
SoundBrush: Sound as a Brush for Visual Scene Editing

Kim Sung-Bin1, Kim Jun-Seong1, Junseok Ko2, Yewon Kim1, Tae-Hyun Oh1,3,4

1Department of Electrical Engineering, POSTECH, Korea
2Department of Statistics, Inha University, Korea

3Graduate School of Artificial Intelligence, POSTECH, Korea
4Institute for Convergence Research and Education in Advanced Technology, Yonsei University, Korea

sungbin@postech.ac.kr, junseong.kim@postech.ac.kr, thoh.kaist.ac.kr@gmail.com

Abstract

We propose SoundBrush, a model that uses sound as a brush to
edit and manipulate visual scenes. We extend the generative ca-
pabilities of the Latent Diffusion Model (LDM) to incorporate
audio information for editing visual scenes. Inspired by exist-
ing image-editing works, we frame this task as a supervised
learning problem and leverage various off-the-shelf models
to construct a sound-paired visual scene editing dataset for
training. This richly generated dataset enables SoundBrush to
learn to map audio features into the textual space of the LDM,
allowing for visual scene editing guided by diverse in-the-wild
sound. Unlike existing methods, SoundBrush can accurately
manipulate the overall scenery or even insert sounding objects
to best match the input sound semantics while preserving the
original content. Furthermore, by integrating with novel view
synthesis techniques, our framework can be extended to edit
3D scenes, facilitating sound-driven 3D scene manipulation.

Introduction
Visual scene editing extends beyond image generation by
modifying existing images to meet specific user requirements.
With its promising applications, this field has evolved to in-
clude tasks, such as style transfer (Gatys, Ecker, and Bethge
2016) and translation between image domains (Zhu et al.
2017; Huang et al. 2018). Recently, the remarkable capa-
bilities of text-based generative models have significantly
broadened the scope of visual scene editing to include not
only 2D images (Tumanyan et al. 2023; Hertz et al. 2023;
Brooks, Holynski, and Efros 2023) but also 3D scenes (Haque
et al. 2023), guided by text descriptions as control signals.

Although text descriptions are effective, sound has become
a unique control signal for visual scene editing (Lee et al.
2022; Li et al. 2022; Li, Singh, and Grover 2023). Unlike
text, sound shares the natural association with visual scenes
and can provide rich information that text may overlook.
For example, the intensity of rainfall can range from light
to heavy in sound, whereas a text description might simply
note it as “raining.” Despite these advantages, existing sound-
guided editing methods face significant challenges, such as
being limited to generating entirely new scenes rather than
editing existing ones (Sung-Bin et al. 2023; Yariv et al. 2023;
Qin et al. 2023; Sung-Bin et al. 2024), struggling to insert
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Figure 1: Sound-guided visual scene editing. We propose
SoundBrush, a model that can edit visual scenes by adding
sounding objects or manipulating the scene to align with the
input sound (top). Furthermore, it can be extended to edit 3D
visual scenes using the input sound (bottom).

new objects while only manipulating styles (Lee et al. 2022;
Li et al. 2022), and altering the structure of the source image
after editing (Li, Singh, and Grover 2023).

Addressing these limitations requires overcoming several
challenges. First, effectively capturing informative audio sig-
nals to determine how to manipulate or edit the given image
is difficult due to the significant information gap between au-
dio and visual signals. Secondly, the scarcity of sound-paired
image editing datasets and the difficulty in acquiring them
further amplify these challenges, becoming a bottleneck for
learning the capabilities of sound-guided visual scene editing.

In this work, we propose SoundBrush, a model that tack-
les these challenges and uses sound as a brush to edit vi-
sual scenes. Specifically, we extend the generative capabil-
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ities of the text-to-image model, Latent Diffusion Model
(LDM) (Rombach et al. 2022), by incorporating audio infor-
mation into visual scene editing. To utilize sound as an edit-
ing control signal, we augment textual token spaces of LDM
to include diverse auditory features and design a mapping
network that converts sound into these tokens. Inspired by
existing image-editing works (Brooks, Holynski, and Efros
2023), we employ various off-the-shelf models, such as sound
source localization (Park, Senocak, and Chung 2024), im-
age inpainting (Suvorov et al. 2022), and Prompt-to-Prompt
model (Hertz et al. 2023), to generate a sound-paired vi-
sual scene editing dataset for training. This richly generated
dataset facilitates joint training of the mapping network and
LDM in SoundBrush, enabling the model to edit visual scenes
guided by various in-the-wild sound cues.

We validate the efficacy of our proposed SoundBrush by
comparing it with existing sound-guided visual scene edit-
ing models (Yariv et al. 2023; Qin et al. 2023; Li, Singh,
and Grover 2023). Unlike previous methods, SoundBrush
can accurately insert sounding objects and edit the overall
scenery to reflect the sound semantics, as shown in Fig. 1.
Furthermore, by integrating with a novel view synthesis
method (Mildenhall et al. 2020), our framework can be ex-
tended to edit 3D scenes, enabling sound-guided 3D scene
editing. Our main contributions are summarized as follows:
• Proposing SoundBrush, a model that effectively incorpo-

rates auditory information to manipulate visual scenes.
• Generating a comprehensive dataset paired with sound cues

and visual data, which facilitates the training of models for
sound-guided visual scene editing.

• Demonstrating SoundBrush’s ability to accurately insert
objects or manipulate the overall visual scenes based on
sound cues, including extensions to 3D scene editing.

Related Work
Multimodal-guided image editing. Image editing aims to
modify source images according to diverse user requirements.
Recent advancements, including image-to-image transla-
tion (Isola et al. 2017; Liu, Breuel, and Kautz 2017; Huang
et al. 2018), object insertion (Li, Singh, and Grover 2023;
Yariv et al. 2023), and 3D scene editing (Haque et al. 2023),
have leveraged various modalities to meet diverse needs of
applications. Driven by the generative power and flexibility
of Latent Diffusion Models (LDMs) (Rombach et al. 2022),
integrating multiple modalities within LDMs has become
foundational for manipulating images using different user
inputs, such as images (Yang et al. 2023), drag-and-click
actions (Shi et al. 2024), and textual descriptions (Huberman-
Spiegelglas, Kulikov, and Michaeli 2024).

Among these modalities, textual description is a predomi-
nant signal for editing, allowing users to describe their edit-
ing intentions using words. The introduction of the CLIP
model (Radford et al. 2021) has significantly advanced this
area by leveraging high-level text-visual embeddings to guide
image editing. However, achieving precise control over image
changes and ensuring consistent results for specific prompts
remain challenging. To address these challenges, methods
such as Prompt-to-Prompt (Hertz et al. 2023) and Plug-and-

Play (Tumanyan et al. 2023) have shown that controlling the
attention map within a diffusion model—originally trained
for image generation—can effectively edit images without
additional training. These approaches enhance the precision
and consistency of edits based on user inputs. Building on
the success of text-based methods (Brooks, Holynski, and
Efros 2023; Saharia et al. 2022; Kim, Kwon, and Ye 2022),
the expansion to other input modalities continues to progress
by aligning each modality to these text-based models (Li,
Singh, and Grover 2023; Kawar et al. 2023). In this trend,
our main goal is to extend the existing text-based editing
model to include in-the-wild sound as a control modality. By
leveraging expressive semantics in audio inputs, we aim to
significantly advance multimodal image editing.
Sound-guided image synthesis. Recent studies in sound-
guided image synthesis have shown that the cross-modal
association between sight and sound provides important in-
formation effectively leveraged for image synthesis. Utilizing
this fact, one line of research focuses on generating images
from sound inputs. Initially, early works targeted specific
sound categories, such as musical instruments (Hao, Zhang,
and Guan 2018; Narasimhan et al. 2022), bird sounds (Shim,
Kim, and Kim 2021), or speech data (Oh et al. 2019), for
image synthesis. With advancements in generative models,
more recent methods have achieved remarkable results using
Generative Adversarial Networks (GANs) (Sung-Bin et al.
2023) or text-conditioned diffusion models (Yariv et al. 2023;
Qin et al. 2023). However, since their main goal is generation
rather than editing, these methods often struggle to preserve
the original content when used to edit images with sound.

In response to this, another line of research has emerged
that proposes editing existing images using sound-based in-
puts. Lee et al. (2022) expand the embedding space of text-
based image manipulation models to include sound inputs,
and Li et al. (2022) utilize conditional GANs to adjust the
visual style of images to match sounds by learning from unla-
beled audio-visual data. More recently, InstructAny2Pix (Li,
Singh, and Grover 2023) shows significant improvement in
image editing by introducing a model that takes multimodal
instructional inputs, including sound and text. Despite their
success, these existing sound-guided image editing models
primarily focus on style manipulation rather than the inser-
tion of sounding objects (Lee et al. 2022; Li et al. 2022) and
often fail to preserve the content of the source image (Li,
Singh, and Grover 2023). Our work aligns with the latter
approach, proposing a model that can edit and manipulate
visual scenes based on sound inputs. Furthermore, we aim
to address the limitations of existing methods by accurately
inserting sounding objects and editing scenes based on sound,
including extensions to 3D scene editing (Haque et al. 2023).

Method
Our goal in this work is to edit visual scenes based on the
given in-the-wild audio. We are motivated by the fact that
sound contains useful information that can directly influence
the editing of an image. This information in the sound may
be related to a sound-producing object, e.g., a “Dog bark-
ing” and a “Train whistling,” or it could indicate general
changes in the scene, e.g., “Raining” and “Stream burbling.”
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Figure 2: Our proposed approach. We start by designing an automatic dataset-construction pipeline as in (a). The dataset is
constructed with a fully synthetic subset, involving synthetically generated image pairs paired with audio, and real data involved
subset, involving real audio and images. Using this dataset, we train SoundBrush to effectively translate audio features into audio
tokens, which can then be used as control signals for the image editing latent diffusion model as described in (b).

Inspired by the prior arts (Brooks, Holynski, and Efros 2023;
Li, Singh, and Grover 2023), we approach this as a super-
vised learning problem. We begin by generating a paired
training dataset that includes audio along with images both
before and after editing. This dataset is then used to train
a conditional diffusion model that uses audio as a control
signal, enabling to learn how to accurately edit the visual
scene based on the perceived sound. The overall pipeline of
training data generation is described in Fig. 2 (a).

Constructing the Training Dataset
Leveraging synthetic datasets has proven effective for train-
ing in generative tasks (Brooks, Holynski, and Efros 2023; Li,
Singh, and Grover 2023). Given that our dataset requires the
incorporation of sound, we have extended these prior works
to construct a rich dataset that pairs a sound with an input
source image of a visual scene and a target image that reflects
auditory information. Specifically, we develop two subsets:
one fully synthetic, consisting of generated image pairs with
corresponding audio, and the other synthetically generated
but incorporating real images and audio.
Fully synthetic subset. The generation of the fully syn-
thetic subset involves creating source and target prompts
based on sound events, followed by generating paired images
from these prompts (Fig. 2 (a)-row 1). For example, given
the source prompt “Sunny city street” and the sound-related
keyword “Waterlogged,” we create the target prompt “Wa-
terlogged city street,” which is then used to generate paired
images. For this, we design an automated pipeline using

GPT-4 (Achiam et al. 2024) and a text-to-image diffusion
model (Rombach et al. 2022). This process includes (1) se-
lecting categories from the sound dataset, (2) creating source
and target prompts with sound-related keywords, and (3)
generating the corresponding before and after images.

Initially, we extract sound categories from the VGGSound
dataset (Chen et al. 2020), focusing on environmental sounds
like “Waterfall burbling” and “Thunder.” We then gener-
ate source prompts by combining various locations, objects,
weather conditions, and environments, utilizing GPT-4’s ex-
tensive language capabilities. Subsequently, we create source-
target prompts in large quantities through few-shot prompt-
ing with GPT-4, integrating sound-related keywords into the
target prompts. This allows for a natural integration of var-
ious sound events into the target prompts, beyond simply
concatenating keywords. The constructed prompt pairs are
used for generating image pairs. Following previous stud-
ies (Brooks, Holynski, and Efros 2023), we employ Prompt-
to-Prompt (Hertz et al. 2023) to create before and after editing
samples. This method adjusts the cross-attention in the de-
noising process to enhance content similarity while reflecting
changes specified in the target prompt.

After generating the samples, we adopt several CLIP-based
metrics, including directional similarity and feature similar-
ity between two images in CLIP space, to ensure the quality
of the generated subset. Images that fall below a specified
threshold are filtered out. Additionally, we incorporate Im-
ageBind (Girdhar et al. 2023) to validate whether the target
image accurately represents the sound event by measuring
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the audio-visual feature similarity in the ImageBind space
and excluding those that do not meet the required threshold.
Real data involved subset. Along with the fully synthetic
one, we also construct a subset that incorporates real-world
data (Fig. 2 (a)-row 2). We begin by extracting paired audio
and images from the VGGSound dataset. We then use a
sound source localization model (Park, Senocak, and Chung
2024) to detect and localize the sounding object with a coarse
mask. Given this coarse mask on the sounding object, we
employ LaMa (Suvorov et al. 2022) to inpaint over the mask
of the sounding object. The inpainted image serves as the
“before editing” image, while the original image is used as
the “after editing” image, thus creating triplet pairs for the
dataset. However, as neither the sound source localization
model nor the inpainting model may be sufficiently reliable,
we use ImageBind (Girdhar et al. 2023) to filter out noisy
inpainted pairs. We remove pairs where the feature similarity
between the audio features and the inpainted image in the
ImageBind space is above the threshold, i.e., indicating that
the inpainted image still consists the sounding object.

In total, we construct a dataset consisting of 83,614 pairs,
with 27,056 fully synthetic and 56,558 involving real data.
The example pairs are shown in the Fig. 2 (a)-row 3.

Learning to Edit Visual Scene with Sound
We leverage the strong generative capabilities of the existing
Latent Diffusion Model (LDM) (Rombach et al. 2022) and
extend this to accommodate sound as a condition for editing.
To achieve this, we design a mapping network that translates
audio features into a sequence of tokens within the textual
spaces of LDM. These tokens are then fed into the LDM to
manipulate the visual scene. We train this model with our
constructed dataset to jointly learn how to map audio into
sequences of tokens in the textual space, while also learning
to edit visual scenes using these tokens. The overall pipeline
of our proposed SoundBrush is illustrated in Fig. 2 (b).
Preliminary of the text-guided image editing model. We
base our model on InstructPix2Pix (Brooks, Holynski, and
Efros 2023), which utilizes text instructions for image edit-
ing. InstructPix2Pix is built on the LDM (Rombach et al.
2022), which learns the underlying probabilistic model of
image data x within the latent space p(z) of the variational
autoencoder with a encoder E(·) and a decoder D(·), where
z = E(x), and x̂ = D(E(x)). Learning such probabilistic
model involves learning the reverse Markov process over a
sequence of T timesteps in the latent space. For each timestep
t = 0, . . . , T , the denoising function ϵθ : Rd → Rd, where d
is the dimension of the latent, is trained to predict a denoised
version of the perturbed zt at timesetp t, as ϵθ(zt, t).

InstructPix2Pix incorporates the conditioning text input
cV during the denoising process by employing the CLIP text
encoder as cV = CLIPT(V ), where V represents the textual
tokens of the input text instruction. Additionally, Instruct-
Pix2Pix adds extra input channels to the first convolutional
layer of the LDM to facilitate image conditioning by concate-
nating zt with E(cI), where cI is the conditioning image. The
corresponding objective can be simplify written as follows:

LLDM = Ezt,t,ϵ∈N (0,I)[∥ϵ− ϵθ(zt, t, E(cI), cV )∥22]. (1)

Translating audio into textual spaces. While the condi-
tional input cV in InstructPix2Pix is derived from text instruc-
tions, our aim is to use sound solely as the conditional input
to guide the model in editing and manipulating visual scenes.
To facilitate this, we design a mapping network that translates
audio features into tokens within the textual spaces of the
LDM. Specifically, given the input audio A, we extract audio
features fA = CLAP(A), where CLAP(·) is a pretrained
CLAP audio encoder (Wu et al. 2023). These features fA

are then fed into the mapping network M(·), which converts
fA into a sequence of audio tokens in the textual spaces
as V A = M(fA). The mapping network, built with Trans-
former encoder layers, takes two different inputs: the audio
features and a sequence of learnable tokens. These learnable
tokens are designed to extract useful information from the
audio features through multi-head attention, while adjusting
the tokens to formulate a signal that enables the model to
perform editing. Finally, we feed the sequence of audio to-
kens into the CLIP text encoder to extract text-aligned audio
conditions as cA = CLIPT(V

A). The extracted cA can then
replace cV for sound-guided visual scene editing.
Learning objectives. One straightforward way to train the
mapping network is by optimizing Eq. (1) with cV replaced
by cA. However, we find that soley optimizing Eq. (1) is in-
sufficient for the mapping network to learn to translate audio
into semantically meaningful tokens. To extract useful infor-
mation from the audio features and effectively map them into
textual space in a continuous form, we propose incorporating
a contrastive loss between the features derived from audio
tokens and the visual features of the ground-truth image. The
audio conditions cA are fed into the projection layer of the
CLIP text encoder to extract features, qV = P (cA), where
P (·) is the projection layer. The ground-truth image I is
fed into the CLIP visual encoder to extract visual features,
qI = CLIPI(I). We employ the InfoNCE loss (Oord, Li, and
Vinyals 2018), treating pairs of qV and qI as positive and
those from different pairs as negative in the batch N . The
objective is formulated as:

LNCE =
1

N

N∑
j=1

− log
exp(⟨qVj ,qIj ⟩)∑N

k=1 exp(⟨qVj ,qIk⟩)
, (2)

where ⟨·⟩ is the cosine similarity function. Furthermore, al-
though InstructPix2Pix has demonstrated rich editing capa-
bilities, we find that the model struggles to insert new objects.
Therefore, we jointly optimize the mapping network and
LDM using Low-Rank Adaptation (LoRA) (Hu et al. 2022),
while the CLIP text encoder and the CLAP audio encoder
remain fixed. Finally, we add an ℓ1 regularization to the audio
tokens to encourage a more even distribution. Thus, our final
objective for training SoundBrush is as follows:

Ltotal = LLDM + λNCELNCE + λℓ1 |V A|1. (3)

Experiments
We validate the editing power of our proposed SoundBrush
both qualitatively and quantitatively. We begin by outlining
the experimental setup, which includes the dataset, metrics,
and competing methods. We then present comparisons of
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Figure 3: Qualitative comparison. We compare our model with existing editing methods and demonstrate that our model can edit
visual scenes using diverse in-the-wild audio while preserving the rest of the content unchanged.

sound-guided 2D visual scene editing between SoundBrush
and existing methods. Finally, we demonstrate how Sound-
Brush can be extended to edit 3D visual scenes.

Experimental Setup
Dataset. We construct the evaluation dataset following the
previously described dataset construction pipeline. All the
audio files are sourced from VGGSound (Chen et al. 2020),
which is an audio-visual dataset containing around 200K
videos from 309 different sound categories. We select 20
categories from these and use the provided test splits for
constructing the evaluation dataset.
Evaluation metrics. We assess our method using both ob-
jective and subjective metrics. For objective metrics, we mea-
sure audio-visual similarity (AVS) using ImageBind (Girdhar
et al. 2023) space by computing the feature similarity be-
tween the input audio and the edited image. We also evaluate
image-image similarity (IIS) in the CLIP (Radford et al. 2021)
space by comparing the feature similarity between edited and
ground-truth images. Text-visual similarity (TVS) is assessed
in the CLIP space, evaluating the similarity between the
audio category’s name and the edited image. Additionally,
we measure the Fréchet Inception Distance (FID), which
quantifies the distance between the features obtained from
real and synthesized images using a pre-trained Inception-
V3 (Szegedy et al. 2016). For subjective metrics, we conduct
human evaluations to analyze performance from a human
perception perspective, focusing on evaluating whether the
structure of the edited images remains similar to the original
images while accurately reflecting the conditioned sound.

Competing methods. We compare the editing capabilities
of our method against three different methods: AudioTo-
ken (Yariv et al. 2023), GlueGen (Qin et al. 2023), and In-
structAny2Pix (Li, Singh, and Grover 2023). AudioToken
and GlueGen are originally targeted for generating images
from sound and have demonstrated significant image genera-
tion performance. To adapt these models for image editing,
we employ a training-free Plug-and-Play (PnP) method (Tu-
manyan et al. 2023) that enables them to edit visual scenes
with sound input. Additionally, as GlueGen is initially trained
with UrbanSound8K (Salamon, Jacoby, and Bello 2014), we
fine-tune this model using the VGGSound dataset to ensure a
fair comparison. We also benchmark against InstructAny2Pix,
which utilizes sound and instructional text for image editing.

Results on 2D Image Editing
Comparisons. Figure 3 shows a qualitative comparison be-
tween existing methods (Yariv et al. 2023; Qin et al. 2023;
Li, Singh, and Grover 2023) and our proposed SoundBrush.
As demonstrated, our model exhibits superior capability in
manipulating and editing visual scenes based on audio inputs.
AudioToken struggles to reflect the audio signal in the edited
image while preserving the original structure, and GlueGen
reflects the audio signal but modifies the original content be-
yond recognition. InstructAny2Pix shows favorable editing
results; however, if we take a closer look, the original content
has been altered. For instance, InstructAny2Pix changes the
design of the car and the road when editing with the “Volcano
explosion” sound, as shown in the first column of Fig. 3. Us-
ing the “Tractor digging” sound for editing (last column) can
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Method AVS (↑) IIS (↑) TVS (↑) FID (↓)

AudioToken 0.204 0.663 0.168 133.3
GlueGen 0.238 0.628 0.202 214.2
InstructAny2Pix 0.222 0.729 0.172 126.5
SoundBrush (Ours) 0.261 0.772 0.203 131.7

Table 1: Quantitative comparison. We compare SoundBrush
with existing methods and demonstrate that our model out-
performs them in overall metrics

Figure 4: User study. We provide human evaluation results
that align with the quantitative comparisons of Table 1.

successfully insert the tractor but also significantly changes
the structure of the original image. In contrast, our proposed
SoundBrush successfully manipulates the overall scenery or
inserts a sounding object into the scene, all while maintaining
the original structure of the given image.

We also provide quantitative comparison in Table 1. As
summarized, our model consistently outperforms other meth-
ods in overall metrics, particularly excelling in the audio-
visual similarity (AVS) and image-image similarity (IIS).
While InstructAny2Pix achieves better performance on the
FID, it shows degradation in other metrics, indicating that it
can generate realistic images but often fails to preserve the
original structure or accurately reflect the sound semantics in
the edited images. These results highlight our model’s ability
to reflect the audio condition effectively while maintaining
the original content and structure of the given image.
User study. We analyze the performance of our proposed
SoundBrush from a human perception perspective. We evalu-
ate it based on three criteria, each scored from 1 to 5: Q1. how
well the input audio is reflected in the edited image, Q2. how
well the original structure and content remain unchanged,
and Q3. how well the audio information is reflected while the
original structure is unchanged. To conduct this evaluation,
we recruit 47 participants to respond to questions about 20
different randomly ordered samples. Figure 4 summarizes
the results. As shown, our model is preferred by humans in
all the criteria. Especially Q3, which entails both of Q1 and
Q2, our model significantly outperforms the other methods
which is aligned with the quantitative evaluations.
More qualitative results. Figure 5 demonstrates additional
results on sound-guided 2D visual scene editing. Unlike be-
ing restricted to a limited number of categories, our model
can utilize diverse types of in-the-wild sounds to edit visual
scenes. For example, in the second row, the overall city scene
is manipulated using environmental sounds, such as “Hail,”
or by inserting objects that produce sounds, such as “Chicken
crowing” and “Ambulance siren.”

Figure 5: Additional qualitative results of SoundBrush. From
the same source image, SoundBrush can edit the given image
using a diverse range of in-the-wild sounds, including envi-
ronmental sounds, animals, and vehicles sounds.

Figure 6: Editing results by different audio intensities. Sound-
Brush captures the intensity differences in the audio and
reflects these changes in the edited images.

In addition, although not explicitly modeled, we observe
that our model can reflect the intensity variations inherent in
sound during editing, as shown in Fig. 6. This is a distinct
property compared to text, where sound uniquely carries
intensity information that can be used for editing images. We
assess this by manipulating the volume of the reference audio
and feeding these varied-volume audios into the model for
visual scene editing. For example, as the “Volcano explosion”
sound increases, the fire and smoke become larger and more
dynamic. These results support that our model not only has a
category-specific understanding of audio but also perceives
the relationship between audio volume and visual changes.
Ablation study. We conduct a series of experiments to verify
our design choices as detailed in Table 2. We evaluate the
impact of varying the number of audio tokens in the mapping
network and the effect of applying the loss function specified
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Num. of tokens LNCE AVS (↑) IIS (↑) TVS (↑) FID (↓)

(A) 1 ✓ 0.235 0.761 0.192 131.8
(B) 5 - 0.258 0.767 0.199 138.3
(C) 5 ✓ 0.261 0.772 0.203 131.7
(D) 10 ✓ 0.233 0.763 0.191 136.1

Table 2: Ablation studies. We evaluate the effectiveness of
various design choices by comparing different configurations
of our method, varying the number of audio tokens, and
adapting the LNCE loss function during model training.

Figure 7: Qualitative comparison of 3D visual scene edit-
ing. SoundBrush (Ours) successfully edits the source images
while preserving the original geometric properties. In con-
trast, InstructAny2Pix struggles to maintain the original struc-
ture, failing to accurately capture the 3D structure.

in Eq. (2). We find that using a single audio token (A) does
not contain sufficient information for sound-guided image
editing. Increasing the number of tokens to five (B) results
in significant improvements; however, further increasing to
ten (C) begins to degrade performance. Additionally, we
validate Eq. (2) by comparing results with configurations (B)
and (C) and observe that applying Eq. (2) stabilizes model
training and leads to improved performance. These insights
have guided us to our final model configuration (C).

Results on 3D Image Editing
To further validate sound-guided image editing performance,
we conduct a novel experiment called sound-based 3D scene
editing. This experiment utilizes the InstructNeRF2NeRF
pipeline (Haque et al. 2023), which progressively edits and
updates training images using InstructPix2Pix as learning
progresses. For this experiment, we modify the Instruct-
NeRF2NeRF model by replacing InstructPix2Pix with either

Figure 8: Examples of failure cases. We observe that our
model occasionally inserts sounding objects into the scene
without proper spatial understanding.

InstructAny2Pix or our proposed SoundBrush.
Effective 3D scene editing requires making changes only

where necessary, without altering the overall structure or
content of the image. As illustrated in Fig. 7, InstructAny2Pix
leads to inconsistencies in editing across multi-view images,
resulting in floating and blurry artifacts in 3D editing. In
contrast, our model tends to preserve the original structure
while making appropriate changes, achieving accurate 3D
editing results with coherent object occupancy. These results
demonstrate our model’s potential to be further extended for
editing 3D visual scenes based on sound cues.

Discussion and Conclusion
Discussion. Although our method demonstrates promising
results in editing, it also reveals limitations. As shown in
Fig. 8, our model occasionally inserts objects without proper
spatial understanding. For instance, a train may appear in the
sky, or a chicken might be depicted as large as the building
behind it. This issue arises from our design choice, wherein
our model does not specify locations for inserting objects but
relies solely on audio input. Incorporating text descriptions or
learning from multichannel audio could mitigate these issues,
which we plan to explore in future work.
Conclusion. In this work, we introduce SoundBrush, a
model that leverages audio signals to edit and manipulate
visual scenes. By extending the capabilities of Latent Diffu-
sion Models, we demonstrate the potential of using sound as
a tool for image editing. Our approach involves constructing
a sound-paired visual scene dataset, which is then used to
train the model to translate diverse auditory cues into textual
spaces, thereby enabling editing based on input sound. As
a result, SoundBrush acquires the ability to finely manipu-
late scenes to reflect the mood of the input audio or to in-
sert sounding objects while preserving the original structure.
Moreover, we demonstrate that our model can be integrated
with novel view synthesis methods, opening new possibilities
for sound-guided 3D scene manipulation.
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