of deep learning, generative models have intro-
duced a new paradigm for audio editing. Instruction-driven
systems (Wang et al. 2023; Vyas et al. 2023; Han et al. 2024)
train task-specific generative models to add, replace, or mix
audio segments, but require extensive annotated datasets.
Other works (Liu et al. 2023; Manor and Michaeli 2024)
employ Denoising Diffusion Probabilistic Models (DDPM)
and Denoising Diffusion Implicit Models (DDIM) to guide
edits from latent noise using text prompts; however, their
reliance on precise textual descriptions limits applicability
to more flexible or context-driven scenarios. Beyond text-
conditioned methods, localized spectrogram-based editing
has also been explored. For example, AudioMorphix (Liang
et al. 2025a) supports spectrogram modifications but re-
quires target and reference audio, while linguistically guided
audio-visual editing (Liang et al. 2024) depends on hand-
crafted feature mappings, constraining scalability. Overall,
current approaches struggle to achieve fine-grained, context-
aware edits that dynamically adapt to video.

Audio-Visual Pre-training
Video-based sound effect editing requires robust joint rep-
resentations of audio and video to ensure semantic align-
ment and temporal synchronization. Foundational works
like CLIP (Radford et al. 2021) and CLAP (Wu* et al. 2023)
align text with images and audio, respectively, laying the
groundwork for cross-modal alignment. Beyond text-based
alignment, several studies focus on video–audio representa-
tion learning. For example, Synchformer (Iashin et al. 2024)
and DiffAV (Luo et al. 2023b) adopt contrastive learning
to obtain temporally and semantically aligned audio–visual
features. Other approaches exploit feature fusion to enhance
cross-modal understanding. UAVM (Gong et al. 2022a) and
VALOR (Liu et al. 2024) integrate complementary informa-
tion by extracting features from each modality and sharing
parameters across specific network layers, thereby promot-
ing modality interaction. In parallel, masked signal model-
ing serves as a representation learning approach, where a
large portion of the input data—such as images or audio—is
masked out. This compels the encoder to learn rich seman-
tic representations of the underlying signal in order to re-
construct the masked modality. Recent works (Gong et al.
2022b; Georgescu et al. 2023; Araujo et al. 2025) combine
masked autoencoding with contrastive learning to jointly
capture modality-specific features and cross-modal rela-
tionships, enabling the development of robust audio–visual
models suited for generative editing tasks.

Multimodal Audio Generation
Text-driven approaches (Hung et al. 2024; Lee et al. 2024)
synthesize audio from textual descriptions, while video-to-
audio approaches (Zhang et al. 2024; Viertola, Iashin, and
Rahtu 2025) generate sound effects directly from visual in-
puts. Some methods, such as SSV2A (Guo et al. 2024),
locally perceive multimodal sound sources from a scene
with visual detection and cross-modality translation, address
V2A generation at the sound-source level. Others pursue
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Figure 2: Overview of CAV-MAE-Edit network. The single-modal encoders encode the visual and audio inputs separately. The
multi-modal encoder and decoder process the joint embeddings of vision and audio.

fully joint modeling across text, video, and audio: MMAu-
dio (Cheng et al. 2025) and MultiFoley (Chen et al. 2025)
integrates all three modalities into Transformer, enable flex-
ible control of audio generation across modalities. From an
architectural perspective, autoregressive strategies (Viertola,
Iashin, and Rahtu 2025), latent diffusion models (LDMs)
and diffusion transformers (DiTs)(Luo et al. 2023b; Cheng
et al. 2025), and rectified flow matching(Wang et al. 2024b)
have all been explored. While these methods advance mul-
timodal generation, most focus on generating audio from
silent videos. Editing sound effects in videos that already
contain original audio—requiring both fine-grained con-
trol and preservation of temporal and semantic consis-
tency—remains a largely unsolved challenge.

Methodology
The implementation of AV-Edit consists of two core stages:
the pre-training stage of the audio-visual co-encoder CAV-
MAE-Edit, and the training stage of the generative sound ef-
fect editing model implemented through modal-correlation
feature gating and the MMDiT architecture. The overall
structure of this framework is shown in Figure 1.

Editorial Audio-Visual Co-Encoder
To facilitate signal reconstruction through joint semantic
learning of visual and auditory inputs while acquiring uni-
fied audio-visual representations, we adopt the Contrastive
Audio-Visual Masked Autoencoder (CAV-MAE) (Gong
et al. 2022b) framework for audio-visual pre-training. Fur-
thermore, departing from conventional approaches, we inno-
vatively introduce spectrogram segmenting and audio mix-
ing strategies: the former can enhance the granularity of
audio-visual pairs, while the latter enables the model to ex-
tract visually relevant information from the mixed audio
based on visual semantics and encode the required infor-
mation in an editing manner. Figure 2 illustrates the overall
framework of our proposed method.

We shall commence with a review of the fundamental
principles of CAV-MAE. For a given audio-visual pair, CAV-

MAE initially crops the visual input to a fixed size and
extracts the Mel spectrogram of the corresponding audio
signal. Subsequently, the multi-modal signals denoted as
{vi, ai} undergo tokenization to generate corresponding to-
ken sequences {Vi, Ai}, which are then projected into the
R768 space via the modality-specific linear projection lay-
ers. Meanwhile, the model incorporates 2-D positional em-
beddings (pv, pa) and modality-type embeddings (mv,ma)
into the aforementioned patch tokens. Ultimately, 75% of
the content for each modality is masked. The input to the
encoder is formulated as follows:

V unmask
i = Mask0.75(Projv(Patchv(vi)) + pv +mv),

Aunmask
i = Mask0.75(Proja(Patcha(ai)) + pa +ma).

(1)
The sequences of visual and audio tokens are then for-
warded through single-modal encoders Ev(·) and Ea(·),
respectively, for learning modality-specific representations
EVi

and EAi
. All single-modal encoders employ the Vi-

sion Transformer (ViT) (Dosovitskiy et al. 2021) architec-
ture without sharing weights. Subsequently, EVi , EAi , and
Concat(EVi , EAi) are fed into a joint audio-visual encoder,
yielding EV

′
i

, EA
′
i
, and Concat(EV

′′
i
, EA

′′
i
). These three

streams incorporate modality-specific layer normalization
while sharing weights of other network layers in this mul-
timodal encoder. The model leverages the single-modal out-
puts EV

′
i

and EA
′
i

for contrastive learning, and adopts the
multimodal output Concat(EV

′′
i
, EA

′′
i
) for the reconstruc-

tion task. The contrastive loss is defined as:

Lc = − 1

N

N∑
i=1

log (
exp(si,i/τ)∑

k ̸=i exp(si,k/τ) + exp(si,i/τ)
),

(2)

where si,j =
∥∥∥EV

′
i

∥∥∥T ∥∥∥EA
′
i

∥∥∥, and τ is the temperature pa-
rameter of the similarity distribution. On the other hand,
the reconstruction loss is defined as the mean squared er-
ror between the original patches (Vi, Ai) and the recon-
structed patches (V

′

i , A
′

i), where the latter are the outputs
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of Concat(EV
′′
i
, EA

′′
i
) after the multimodal decoder:

Lmae =
1

N

N∑
i=1

(

∑
(V ′mask

i − norm(V mask
i ))2∣∣V mask

i

∣∣
+

∑
(A′mask

i − norm(Amask
i ))2∣∣Amask

i

∣∣ ),

(3)

where N denotes the batch size, and
∣∣V mask

i

∣∣ as well as∣∣Amask
i

∣∣ represent the number of masked visual and audio
patches, respectively. Finally, CAV-MAE weights and aggre-
gates the contrastive loss and reconstruction loss to yield the
final loss function:

LCAV−MAE = λcLc + λmaeLmae. (4)

With respect to our proposed model, to acquire the tar-
get audio-visual co-encoder, we introduce the following im-
provements within the framework of CAV-MAE.
• Segment the spectrogram to increase the fine-grained

nature of audio-visual pairs. CAV-MAE maps the en-
tire audio clip to a random frame of the video, failing to
achieve accurate alignment between audio-visual events.
Consequently, we preform frame-wise segmentation on
audio-visual pairs, realizing manual temporally align-
ment on one hand, and ensure the semantic relevance of
the two by narrowing the time range on the other. Specif-
ically, frames are extracted from the video at a sampling
rate of 8 FPS, where each video frame is paired with a
0.125s audio segment cropped from the full Mel spec-
trogram at the corresponding temporal position. This ap-
proach enables fine-grained segmentation of the entire
audio while preserving a certain level of semantic in-
formation, thereby achieving accurate alignment with the
corresponding visual information. Let T denote the total
number of video frames, and L represent the total length
of the Mel spectrogram. The temporal center of the au-
dio segment corresponding to the i-th frame is given by
i ∗L/T . Given that the duration of the audio segment for
each frame is fixed as l, the start and end positions of the
audio segment corresponding to the i-th frame within the
Mel spectrogram are defined as lstart = i ∗ L/T − l/2
and lend = i ∗ L/T + l/2, respectively. This method
enables the encoder to be trained with more precisely
aligned audio-visual pairs.

• Mixing to compel the model to learn audio-visual re-
lated semantics. To encode features of audio segments
that are relevant to visual semantics and achieve the de-
sired editing effect, we mix the target audio with irrel-
evant audio, as detailed in Appendix B1. As shown in
Figure 2, we mask the same positions of the original and
mixed audio, concatenate their outputs, and feed the re-
sult into an audio encoder. Subsequently, the mixed audio
component within the audio embeddings is concatenated
with the visual embeddings and input to the joint blocks
of the multimodal encoder, where inter-modal informa-
tion interaction is performed through Attention and MLP
layers to derive semantically relevant audio-video em-
beddings. At the same time, the original audio embed-
dings, together with the duplicated visual embeddings,

are encoded through the single-modal blocks within the
multimodal encoder. This entire process can be repre-
sented as:

(e
′

V , e
′

M ) = Ej(concat(eV , eM ));LN1av;LN2av),

e
′′

V = Ev(eV ;LN1v;LN2v),

e
′

A = Ea(eA;LN1a;LN2a).
(5)

We input (e
′

V , e
′

M ) into the joint decoder to reconstruct
data of each modality. For the reconstruction loss, we cal-
culate it using the decoded audio-visual patches and the
original audio-visual patches.

• Adding modal related global tokens to focus on global
information. Referring to (Araujo et al. 2025), we sim-
ilarly introduce the global tokens Gv and Ga, which
continuously aggregate information during the single-
modal encoding and multimodal encoding phases, focus-
ing on the global representation of the respective modal-
ity. These encoded global tokens E

′

Gv
and E

′

Ga
are also

ultimately used to calculate the contrastive loss.

Generative Sound Effect Editing
With the aforementioned editorial audio-visual co-encoder
in place, we next employ a multimodal diffusion model for
generative sound effect editing. AV-Edit, as a generative
sound effect editing model, can be divided into two parts:
feature extraction and diffusion-based generation, which
will be elaborated in detail below.

Feature Extraction Audio and visual semantic embed-
dings Fa and Fv incorporating both temporal and spatial di-
mensions are extracted via the pre-trained co-encoder CAV-
MAE-Edit. These embeddings are flattened along the tem-
poral dimension and pooled across the spatial dimension.
Subsequently, a correlation-based feature gating strategy is
adopted to compute the cosine similarity between audio and
visual embeddings frame-by-frame, thereby determining the
degree of semantic alignment between the current image and
audio features. This mechanism enables the determination of
whether to feed the audio features of the current frame into
the generative network. The proposed algorithm retains au-
dio embeddings whose similarity scores exceed a predefined
threshold r, while substituting semantically irrelevant audio
features with empty features. The textual feature Ft is ex-
tracted using CLIP, and the visual synchronization feature
Fsync is obtained through Synchformer to facilitate the gen-
eration of video-synchronized audio. Thereafter, the visual-
audio-textual semantic features are projected onto the pre-
defined dimensions by their respective projection layers; on
the one hand, they serve as inputs to the diffusion model, and
on the other hand, they undergo pooling across time and are
summed with the temporal embedding to form global con-
trol information gc. Furthermore, the visual synchronization
features, after projection, are added to gc to form the tem-
poral synchronization information fc, which is incorporated
into the generation process. During the training process of
AV-Edit, all these encoders are frozen, and the projection
layer will be trained from scratch.
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Method Metrics
Segmenting Global Token Mixing Audio MAE Loss Visual MAE Loss Constrastive Loss Total Loss

× × × 2.219 1.335 1.484 3.569
✓ × × 0.450 1.097 8.552 1.632
✓ ✓ × 0.400 0.942 0.807 1.350
✓ ✓ ✓ 0.661 0.619 1.701 1.297

Table 1: Comparison of the losses for CAV-MAE-Edit under different methods.

Diffusion Generation Aiming to fully leverage multi-
modal information, and thus, similar to MMAudio, we adopt
the MM-DiT block from (Esser et al. 2024). The detailed
structure of the generative model component in AV-Edit is
provided in Appendix A1. Within the diffusion model, ini-
tially, the target audio is encoded into latent space as x by
a pre-trained VAE encoder, followed by forward diffusion.
Correspondingly, the VAE decoder leverages the backward
denoising process to obtain the output x̂, namely the high-
dimensional representation retrieved from the latent space.
During the forward diffusion, Gaussian noise is added to the
latent x0 of the clean audio to obtain noisy latent xt at differ-
ent time steps (t ∈ {1, . . . , T}). In step t, xt =

√
αt ·xt−1+√

1− αt ·ϵt, where ϵt ∼ N (0, I) is Gaussian noise and αt is
a scale parameter. Correspondingly, the inverse process is an
iterative denoising of pure noise xT to recover the original
data x0. It is well-known that DiT adopts Transformer as the
backbone network of the diffusion model to modeling the
noise prediction function ϵθ. Furthermore, the multimodal
diffusion model we use incorporates control conditions into
the noise prediction process. Specifically, it concatenates the
queries, keys, and values of the visual-audio-textual embed-
dings with those of the latent xt, and then fuses features from
these modalities through joint attention. The predicted latent
can be expressed as ϵθ(xt, t, (fa, fv, ft)) and the network is
trained with the goal:

L(θ) = Ex0,ϵ,t[∥ϵ− ϵθ(xt, t, (fa, fv, ft))∥2], (6)

where ϵ ∼ N (0, I) and t ∼ Uniform(1,T). Detailed imple-
mentation specifications for the remaining modules of the
generative network are provided in Appendix A2. Further-
more, the Classifier-Free Guidance (CFG) technique is in-
corporated during the training process. Specifically, in the
training phase, the visual embedding fv , audio embedding
fa, and text embedding ft are randomly masked with learn-
able empty embeddings ∅v , ∅a, and ∅t respectively, with a
masking probability of 10%. The outputs of the model un-
der conditional and unconditional settings is balanced by a
guidance scale s, and the adjusted predicted latent variable
is formulated as follows:

ϵ̂θ(xt, t, (fa, fv, ft)) =s · ϵθ(xt, t, (fa, fv, ft))

+ (1− s)ϵθ(xt, t, (∅a,∅v,∅t)).
(7)

Classifier-Free Guidance serves as an effective approach to
enhancing generation performance and editing capabilities,
while enabling a balanced trade-off between the quality and
diversity of the final output.

Experiments
In this section, we perform comprehensive experiments and
present various evaluation results.

Audio-Visual Co-Encoder CAV-MAE-Edit
The proposed CAV-MAE-Edit undergoes pre-training to ac-
quire joint audio-visual representations and the signal recon-
struction ability corresponding to each modality.

Dataset We utilize the complete VGGSound dataset for
training the proposed encoder. VGGSound contains 200K
10-second videos spanning 309 categories, with each video
containing a semantically explicit audio-visual pair. For each
video, we extract video frames at a sampling rate of 8 FPS
and the complete audio at a sampling rate of 16 kHz. Even-
tually, 80 frames of video and a 128-dimensional Mel spec-
trogram with a length of 1024 are obtained.

Implementation Details We set the length of the Mel
spectrogram segment corresponding to each video frame to
208, and slice the audio to obtain fine-grained visual-audio
pairs. The video frame and audio clip are then segmented
with a patch size of 16, resulting in 14 × 14 blocks of vi-
sual embeddings and 13 × 8 blocks of audio embeddings.
Audio mixing is performed with a probability of 0.5, while
audio and visual embeddings are masked with a probability
of 0.5, resulting in three sets of data: mixed-masked audio,
masked clean audio and masked visual embeddings. These
three streams are fed into their respective encoders. Train-
ing is conducted on four NVIDIA H800 GPUs with a learn-
ing rate of 1e-4 and a batch size of 160 until convergence,
which takes approximately 150 epochs. Furthermore, the
weights parameters of the loss function in Equation 4 are
set to λc = 0.01 and λmae = 1, respectively. The variation
of various loss values during training is illustrated in Figure
B of Appendix B2.

Ablation To explore the effectiveness of the improve-
ments proposed in this work for the audio-visual co-encoder
with respect to CAV-MAE, we conducted ablation experi-
ments under equivalent conditions. Table 1 shows the im-
pacts of spectrogram segmenting, adding global tokens, and
audio mixing on the model. It can be observed that spec-
trogram segmentation significantly reduces the Audio MAE
loss, while the incorporation of global tokens enhances the
model’s capability in contrastive learning. Although the in-
troduction of audio mixing increases the audio MSE loss,
it enables the model to perform audio encoding in an edit-
oriented manner while minimizing the overall model loss.
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Method Distribution matching Audio quality Semantic align Temporal align Efficiency
KLPANNs

↓ KLPaSST ↓ IS↑ IB↑ DeSync↓ Params Time(s)
Seeing&Hearing 2.92 2.93 6.19 33.85 1.193 415M 30.18
FoleyCrafter 2.30 2.25 15.67 25.75 1.222 1.22B 3.71
V-AURA⋆ 2.44 2.08 10.29 27.64 0.813 695M 33.63
Frieren⋆ 3.36 3.59 8.37 17.31 1.259 159M 2.68
V2A-Mapper⋆♢ 2.69 2.55 12.47 22.55 1.225 229M -
AudioX 1.99 1.86 16.82 25.86 1.237 1.10B 13.00
MMAudio-S 1.63 1.60 14.53 28.23 0.505 157M 2.56
MMAudio-L 1.63 1.46 18.13 32.73 0.465 1.03B 3.01
AV-Edit-S (ours) 1.71 1.61 20.38 28.08 0.480 178M 2.69
AV-Edit-L (ours) 1.67 1.41 22.48 31.68 0.441 1.15B 3.18
AV-Edit w/o Audio 1.73 1.45 23.08 30.73 0.481 1.15B 3.16

Table 2: Audio Generation results on the VGGSound test set. The number of parameters excludes all pre-trained encoders. All
samples were generated on an H800 GPU. ⋆: does not use text input during testing. ♢: evaluated using generation samples
obtained directly from the authors. The best result for each indicator is bolded and the second best result is underlined.

Audio Generation Part of AV-Edit
After completing the pre-training of the encoder, the audio
is next generatively edited using the model AV-Edit.

Experimental Setup In this part, we use the datasets VG-
GSound, Audiocaps (Kim et al. 2019), Wavcaps (Mei et al.
2024), and Clotho (Drossos, Lipping, and Virtanen 2020)
to train the model. Audio, visual, and textual features are
extracted from these datasets, and for modalities lacking
in the datasets, we set their features to learnable null to-
kens such as ∅a, ∅v and ∅t. For the aforementioned audio-
visual similarity threshold r, we set it to 0.3. The detailed
process of threshold selection is provided in Appendix A3.
The structure of the diffusion component, the same as in
MMAudio, is divided into two types: small model and large
model. The small model contains 4 MM-DiT blocks and 8
Single-Modal DiT blocks, generating 16 kHz audio encoded
as 20-dimensional latent, while the large model contains 7
MM-DiT blocks and 14 Single-Modal DiT blocks, gener-
ating 44.1 kHz audio encoded as 40-dimensional latent. Us-
ing 25 inference steps and setting the classifier-free guidance
strength to 4.5, the model is trained on four NVIDIA H800
GPUs for about 43 epochs.

Evaluation Metrics The generated audio is evaluated us-
ing distribution matching, audio quality, semantic align-
ment, and temporal alignment. Distribution matching is
measured using the Kullback-Leibler (KL) distance of the
features extracted by the PANNs (Kong et al. 2020) and
PaSST (Koutini et al. 2022) models. Audio quality is evalu-
ated using the Inception Score, while the semantic alignment
score IB and the temporal alignment score DeSync are cal-
culated using ImageBind (Girdhar et al. 2023) and Synch-
former, respectively. Appendix C1 details how these evalua-
tion indicators were calculated.

Quantitative Results We evaluate the generative perfor-
mance of the model using the test set of VGGSound, and the
comparison models contained representative V2A models
Seeing and Hearing (Xing et al. 2024), FoleyCrafter (Zhang
et al. 2024), V-AURA (Viertola, Iashin, and Rahtu 2025),
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Figure 3: The spectrograms of generated audios.

Frieren (Wang et al. 2024b), V2A-Mapper (Wang et al.
2024a), AudioX (Tian et al. 2025), and MMAudio. Un-
like other models, the input of our model AV-Edit includes
not only visual-textual features but also raw audio features,
which, however, interferes with audio generation to some
extent. The above models are used to generate audios with
8 seconds for testing, and the results are shown in Table 2.
Our model is overwhelmingly superior in terms of generated
audio quality, with top performance in distribution match-
ing and temporal alignment, and semantic alignment second
only to Seeing&Hearing and MMAudio. It is worth noting
that, as a generative sound effect editing model, our model
has already outperformed existing state-of-the-art models in
most key metrics and ranked the best when evaluated solely
from the perspective of audio generation without the input
of audio features. For a better comparison, the visualization
results are shown in Figure 3 and analyzed in Appendix C2.
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Sound effect Editing Based on Video Content
Lastly, we explore the editing performance of our proposed
framework in detail, focusing on the addition, removal, and
replacement of original audio tracks in videos.

Dataset VGG-Edit To evaluate the model’s capability of
video-based sound effect editing, we design a dedicated
dataset called VGG-Edit based on the test set of VGGSound.
To be specific, we manually select 450 visually meaningful
videos from approximately 15,000 test videos. For 150 of
these videos, we add sound effects irrelevant to the visual se-
mantics to their audio tracks; for another 150 videos, we re-
move the sound effects relevant to the visual semantics from
their audio tracks; and for the remaining 150 videos, we re-
place the original visually semantic-relevant sound effects in
their audio tracks with sound effects that are irrelevant.

Objective Results We selecte the V2A models AudioX
and DeepSound (Liang et al. 2025b) that support audio track
input as comparative methods, and conducte tests on the pro-
posed sound effect editing dataset, aiming to perform oper-
ations of adding, deleting, and replacing the audio tracks of
the input videos. For AudioX, we input the videos with the
original audio tracks and the specified textual descriptions.
DeepSound handles this slightly differently: in the add and
replace tasks, the videos with the original audio tracks and
the specified textual descriptions are fed into step 1 of the
model, while in the delete task, we skip the first step of the
model and feed the aforementioned inputs into the second
step of the model to separate the sound effects that are not
related to the visual semantics. After extracting the features
of the output audio and target audio using PANNs, we use
the KL distance and Fréchet (Fréchet 1906) distance to eval-
uate the objective metrics of the editing performance of the
aforementioned models, and the results are shown in Table 3.

Method Addition Removal Replacement
FD↓ KL↓ FD↓ KL↓ FD↓ KL↓

VGG-Edit 131.63 5.86 121.07 5.74 135.96 6.12
AudioX w/ T 47.76 2.60 51.71 2.86 79.64 3.66
DeepSound w/ T 40.69 2.53 75.16 3.63 126.10 5.91
AV-Edit w/o T 36.05 1.56 27.56 0.99 48.24 2.13
AV-Edit w/ T 31.04 1.39 25.24 0.95 38.00 1.54

Table 3: The objective results of various sound effect editing
methods on the VGG-Edit dataset.

Our method outperforms others across all metrics, en-
abling purposeful sound effect addition, removal, and re-
placement to approximate the target audio. Compared to Au-
dioX and DeepSound, it achieves significant improvements
in removal and replacement tasks, with FD and KL distances
more aligned with the target. Additionally, textual instruc-
tions enhance sound effect processing effectiveness.

Subjective Results In terms of subjective evaluation, we
use the metrics proposed by the audio editing model Au-
dioMorphix: fidelity (F), perceptual quality (PQ), consis-
tency (C), regional specificity (RS), and instruction adher-
ence (IA). The specific meanings and scoring methods of

Method F↑ PQ↑ C↑ RS↑ IA↑
AudioX w/ T 42.2 49.1 49.7 52.5 58.8
DeepSound w/ T 47.3 39.8 46.9 48.0 36.7
AV-Edit w/o T 64.4 58.8 63.2 63.3 68.0
AV-Edit w/ T 62.4 66.2 64.2 64.7 70.8

Table 4: The subjective results of various sound effect edit-
ing methods on the VGG-Edit dataset.

these metrics are given in Appendix D1. Table 4 demon-
strates the superiority of our method AV-Edit, which can
well refer to the features of the original video’s audio track,
perform sound effect addition or deletion operations based
on visual semantics. The textual feature input has a guiding
effect on the model, which improves the region specificity
and instruction adherence, etc. of the edited audio with a
slight reduction in fidelity. Figure 4 shows the visualization
results of sound effect editing performed by AV-Edit and an-
alyzed in Appendix D2. For example, it can be seen from
the middle part of Figure 4 that the edited audio removes the
sound effect associated with the eliminated image from the
original track, and the retained portion is enhanced. At last,
More ablation experiments can be seen in Appendix E.

Add
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d

Remove Replace

Figure 4: Examples of three editing manipulations: add, re-
move and replace.

Conclusion
In this paper, we propose AV-Edit, a groundbreaking gener-
ative sound effect editing framework for fine-grained edit-
ing of existing audio tracks in videos. With a specially
designed audio-visual co-encoder and a multimodal train-
ing strategy that introduces correlation-based feature gating,
our approach achieves superior sound editing performance,
removes visually irrelevant sounds, and generates missing
sound effect elements. For evaluation, we construct VGG-
Edit, a benchmark dataset for video-based sound effect edit-
ing. Through comprehensive experiments, we demonstrate
that AV-Edit outperforms existing audio generation models
and, simultaneously, fills the gap in video-based sound effect
editing models. In addition, our approach also has a limi-
tation - it does not preserve the original audio completely
without distortion - and we hope to address this pain point
in future work.
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