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Audio-2-Shape: 3D Generation from What You Hear
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Abstract— Audio serves as an important bridge connecting
humans to their surroundings, providing a unique modality
for perceiving the world. For embodied AI systems, such as
robots and autonomous vehicles, enabling them to understand
the world through sound is a promising and significant re-
search direction. In this paper, we explore the underexplored
domain of audio-driven 3D shape generation and propose a
novel architecture for audio-conditioned 3D shape synthesis.
Specifically, our framework comprises three key modules: cross-
modal alignment, a latent diffusion model for generation, and
a 3D Gaussian Splatting (3DGS) based optimization module.
We first align audio and 3D shape representations within a
unified embedding space using a contrastive learning strategy,
which conditions a latent diffusion model to generate an initial
coarse 3D structure. Subsequently, we introduce a refinement
stage utilizing 3D Gaussian Splatting to produce high-fidelity
3D shapes. Extensive qualitative and quantitative experiments
validate the effectiveness of our proposed method, demonstrat-
ing its capability to generate semantically coherent 3D shapes
from audio input.

I. INTRODUCTION

Humans perceive, understand, and interact with the world
through a combination of sensory modalities, including
hearing, sight, touch, smell, and taste [1]. Among these,
audio provides a richly structured modality that encodes
temporal dynamics, semantic cues, and spatial properties
of physical interactions, conveying vital information about
actions, environmental context, and emotional tone [2], [3].
Recent advancements in artificial intelligence have led to the
development of multimodal embodied agents [4] equipped
with audio sensors, allowing them to process and interpret
sound in ways that mimic human capabilities. This evolution
not only enhances the understanding of auditory information
but also opens new avenues for interpreting and synthesizing
3D structures from sound. Such capabilities are becoming
increasingly essential for human-AlI collaboration across var-
ious domains, including robotics [5], augmented reality [6],
autonomous driving [7], and immersive 3D content creation
[8]. Consequently, cross-modal generation has emerged as a
compelling area of research [9], [10], [11].

Existing studies have primarily concentrated on vision-
based 3D reconstruction [12], text-conditioned 3D generation
[13], 2D image synthesis from sound [14], and audio-visual
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Fig. 1: Illustration of our audio-driven 3D generation frame-
work.

cross-modal learning [15], [16], [17], [18]. These approaches
typically build upon well-established multimodal data pairs,
employing techniques based on Generative Adversarial Net-
works (GANSs) [19], [20] or diffusion models [21], [22],
[23]. Despite substantial progress in these areas, the direct
synthesis of 3D geometry and appearance from audio signals
remains largely unexplored, and there is no prior work on
audio-to-3D shape generation, in which acoustic cues drive
the creation of geometrically plausible and texturally coher-
ent 3D assets. This raises a critical question: Can Al agents
“imagine” 3D structures solely from auditory observations,
emulating human cognitive capabilities?

Therefore, we aim to investigate the task of audio-
conditioned 3D shape generation, with the goal of facilitating
more intuitive and interactive Al systems that bridge the
gap between human perception and machine understanding.
However, there exist fundamental challenges, namely the
semantic gap between audio signals and spatial geometric
data, as well as the scarcity of high quality audio-point cloud
paired datasets, hindering advancements in this field.

To alleviate these challenges, we introduce a novel archi-
tecture, termed Audio-2-Shape, for sound-driven 3D gener-
ation, leveraging the inherent contextual information of the
audio signal to create 3D objects. The overall framework
integrates three key components: cross-modal alignment,
latent diffusion model based 3D shape generation, and 3D
gaussian splatting based optimization. We first bridge the
audio-geometric domain gap by distilling knowledge from
pre-trained Wav2CLIP (audio-visual) [24] and CLIP (vision-
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language) [9] into a 3D encoder, aligning point features, au-
dio features, and visual features into a unified representation
space. This alignment ensures that acoustic conditions corre-
late with geometric properties and semantic concepts. Then,
we employ a latent diffusion architecture [25] with cross-
attention mechanism to guide the generation of semantically
consistent 3D shapes from audio. Finally, we implement a
3D Gaussian splatting optimization strategy to refine the
generated 3D shapes with fine grained details.
Our contributions are summarized as follows:

o To the best of our knowledge, this is the first work
concentrating on the audio-to-3D shape generation task.

e we propose a novel audio-conditioned 3D generation
architecture that integrates cross modal alignment, latent
diffusion model based generation, and 3DGS based
optimization stages to achieve a coarse-to-fine shape
generation.

o We build a multimodal dataset of aligned audio, image,
and point cloud triplets to support our generation task.
Quantitative and qualitative experiments validate the
effectiveness of our proposed framework.

II. RELATED WORK

Audio-Visual Generation. Recent advancements in audio-
visual cross-modal generation have attracted increasing at-
tention, driven by its applications in multimedia content
creation, virtual reality, and embodied Al interaction. This
field encompasses two primary directions: audio-to-visual
generation [26] that translates acoustic signals to images
[27] or videos [28], [29], [30], and visual-to-audio generation
[31], which produces temporally coherent sounds from visual
inputs. Both paradigms fundamentally rely on effective cross-
modal alignment and advanced generative modeling. Where
Generative Adversarial Networks (GANs) [32], Variational
Autoencoders (VAEs) [33], and diffusion models have been
widely adopted for cross-modal conditioning. Among these,
diffusion models have recently emerged as an effective
approach, due to their iterative refinement process [34], en-
abling stable training and high-fidelity generation in complex
conditional settings.

In the audio-to-visual generation paradigm, current works
focus on 2D tasks such as image reconstruction from sound
[35]. For instance, SoundAdapter integrates a transformer-
based architecture with multi-granularity supervision to en-
hance alignment and generalization [36], [14], demonstrat-
ing effectiveness in audio-conditioned image generation. In
addition, other approaches have used cross-modal attention
mechanisms [37] and contrastive learning within teacher-
student frameworks [24] to better capture temporal and
semantic relationships across modalities.

Unlike well-established image-text or audio-image cor-
pora, the scarcity of large-scale audio-3D shape pairs makes
the direct synthesis of 3D geometry and appearance from
audio signals remain an open challenge. In this work, we
investigate this task by introducing a novel approach to
bridge the gap between the audio and 3D domains.

Point Cloud Generation. Point cloud generation has un-
dergone a significant evolution, transitioning from traditional
geometric modeling techniques to advanced deep learning
approaches. This shift has enabled the creation of more
realistic, diverse, and complex 3D structures, which are
crucial for applications in virtual reality, robotics, and digital
content creation.

Among the pioneering deep learning methods, Generative
Adversarial Networks (GANSs) have achieved notable success
in synthesizing point clouds [38], [39]. In this framework, a
generator learns to produce point clouds, while a discrimi-
nator evaluates their fidelity and realism against real-world
samples. This competitive process guides the generator to
approximate the true data distribution, yielding diverse and
high-quality 3D outputs.

More recently, diffusion models have emerged as pow-
erful alternatives in generative modeling, renowned for
their training stability and superior sample fidelity. Initially
demonstrating groundbreaking success in image synthesis,
diffusion-based methodologies have been successfully ex-
tended to 3D point cloud generation[40], [41]. This is typ-
ically achieved by simulating a progressive forward noising
process on point clouds, followed by an iterative denoising
procedure to reconstruct pristine 3D shapes. Such a grad-
ual generation mechanism contributes to better preservation
of structural details, improved topological consistency, and
smoother convergence during training.

Beyond direct generative models, concurrent advance-
ments in 3D representation and rendering have also pro-
foundly impacted the ability to create and manipulate 3D
data, which can then be used to obtain point clouds.
Neural Radiance Fields (NeRF), for instance, introduce a
new paradigm by representing 3D scenes as continuous
volumetric radiance fields, which allows neural networks to
implicitly learn light propagation and reflection, enabling the
synthesis of novel views with photorealistic quality [42],
[43]. NeRF-based methods can be used to extract dense
and geometrically accurate point clouds through various
sampling or surface extraction techniques [44], [45].

Furthermore, Gaussian Splatting has recently gained sig-
nificant attention as an efficient and differentiable approach
for 3D scene representation and real-time rendering [46]. By
modeling scenes as collections of anisotropic 3D Gaussians,
this method allows optimized control over parameters such
as position, scale, orientation, and appearance. Although
primarily designed for high-fidelity rendering and scene
reconstruction from captured data, its differentiable nature
opens avenues for generative tasks where these Gaussian pa-
rameters can be directly learned or manipulated to effectively
synthesize large-scale and detail-rich 3D representations,
which can subsequently be rasterized into point clouds [47],
[48].

III. METHOD

We focus on generating semantically meaningful 3D
shapes that correspond to the semantic information conveyed
by audio inputs. Formally, given an audio signal a from
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Fig. 2: Iustration of our audio-to-3D generation framework, which comprises three core components operating sequentially:
(1) a cross-modal alignment module, (2) a latent diffusion model conditioned on aligned embeddings to generate initial 3D
structures, and (3) a 3D Gaussian Splatting refinement stage that enhances the geometric details and fidelity of the generated

shapes.

the audio domain </ and a corresponding 3D shape s from
the shape domain ., our objective is to learn a generator
g9 — % such that g(a) = s. This enables reconstruction
of 3D geometry conditioned on acoustic cues.

To this end, we propose a novel architecture for audio-
conditioned 3D point cloud generation that jointly captures
semantic and spatial information across modalities. As shown
in Figure 2, our approach integrates three main modules:
cross-modal alignment, latent diffusion model based 3D
shape generation, and 3DGS based refinement. First, we
perform tri-modal alignment by mapping audio, image, and
3D shape representations into a unified embedding space via
contrastive learning. In the second stage, conditioned on the
aligned audio features, a latent diffusion model generates
coarse 3D shapes utilizing a cross-attention mechanism that
incorporates auditory cues during synthesis. Finally, to en-
hance geometric fidelity, we employ 3D Gaussian Splatting
to refine the coarse shapes into high quality 3D structures
with realistic surfaces and spatial continuity.

A. Cross-modal Alignment

To construct a semantically rich and robust embedding
space, we propose a cross-modal alignment network consist-
ing of three modality-specific encoders. The objective is to
strengthen semantic alignment across modalities, with par-
ticular emphasis on aligning point clouds with the semantic
space derived from audio and images.

The first step, termed Audio-Visual Alignment, aligns
audio and visual semantics via contrastive learning. Specifi-
cally, we use Wav2CLIP [24] audio encoder and CLIP[9]
image encoder to project audio inputs and images into
a shared embedding space. Although these encoders have
already been pretrained with some degree of alignment, we
apply an additional contrastive objective to further refine
this alignment, pulling semantically related cross-modal pairs

closer. This unified space serves as the foundation for incor-
porating 3D point cloud representations.

Next, we introduce a PointNet-style[49] encoder enhanced
with residual blocks to extract expressive per-point features.
These features are aggregated via global pooling and passed
through a lightweight MLP to produce an embedding suitable
for contrastive learning. To align 3D geometry with the
unified semantic space established in the first step, we adopt a
teacher—student distillation framework: the pre-aligned audio
and image encoders serve as teachers to guide the training
of the point cloud encoder.

A tri-modal contrastive loss jointly optimizes the align-
ment among audio, image, and point cloud features, encour-
aging the point cloud encoder to map geometric structures
into the shared semantic space.

)

This alignment enables the model to capture the semantic
content of audio inputs in 3D form, producing latent embed-
dings that can be effectively leveraged through the generation
pipeline.

zotal = gaudio—visual + gaudio—pc + gvisual»pc

B. Latent Diffusion Model based 3D Point Cloud Generation

After establishing cross-modal alignment between audio
and point cloud, we introduce a latent diffusion model
(LDM) built upon a Point Cloud Vector-Quantized Varia-
tional Autoencoder (PC-VQ-VAE) to enable audio-driven 3D
shape generation.

Point Cloud Vector-Quantized Variational Autoen-
coder. Slow sampling speed and difficulty in generating
well-structured shapes remain major challenges for 3D dif-
fusion models. To address these limitations, we introduce a
Point Cloud Vector-Quantized Variational Autoencoder (PC-
VQ-VAE) as a prior learning module. This module learns
compact and semantically meaningful latent representations
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that serve as initialization for the diffusion process and as
structural constraints to guide generation.

Specifically, our PC-VQ-VAE builds upon the point cloud
encoder introduced in the previous alignment stage. How-
ever, unlike the alignment encoder, we omit pooling oper-
ations and retain per-point features to preserve geometric
details. This design ensures that the quantized latent codes
capture rich local structures essential for high-quality 3D
generation. The raw point cloud x € RV*3 is processed to
extract discriminative geometric features, which are then
passed through an encoder to produce continuous latent
representations.

z, = Enc(x) € RY ()

These latent features are subsequently quantized by mapping
them to the closest entries in a learned codebook & = {e; €
R4 }le of discrete latent vectors:

z = Quantize(z,, &) 3)

This quantization step enforces the model to learn a finite
set of representative geometric patterns, forming a discrete
and semantically meaningful latent space.

Diffusion Process. To model the complete audio-driven
generation pipeline, we adopt a two-stage framework: a
forward diffusion process that progressively adds noise, and
a reverse denoising process guided by audio conditions. In
the forward stage, a fixed Markov forward process gradually
corrupts the latent representation of the point cloud z € R?
over T timesteps by injecting Gaussian noise:

CI(ZI ‘ szl) =N (Zz; V1 _Btztflaﬁtl) €]

This process transforms the clean data into an approxi-
mately Gaussian distribution, and the resulting noised sam-
ples are used as training inputs, enabling the model to learn
to recover the original data from different noise levels.

In the denoising stage, we design a conditional UNet-
style [50] architecture. This network employs a hierarchical
downsampling—upsampling structure with attention modules.
This design facilitates multi-scale feature extraction, long-
range dependency modeling, and high-fidelity spatial detail
reconstruction.

Specifically, the audio condition vector is injected into
our UNet-style model via cross-attention modules, acting as
a bridge between semantic information and the synthesized
3D structure. This is realized through a Transformer-based
framework: it first captures long-range dependencies among
point features via self-attention, then progressively incorpo-
rates audio semantic cues through cross-attention, enabling
audio-conditioned generation while preserving fundamental
geometric structure. For a query latent feature Q derived
from the noisy point representation z, and audio-derived
key—value pairs (K,,V,), the cross-attention output is com-
puted as:

T

K
CrossAttn(Q,K,,V,) = softmax (?/CTZ > \' 5)

The resulting audio-conditioned representation guides the
entire generation process.

Next, our UNet-style denoising network €g(z;,¢,¢,) pre-
dicts the injected noise from the noisy latent z,, the current
timestep #, and condition vector ¢, obtained via cross-
attention with audio features. The training objective min-
imizes the discrepancy between the true noise € and the
predicted noise, formulated as a simplified variational lower
bound:

Lyitr = Ez“g,[ |:||8 — &g (Zl,l‘,CI‘OSSAttn(Z;,Ca,Ca)) ||§:| (6)

During sampling, generation begins from a standard Gaus-
sian noise vector and proceeds through a series of reverse
diffusion steps. At each step, the trained UNet-style model
predicts either the noise component or a clean estimate of
the current noisy sample. Based on this prediction, the model
performs a partial denoising update that reduces noise while
preserving structural cues encoded in the latent space. By
iterating this process across all timesteps, from the most
noisy state back to the clean domain, the model gradually
reconstructs a coherent 3D point cloud.

Throughout the reverse process, audio-conditioned guid-
ance is applied at every iteration. This conditioning steers
each denoising update toward regions of the latent space
that are semantically consistent with the provided audio
input, enabling progressive refinement and ensuring that the
synthesized point cloud aligns well with the conditioning
audio.

VAE Decoder. We develop a hierarchical decoder as the
counterpart to the PC-VQ-VAE, leveraging progressive up-
sampling and attention-driven feature enhancement to enable
effective 3D shape reconstruction from latent codes. The
decoder begins with a latent projection layer, followed by
upsampling blocks that simultaneously increase point reso-
lution and refine feature representations. Spatial consistency
and global geometric awareness are further reinforced by
a multi-head self-attention module. Finally, a lightweight
convolutional head predicts the 3D coordinates, yielding
point cloud reconstructions. By reconstructing complete 3D
structures from quantized latent codes, the decoder captures
both local geometry and global structure, effectively bridging
the gap between the discrete latent space and the continuous
geometric domain.

C. 3DGS based Optimization

High-fidelity 3D reconstruction is achieved by refining
an initially generated point cloud using a single reference
image. Instead of relying on full 3D supervision or multi-
view constraints, our pipeline utilizes 2D image observations
to improve both the geometry and appearance of the gener-
ated shape. Importantly, the optimization process enhances
geometric fidelity and adds missing high-frequency details
without distorting the underlying coarse structure provided
by the generative model.

Given a single input image, we first estimate the corre-
sponding camera intrinsics and extrinsics using a structure-
from-motion initialization strategy. Although only one view
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is available, this estimation yields a valid camera pose for
projecting and rendering the generated point cloud under the
3D Gaussian Splatting (3DGS) representation. Each point
is represented as a Gaussian primitive parameterized by its
mean U; € R3, covariance matrix ¥; € R3%3, opacity ¢;, and
color ¢;.

Optimization is performed entirely in image space by
minimizing the discrepancy between rendered views of the
Gaussian model ¢ and the reference image. The renderer
synthesizes image predictions /, and the reconstruction loss
is formulated as:

Lender = ||i_1gtH1

where Iy is the target image. This image-space supervision
implicitly guides the Gaussian primitives to refine geometry,
color, and surface consistency without requiring explicit 3D
ground truth. Since only visible regions are constrained,
the coarse geometry provided by the generative model is
preserved, while the optimization focuses on adding missing
details and correcting local inconsistencies.

To further enhance fidelity without introducing redundant
complexity, we employ adaptive density control. Regions
with large residual errors in the rendered image trigger
Gaussian duplication or subdivision, enhancing representa-
tional precision. Conversely, primitives that contribute little
to the rendering are pruned to prevent over-parameterization.
Through iterative refinement, the optimized Gaussians are
transformed into a dense, high-quality point cloud that
preserves the original generative structure while exhibiting
significantly improved continuity, sharpness, and geometric
detail.

IV. EXPERIMENT
TABLE I. Quantitative performance comparison on 3D

cross-modal retrieval tasks. We report retrieval metrics in-
cluding R@1, R@5, and mAP across multiple methods.

Metrics Tasks

Audio-3D  3D-Audio  2D-3D 3D-2D
mAP 80.11% 82.73% 67.88%  73.36%
recall@1 49.07% 54.28% 34.64%  39.44%
recall@5 89.25% 91.47% 73.22%  77.19%
recall@10 96.05% 96.14% 83.71%  86.97%
0-shot mAP 20.12% 17.89% 23.34%  25.78%

A. Experimental Setup

Implementation Details. Our training pipeline consists of
three key stages. First, we perform cross-modal pretraining
using a tri-encoder architecture. This stage incorporates a
frozen CLIP image encoder (ViT-B/32), a frozen Wav2CLIP
audio encoder, and a PointNet-based point cloud encoder.
The model is trained for 100 epochs with a contrastive loss,
optimized using Adam (learning rate: Se-4, weight decay: le-
4, batch size: 64). Next, we optionally enhance point cloud
representations by pretraining a Variational Autoencoder
(VAE) with a latent dimension of 256. This VAE is optimized

using the Chamfer Distance loss over 200 epochs. The final
stage involves training a UNet-based diffusion model that
processes inputs of Bx512x2048. The diffusion model is
trained for 200 epochs using the AdamW optimizer (learning
rate: le-4, weight decay: le-2, batch size: 16), minimizing
an L2 noise prediction loss with a multi-segment Lambda
learning rate scheduler. All experiments were conducted on
a single NVIDIA RTX 4090 GPU.

Cross Modal Retrieval. To evaluate the multi-modal
alignment of our model, we conduct cross-modal retrieval
tasks, including point cloud-to-image, image-to-point cloud,
and audio-to-point cloud retrieval. Each modality is encoded
separately and embedded into a shared space for retrieval.
To assess generalization, we also perform zero-shot retrieval
on unseen categories, demonstrating the model’s ability to
align modalities without category-specific supervision.

Reconstruction Analysis. Reconstruction capability is
evaluated by passing input point clouds through the encoder-
decoder pipeline and comparing the outputs with the original
shapes. Experiments are conducted on both our curated mul-
timodal dataset and the widely used ModelNet40 benchmark.
Additionally, we perform latent space analysis by interpo-
lating between latent codes and visualizing the resulting
transitions in the reconstructed outputs.

TABLE II: Comparison of PC-VQ-VAE and PC-VAE for 3D
representation learning.

Performance Metrics

Method Class
CDh | EMD| COV{t MMD |
Violin  0.0597  0.1905 0.2251 0.1130
PC-VAE Sax 0.0654  0.1920 0.3301 0.0705
Harp 0.0498  0.1623 0.2998 0.1096
Violin  0.0459  0.0898 0.2544 0.0384
PC-VQ-VAE  Sax 0.0468  0.0782 0.3853 0.0211
Harp 0.0445  0.0731 0.4741 0.0107

Conditional Generation. We further evaluate the condi-
tional generation capability of our model, focusing on audio-
conditioned 3D shape synthesis. Experiments are conducted
on our multimodal dataset, where each sample contains
paired audio signal and 3D point cloud. To verify the
semantic consistency between input audio and the gener-
ated 3D shape, we perform an additional audio-to-generated
point cloud retrieval experiment. Using the pretrained joint
embedding space, we treat the generated point clouds as
the retrieval database and assess whether the corresponding
audio queries can successfully retrieve their associated shape.

B. Metrics

We evaluate model performance using a comprehensive
set of task-specific metrics tailored to different objectives.
For cross-modal retrieval, we adopt mean Average Precision
(mAP) and Recall@k to measure retrieval accuracy and top-
ranked semantic matching. For 3D reconstruction, we assess
geometric fidelity and distribution consistency using widely
adopted point cloud metrics, including Chamfer Distance
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Fig. 3: Qualitative visualization of audio-driven point cloud generation. Each row presents three samples, illustrating the
model’s capability to produce diverse and geometrically plausible geometries from acoustic inputs.

TABLE III: Performance on semantic consistency retrieval
after generation,including audio-3D, 3D-audio, image-3D,
3d-image retrieval

Metrics Tasks

Audio-3D  3D-Audio  2D-3D 3D-2D
mAP 73.94% 72.12% 71.08%  69.55%
recall@1 53.87% 47.92% 33.73%  36.52%

(CD), Earth Mover’s Distance (EMD), Coverage (COV), and
Minimum Matching Distance (MMD). CD and EMD capture
point-wise geometric errors, while COV and MMD jointly
evaluate how well the reconstructed distribution matches the
real data distribution.

In ablation studies, we further examine reconstruction
quality and generative sharpness by reporting Precision, aver-
age 1-Nearest Neighbor (1-NN) accuracy, and the L1 error of
rendered images. Precision and 1-NN reflect local geometric
correctness and point-wise fidelity, while the image-based
L1 metric evaluates perceptual consistency between rendered
views and ground-truth geometry.

C. Quantitative Analysis

Cross Modal Retrieval. We report quantitative results
on multimodal retrieval tasks using our proposed dataset
in Table I. Our approach demonstrates robust performance,
achieving high mean Average Precision (mAP) scores in
both conventional and novel retrieval scenarios. To the best
of our knowledge, this is the first study to investigate
cross-modal retrieval between audio signals and 3D point
clouds. The consistently strong results across all four tasks
underscore the model’s remarkable generalization capability
and effectiveness in zero-shot cross-modal retrieval.

Reconstruction Analysis. As shown in Table II, our
model achieves strong reconstruction performance on the

test set. These results indicate that our approach effectively
preserves both the global structure and fine-grained geo-
metric details of 3D shapes. Specifically, the low Chamfer
Distance (CD) and Earth Mover’s Distance (EMD) values
reflect accurate spatial alignment, the high F-Score indicates
strong point-wise correspondence with the ground truth, and
the low 1-Nearest Neighbor (1-NN) average distance further
confirms the local consistency between reconstructed and
reference point clouds.

Semantic Consistency Retrieval. As shown in Table III,
our model demonstrates strong performance, indicating that
the generated shapes effectively retain meaningful audio-
related semantics. Compared against both an upper bound
established using real shapes and a lower bound based on
random generations, our results confirm that audio-guided
generation produces semantically aligned 3D outputs.

D. Qualitative Analysis

Conditional Generation. Figure 3 showcases compelling
examples of audio-to-3D generation produced by our frame-
work. Leveraging its robust generative capabilities, our ap-
proach takes audio inputs and synthesizes highly coherent
and richly detailed 3D point clouds that faithfully reflect
the semantic content of the audio. These results not only
demonstrate the framework’s ability to translate acoustic
information into vivid 3D structures, but also highlight the
strong alignment between audio features and 3D shape rep-
resentations within the learned embedding space—validating
the effectiveness of our generative mechanism in bridging
these two distinct modalities.

E. Ablation Study

We perform ablation studies to analyze the contribution of
each component. As shown in Table IV, our results highlight
the importance of each module in achieving high-quality
generation. Removing the cross-modal alignment stage leads
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TABLE IV: Ablation study on the design choices of our architecture.

Model Configuration

Performance Metrics

EMD |  Precision 1 L1 I-NN| COV{T MMD|
W/O Cross Modal Alignment  0.9546 0.0201 0.1091 0.2778 0.0210 0.9594
W/O Attention Block 0.7966 0.1189 0.0972 04526  0.1077 0.6753
W/O Refinement Stage 0.4995 0.2961 0.0562  0.2185 0.7140 0.0368
Full Model 0.4390 0.7910 0.0032  0.2284  0.8969 0.0211

to semantically inconsistent shape generation, as the model
fails to establish meaningful associations between audio and
3D structures. The attention block responsible for injecting
audio conditions is equally critical. Its removal results in a
distinct semantic discrepancy between the audio input and
the generated shapes. The refinement stage also plays a key
role in enhancing output quality; removing it leads to a
noticeable loss of geometric detail and an overall decline
in fidelity.

F. Limitations

Although our method demonstrates promising results, it
struggles with highly complex shapes, often producing noisy
outputs or structural artifacts. It may also exhibit category
ambiguity when processing acoustically similar inputs from
different categories. Addressing these limitations will be a
key focus of our future work.

V. CONCLUSION

In this work, we present an audio-driven generative frame-
work that unifies auditory, visual, and geometric modalities
for high-quality 3D point cloud synthesis. By integrating
contrastive alignment, latent diffusion generation, and differ-
entiable Gaussian-based refinement, our model produces 3D
outputs that are both semantically coherent and structurally
faithful, conditioned on audio cues. While the framework
demonstrates strong performance, it faces challenges with
highly complex geometries or acoustically similar categories,
which can occasionally result in structural artifacts or seman-
tic ambiguities. Our work advances static audio-conditioned
3D reconstruction and provides a foundation for future
research into dynamic generation, multimodal control, and
real-world applications.
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