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ABSTRACT 

 

3D Gaussian Splatting (3DGS) is an explicit 3D scene 

representation for novel view synthesis. While being 

computationally efficient, it can render high-quality and 

realistic images. To enable the 3DGS model for more 

immersive applications in virtual environments, in this paper, 

we propose augmenting the Gaussian primitives with audio 

attributes for sound generation. In the proposed framework, 

we first learn to predict audio signals from DINOv2 visual 

features through a low-dimensional embedding space. Then, 

given multi-view images and visual feature maps of a 3D 

object, we train the 3DGS model jointly with its audio 

attribute in the embedding space to ensure multi-view 

consistency in visual appearance and audio property. The 

learned 3DGS model with audio attributes can render both 

novel view images and generate audio signals in real-time. 

Experimental results on the ObjectFolder-Real dataset show 

the proposed framework can generate realistic audio signals 

of impact sounds of real-world household objects. 

 

Index Terms— Gaussian splatting, audio attribute 

 

1. INTRODUCTION 

 

Recently, the 3D Gaussian Splatting (3DGS) [1] has gained 

increasing attention owing to its high efficiency and quality 

in novel view synthesis for 3D scenes [10]. Compared to 

implicit neural representations such as Neural Radiance Field 

(NeRF) [2] or Instant Neural Graphics Primitives 

(InstantNGP) [3] whose performance and quality are limited 

by the ray marching and choice of grid, 3DGS represents a 

3D scene explicitly using GPU-friendly 3D Gaussians and 

thus achieves faster training and rendering speed as well as 

better image quality. 

In view of the great success of 3DGS for novel view 

synthesis for 3D scenes and its potential in virtual 

environment applications, in this paper, we propose adding 

additional audio attributes to the 3DGS model for more user 

engagement and interactivities with a 3D scene in virtual 

environment. The additional audio attributes are aimed at 

providing audio signals to the user in real-time interaction 

with a 3D scene. As shown in Figure 1, when the user touches 

or interacts with a 3D object in virtual environment, the audio 

attributes in the corresponding 3D Gaussian can be retrieved 

and decoded into audio signals such as impact sounds of the 

object. 

While we can learn the visual appearance for a 3D object 

using its multi-view captured images, learning the audio 

attributes for a 3D object is not trivial because densely 

recording the impact sounds for each surface point on an 

object is extremely expensive and need to be done in well-

controlled environment. Therefore, we propose an efficient 

framework to learn the audio attributes of any 3D objects and 

generate the impact sounds in a zero-shot manner while 

rendering novel view images in real-time. 

The high-level workflow of the proposed framework is 

shown in Figure 2. In the V2A training stage, the goal is to 

learn a low-dimensional embedding space where audio 

attributes are projected from visual features from pretrained 

vision foundation models, such as CLIP [5] or DINOv2 [6], 

and decoded into audio signals. The assumption is that audio 

signals such as impact sounds of a 3D object are correlated 

with its visual features. In the 3DGS-A training stage, given 

multi-view input images and corresponding visual feature 

maps of a 3D object, we can train a 3DGS model with multi-

view consistent audio attributes. Then, the learned audio 

attributes can be decoded into impact sounds given any 

queried 3D points on the 3DGS model. 

 
Figure 1. We propose augmenting 3DGS model with 

audio attributes. Given any queried points on the 3D 

object by user, the audio attribute decoder decodes the 

corresponding audio attributes in 3D Gaussians into audio 

signals such as impact sounds. 
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The major contributions of this work are summarized as 

follows: 

• We propose a framework to embed audio attribute 

into 3D Gaussians for providing more immersive 

experience for users in virtual environment. 

• We propose the audio attribute projector and 

decoder to project pretrained visual feature into low-

dimensional audio attribute embedding space, and 

decode the audio attribute into audio signal, such as 

impact sound. 

• We propose the method to jointly train both visual 

and audio attributes of any 3D objects and generate 

the impact sounds given user-queried 3D points on 

objects in a zero-shot manner. 

• Experimental results show the proposed framework 

can generate realistic audio signals of impact sounds 

of 3D objects when rendering in real-time. 

The rest of the paper is organized as follows. Section 2 

reviews the preliminaries of the 3DGS and defines the 

proposed audio attributes. Section 3 presents the proposed 

audio attribute training and testing framework. Section 4 

shows the experimental results, and Section 5 concludes this 

paper. 

 

2. BACKGROUND 

 

2.1. 3D Gaussian Splatting 

 

In this section, we briefly review the preliminaries of 3DGS 

[1]. The 3DGS represents a 3D scene as a set of 3D Gaussians 

𝒢 = {𝐺𝑘 = (𝜇𝑘, Σ𝑘 , 𝑜𝑘 , 𝑆𝑘)|𝑘 = 1,… , 𝐾}, where 𝐾 is the 

number of Gaussians, and each 3D Gaussian 𝐺 has the 

following properties: mean 𝜇, covariance Σ, opacity 𝑜, 

spherical harmonic (SH) coefficients 𝑆 for color. The 3D 

Gaussian at a 3D location 𝑥 can be represented as: 

 

𝐺(𝑥) = exp (−
1

2
(𝑥 − 𝜇)𝑇Σ−1(𝑥 − 𝜇)) (1) 

 

To render the 3D Gaussians into 2D image, each 3D 

Gaussians 𝐺 is first projected to 2D Gaussian 𝐺2𝐷 on the 2D 

image plane [4]. Then, a tile-based rasterizer is used to sort 

and render the 2D Gaussians by 𝛼-blending. For a 2D pixel 

𝑥′, the rendered image ℐ is calculated as: 

 

ℐ(𝑥′) = ∑ 𝑐𝑖𝛼𝑖
𝑖∈𝒩

∏(1 − 𝛼𝑗)

𝑖−1

𝑗=1

(2) 

 

𝑐𝑖 is the color of the 𝑖-th sorted Gaussian derived from SH 

coefficients, 𝒩 is the set of Gaussians in the tile, and 𝛼𝑖 =
𝑜𝑖𝐺𝑖

2𝐷(𝑥′) is the 𝛼-blending weight. 

Given a set of training images with known camera poses, 

the 3D Gaussians can be optimized using gradient descent 

methods. Commonly used loss functions include ℒ1 loss and 

SSIM loss between rendered 2D images and ground truth 

images. Besides, the 3D Gaussians can be initialized using 

Structure-from-Motion (SfM) sparse point cloud and the 

number of 3D Gaussians are managed by adaptive density 

control (growing and pruning) during optimization. 

 
Figure 2. Proposed framework for learning audio attributes and generating audio signals in 3DGS models. In the V2A 

training stage, we train the projector and decoder to predict audio attribute from 2D image and decode it into audio signal. 

In the 3DGS training stage, we freeze the projector and decoder and optimize the 3DGS model jointly with audio attributes 

to generate audio signal in zero-shot manner. 
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2.2 Audio Attribute in 3D Gaussian 

 

We define the additional audio attribute of each 3D Gaussian 

𝐺 as a vector 𝑧 ∈ ℝ𝑑, where 𝑑 is the dimension of the vector. 

The 3D Gaussians with additional attributes can be denoted 

as 𝒢𝐴 = {𝐺𝑘
𝐴 = (𝜇𝑘, Σ𝑘 , 𝑜𝑘 , 𝑆𝑘 , 𝑧𝑘)|𝑘 = 1,… , 𝐾}. The 

concept of rendering and decoding 3D Gaussians with audio 

attributes into image and audio is illustrated in Figure 3. 

In addition, unlike visual attributes which are rendered 

into images, audio attributes do not need pixel level spatial 

resolution. Therefore, in real-world applications, to reduce 

computational cost and storage, we only need to keep the 

audio attributes in a subset of 𝑀 Gaussians where 𝑀 ≪ 𝐾, 

and remove the audio attributes in the remaining Gaussians. 

The subset to keep audio attributes can be determined by 

farthest point sampling (FPS) or other point cloud sampling 

methods. 

 

3. METHOD 

 

In this section, we introduce the proposed framework in two 

stages: V2A Training Stage – learning to predict audio 

attributes from visual features; and 3DGS-A Training Stage 

– optimizing audio attributes for unseen objects. 

 

3.1. V2A Training Stage - Learning to Predict Audio 

Attributes from Visual Features 

 

In V2A training stage, we train a projector to project visual 

features into audio attributes in a low-dimensional space and 

a decoder to decode the audio attributes into audio signals. 

 

3.1.1 Projector 

The audio attribute projector ℎ:ℝ𝑑𝐹 → ℝ𝑑 projects the visual 

feature given by pretrained vision foundation model Ψ such 

as DINOv2 [6]. For a 2D image ℐ ∈ ℝ3×𝐻×𝑊, the foundation 

model Ψ gives a visual feature map ℱ ∈ ℝ𝑑𝐹×𝐻𝐹×𝑊𝐹 , 
where 𝑑𝐹 is the dimension of visual feature. At a 2D pixel 

location 𝑥′, the projector takes the bilinearly sampled visual 

feature 𝐹 = ℱ(𝑥′) from feature map and outputs a low 

dimensional latent embedding as the audio attribute 𝑧 ∈ ℝ𝑑, 

where 𝑑 ≪ 𝑑𝐹. For simplicity, we can write the operation as: 

 

𝓏 = ℎ(𝐹) (3) 
 

3.1.2 Decoder 

The audio attribute decoder 𝑔:ℝ𝑑 → ℝ𝐿 decodes each audio 

attribute 𝑧 ∈ ℝ𝑑  into an audio signal 𝑦 ∈ ℝ𝐿, where 𝐿 is the 

number of samples of the audio waveform. For simplicity, we 

can write the decoder operation as: 

 

𝑦 = 𝑔(𝑧) (4) 
 

3.1.3 Training 

Given the training dataset consisting of sparsely annotated 

pairs of points and audio signal {(𝑥𝑚
′ , 𝑦𝑚

∗ )|𝑚 = 1,… ,𝑀} 
where 𝑀 is the number of training data, we first use the 

feature extractor to extract the semantic feature 𝐹𝑚 from 

corresponding input image at each point location 𝑥𝑚
′  to 

acquire the processed training data {(𝐹𝑚, 𝑦𝑚
∗ )|𝑚 = 1,… ,𝑀}. 

Then, we can train the projector ℎ and decoder 𝑔 in an end-

to-end manner using gradient descent methods to minimize 

the loss ℒ𝑉2𝐴: 

 

ℒ𝑉2𝐴 =
1

𝑀
∑ ℒ𝑎𝑢𝑑𝑖𝑜(𝑦𝑚, 𝑦𝑚

∗ )
𝑀

𝑚=1
 

=
1

𝑀
∑ ℒ𝑎𝑢𝑑𝑖𝑜(𝑔(ℎ(𝐹𝑚)), 𝑦𝑚

∗ )
𝑀

𝑚=1
(5) 

 

Here ℒ𝑎𝑢𝑑𝑖𝑜(𝑦𝑚, 𝑦𝑚
∗ ) is the loss function for audio signal 

prediction. The idea is illustrated in Figure 4. 

 

3.2. 3DGS-A Training Stage - Optimizing Audio 

Attributes for Unseen Objects 

 

After V2A training, given an unseen 3D object with 𝑁 multi-

view images {ℐ𝑣
∗|𝑣 = 1,… , 𝑁} as input, we first encode the 

images into multi-view feature maps and then project into 

 
Figure 3. Given 3D Gaussians with audio attributes, we 

can render their visual attributes into image at given 

camera pose and decode their audio attributes into audio 

signal at queried 3D point (e.g., by hand touch). 

3D Gaussians 

with Audio 

Attributes

               

          

          

            

3DGS-A 

Testing 

Stage

 
Figure 4. We train the audio attribute embedding space on 

objects of various categories and materials with point-

impact sound pairs. 
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audio attribute maps {𝓏𝑣
∗ = ℎ(Ψ(ℐ𝑣

∗))|𝑣 = 1,… , 𝑁} as the 

ground truth to train audio attributes. Similar to the rendering 

process for color images in original 3DGS models, we can 

render the audio attribute maps 𝓏 from the audio attributes of 

all 3D Gaussians by replacing the color 𝑐𝑖 with audio 

attributes 𝑧𝑖 in Eq. (2), similar to LangSplat [7]. 

 

𝓏(𝑥′) = ∑ 𝑧𝑖𝛼𝑖
𝑖∈𝒩

∏(1 − 𝛼𝑗)

𝑖−1

𝑗=1

(6) 

 

Therefore, we can train the 3DGS model with audio 

attributes using the image-based rendering loss ℒ𝑖𝑚𝑎𝑔𝑒  of 

both rendered images and audio attribute maps. 

 

ℒ3𝐷𝐺𝑆 =
1

𝑁
∑ ℒ𝑖𝑚𝑎𝑔𝑒(ℐ𝑣 , ℐ𝑣

∗)
𝑁

𝑣=1
(7) 

ℒ3𝐷𝐺𝑆−𝐴 =
1

𝑁
∑ ℒ𝑖𝑚𝑎𝑔𝑒(𝓏𝑣 , 𝓏𝑣

∗)
𝑁

𝑣=1
(8) 

 

Because the audio attribute maps are inferred from input 

images in each view individually and are not intrinsically 

multi-view consistent, we first train the visual attributes and 

freeze them before we train the audio attributes. 

At testing time, given the queried 3D point 𝑥𝑞𝑢𝑒𝑟𝑦 , we 

retrieve the nearest 3D Gaussian and decode its audio 

attribute into final output audio signal: 

 

𝑦 = 𝑔 (𝑧argmin
𝑘

‖𝜇𝑘−𝑥𝑞𝑢𝑒𝑟𝑦‖
) (9) 

 

4. EXPERIMENTAL RESULTS 

 

4.1 Implementation Details 

 

We use the vision foundation model DINOv2-Large (ViT-

L/14) to extract visual features. For the projector, we use a 

three-layer multilayer perceptron (MLP) to project the 1024-

dimensional DINOv2 feature to 75-dimensional audio 

attributes. For the decoder, we use the audio decoder in 

RAVE [8] which directly outputs audio waveform. 

The loss function for training projector and decoder is a 

combination of L1 loss and multi-scale short-time Fourier 

transform (MS-STFT) spectrogram loss [11]: 

 

ℒ𝑎𝑢𝑑𝑖𝑜 = (1 − 𝜆𝑀𝑆−𝑆𝑇𝐹𝑇)ℒ𝐿1 + 𝜆𝑀𝑆−𝑆𝑇𝐹𝑇ℒ𝑀𝑆−𝑆𝑇𝐹𝑇 (10) 
 

The loss function for training 3DGS with audio attributes is a 

combination of L1 loss and SSIM loss: 

 
ℒ𝑖𝑚𝑎𝑔𝑒 = (1 − 𝜆𝑆𝑆𝐼𝑀)ℒ𝐿1 + 𝜆𝑆𝑆𝐼𝑀ℒ𝑆𝑆𝐼𝑀 (11) 

 

We use 𝜆𝑀𝑆−𝑆𝑇𝐹𝑇 = 0.1 and 𝜆𝑆𝑆𝐼𝑀 = 0.5 in all our 

experiments. 

 

4.2 Dataset 

 

 
(a) Dutch Oven, Iron 

 
(b) Cutting Board Middle, Wood 

 
(c) Beer Glass, Glass 

Figure 5. Example STFT spectrograms of generated 

audio waveform of different objects and materials. For 

each object, top is spectrogram of ground truth waveform 

and bottom is spectrogram of predicted waveform. 
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We use the ObjectFolder-Real dataset [9] to evaluate our 

method. The ObjectFolder-Real dataset contains 100 real-

world household objects with high-quality 3D meshes. Each 

object has 30-50 impact sounds recorded with corresponding 

3D impact locations. We split the dataset into 90 objects for 

training and 10 objects for testing. Besides, to simulate the 

real-world multi-view capture scenario, for each object, we 

use the mesh to synthetically generate 100 multi-view images 

to train the projector, decoder and 3DGS models. 

 

4.3 Audio Generation Result 

 

We evaluate the audio generation quality by comparing the 

STFT spectrograms of generated audio waveform with 

ground truth waveform. Example results in Figure 5 show 

inter-object variation of predicted STFT spectrograms in the 

testing set. Besides, we can see that the generated audios 

share the same trend as ground truth in distribution in time 

and frequency. For quantitative evaluation, we measure the 

L1 distance between predicted and ground truth STFT 

spectrograms. Because the magnitude of impact sound 

depends on the strength of impact, which is unknown in our 

framework, we scale the predicted spectrogram so that it has 

the same average magnitude as ground truth spectrogram 

before calculating L1 distance. For the testing set, the L1 

distance of scaled spectrogram is 5.36dB. 

The details of each object and the L1 distance are shown 

in Table 1. We can see that for objects whose material and 

type can be easily infer from the RGB image, such as (30, 

Cutting Board Middle, Wood) and (50, Mixing Bowl Small, 

Plastic), the predicted spectrograms are more accurate. On the 

other hand, for objects that have very distinct texture or 

shape, like (60, Beer Glass, Glass) and (80, Spoon Holder, 

Wood), the error of prediction is much higher. We think this 

is because the prediction of audio attributes is distracted by 

the unrelated visual features. We believe this issue can be 

alleviated by increasing the size and diversity of training 

dataset and applying data augmentation on RGB images. 

 

5. CONCLUSION 

 

In this paper, we propose a framework to generate audio 

attributes in 3DGS model and predict the audio signals 

created by the 3D object. A projector projects visual features 

from pretrained vision foundation models into low-

dimensional audio attributes; and a decoder decodes the audio 

attributes into audio signals. With multi-view supervision, the 

audio attributes in 3DGS model and corresponding audio 

signals are 3D consistent. Experimental results show the 

proposed framework can generate realistic audio signals of 

impact sounds of real-world household objects. We believe 

this work can provide a better and more immersive 

experience to users in the virtual environment. 

 

Table 1. Objects in Testing Set 

Index 

Name 

Material 

RGB Image L1 dist. (dB) 

10 

Soup Bowl 

Ceramic 
 

8.15 

20 

Dutch Oven 

Iron 
 

8.83 

30 

Cutting Board 

Middle 

Wood  

2.05 

40 

Wrench Middle 

Steel 
 

3.09 

50 

Mixing Bowl 

Small 

Plastic  

1.47 

60 

Beer Glass 

Glass 
 

7.05 

70 

Drop Funnel 

Polycarbonate 
 

2.73 

80 

Spoon Holder 

Wood 
 

9.78 

90 

Slotted Turner 

Steel 
 

5.24 

100 

Trim Removal 

Tool 2 

Plastic  

5.15 
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