
VibraVerse: A Large-Scale Geometry-Acoustics Alignment Dataset for
Physically-Consistent Multimodal Learning

Supplementary Material

1. Overview

In this supplemental material, we first present the under-
lying principles of modal analysis and sound synthesis for
physically based simulation Sec. 2. Next, we provide ad-
ditional implementation details for each benchmark task,
along with a comprehensive description of the experimen-
tal setup Sec. 3. Finally, we introduce a new task not in-
cluded in the main text, sound-guided solid identification,
which has not been explored in prior work Sec. 4. This new
task further demonstrates the versatility and strength of our
dataset.

2. Modal Analysis and Sound Synthesis Details

2.1. Matrix Assembly from Tetrahedral Meshes

The process of deriving the global mass (M ) and stiffness
(K) matrices from a volumetric tetrahedral mesh is a foun-
dational step in the Finite Element Method (FEM) [11]. We
begin with a 3D object discretized into a set of E tetrahe-
dral elements. The entire mesh consists of n nodes (ver-
tices). Each node possesses three translational degrees of
freedom (DOFs)—in x, y, and z directions—resulting in a
total of Ndof = 3n DOFs for the entire system. Both M
and K will be Ndof →Ndof matrices. The global matrices
are constructed by summing the contributions from all indi-
vidual element matrices (me and ke). We implemented the
assembly of matrices M and K based on the code provided
in DiffSound [8].

2.1.1. Element-level Matrix Formulation
For each tetrahedron element e in the mesh, we compute its
local mass and stiffness matrices. A standard linear tetrahe-
dron has 4 nodes, and thus 4→ 3 = 12 local DOFs. Its local
matrices me and ke are therefore 12→ 12.

Element Mass Matrix (me). The element mass matrix
me represents the distribution of kinetic energy within the
element. It is computed from the material’s density ω and
the element’s shape functions Ni.The displacement u at any
point within the element is interpolated from the element’s
12 nodal displacements ue

i using the shape function Ni:

u =
12∑

i=1

Ni(u
e
i ) . (1)

The element mass matrix is then given by the integral over
the element’s volume V e:

me
ij =

∫

x→V e

ωNi(x)Nj(x) dV . (2)

This is known as the consistent mass matrix, which ac-
curately couples the motion of the element’s nodes. We
employ the Gaussian numerical integration method, select-
ing t Gaussian integration points gk within the tetrahedral
element, with corresponding Gaussian integration weights
wk[8]:

mij
e = ωV

t∑

k=1

wkNi(gk)Nj(gk) . (3)

Element Stiffness Matrix (ke). The element stiffness
matrix ke represents the element’s resistance to deforma-
tion and is derived from the material’s elastic properties
(Young’s modulus E and Poisson’s ratio ε), which defined
as[8]:

ke =

∫

x→V e

D(x)TB(E, ε)D(x)dV . (4)

Here, B(E, ε) is the elasticity matrix representing the ma-
terial model [1], and D = ↑xN is a matrix derived from
the shape functions with respect to the physical spatial co-
ordinates.

With Lame coefficients ϑ, µ defined as:

ϑ =
Eε

(1 + ε)(1↓ 2ε)
, µ =

E

2(1 + ε)
, (5)

we adopt the linear elastic model, where B(E, ε) is the
matrix representation of the fourth-order isotropic elasticity
tensor[11]. It relates the stress tensor ϖ to the displacement
gradient, governed by Hooke’s Law:

ϖij = µ(
ϱui

ϱxj
+

ϱuj

ϱxi
) + ϑςij

∑

k

ϱuk

ϱxk
. (6)

B(E, ε) is computed as the Jacobian of the stress tensor ϖ
with respect to the displacement gradient tensor F (where
F = ↑u). Mathematically, the entries of B are defined by
the partial derivatives:

Bijkl =
ϱϖij

ϱFkl
. (7)



In the implementation, this fourth-order tensor B is re-
shaped into a 9→9 matrix, mapping the vectorized displace-
ment gradient to the vectorized stress.

We employ Gaussian integration method to calculate ke,
selecting t Gaussian integration points gk within the tetra-
hedral element, with corresponding Gaussian integration
weights wk [8]:

ke = V
t∑

k=1

wkD(gk)
TB(E, ε)D(gk) . (8)

2.1.2. Global Matrix Assembly
Finally, the global M and K matrices are constructed.
These are large, sparse matrices, initially filled with zeros,
with dimensions Ndof → Ndof , where Ndof = 3n is the
total number of degrees of freedom in the entire mesh .

The assembly process iterates over every element e in
the mesh. For each element, its local ke and me matrices
are computed. The entries of these local matrices are then
added into the corresponding positions within the global M
and K matrices, based on a global-to-local index mapping
of the element’s nodes. This ”superposition” step results in
the final global mass M and stiffness K matrices, which
are symmetric, positive-definite (or semi-definite), and rep-
resent the complete dynamic properties of the discretized
3D object.

We employ PyTorch [10] to efficiently batch calculate
both the element mass matrix and element stiffness ma-
trix. Subsequently, these element matrices are assembled
into global Coordinate Format (COO) sparse matrices for
further processing, according to [8].

2.2. Modal Reduction and Sound Synthesis
To synthesize the impact sound, we seek to numerically
solve the discretized equation of motion involving the full
damping matrix D [2]:

Mü+Du̇+Ku = f(t). (9)

Solving this coupled high-dimensional system directly is
computationally prohibitive. Our fundamental strategy is
to decouple the system into a set of independent one-
dimensional oscillators. To achieve this, we perform the
Generalized Eigenvalue Decomposition (GED) on the stiff-
ness matrix K and mass matrix M :

KU = MU!. (10)

Here, ! = diag(ϑ1,ϑ2, . . . ,ϑN ) is the diagonal matrix of
eigenvalues, and U is the matrix of generalized eigenvec-
tors (mode shapes). These eigenvectors are normalized to
satisfy the following orthogonality conditions [6]:

UTMU = I, UTKU = !. (11)

We then transform the nodal displacement vector u into
modal coordinates q using the linear mapping u = Uq. Sub-
stituting this into Eq. (9) and pre-multiplying by UT , we
obtain the transformed system:

UTMUq̈ + UTDUq̇ + UTKUq = UT f(t). (12)

To ensure the diagonalization of the damping term, we em-
ploy the Rayleigh damping model, where the damping ma-
trix is approximated as a linear combination of mass and
stiffness: D = φM + ↼K. Exploiting the orthogonality
properties, the damping term transforms as:

UT (φM + ↼K)U = φI + ↼!. (13)

Consequently, the coupled system simplifies to a diagonal-
ized form:

q̈ + (φI + ↼!)q̇ + !q = Fmodal(t), (14)

where Fmodal = UT f(t). Since all matrices on the left-
hand side are diagonal, the system is fully decoupled. This
implies that the vibration of each mode is independent of
the others.

For efficient computation, we utilize the ARPACK solver
to calculate only the k smallest eigenvalues and their cor-
responding eigenvectors. It is important to note that the
first six eigenvalues are theoretically zero (or near-zero nu-
merically). These correspond to the six rigid-body modes
(three translations and three rotations) of the unconstrained
object. Since rigid-body motion does not induce deforma-
tion or acoustic waves, these six modes are discarded. The
remaining non-zero eigenvalues represent the elastic defor-
mation modes, starting from the fundamental frequency.

Finally, for each retained mode i, the equation reduces to
a standard damped harmonic oscillator:

q̈i + (φ+ ↼ϑi)q̇i + ϑiqi = uT
i f(t). (15)

This 1D equation can be solved analytically to obtain the
modal contribution qi(t), and the final displacement is re-
constructed by summing these contributions:

u(t) ↔
k∑

i=7

uiqi(t). (16)

For an impulse excitation f(t) at t = 0, the solution to
each mode is a damped sinusoid:

qi(t) = Aie
↑ωit sin(↽d,it), (17)

where Ai is the amplitude of mode i, ↽d,i is the damped
angular frequency, and ϖi is the decay rate of mode i. ↽d,i

and ϖi are represented by Rayleigh damping coefficient φ,↼
and undamped natural angular frequencies ↽i:

di =
1

2
(φ+ ↼↽2

i ) (18)

↽d,i = ↽i

√
1↓ (

di
↽i

)2. (19)



3. Tasks Details
3.1. Data-Driven Sound Synthesis
Frequencies. We map the modal frequencies from the
Hertz scale to the Mel scale. These Mel-scaled values are
then linearly normalized to the range [↓1, 1], bounded by
the audibility frequency range (20 Hz to 20 kHz).

Geometry Features. We employ an OCNN-based
model [15] as the shape encoder. This encoder pro-
cesses the input 3D geometric mesh and extracts a
128-dimensional geometric feature vector.

Material Features. We normalize the input material pa-
rameters—Young’s modulus, Poisson’s ratio, and den-
sity—to the range [↓1, 1]. Specifically, density and Young’s
modulus undergo logarithmic normalization within the
ranges [500, 10000] and [5 → 108, 5 → 1011], respectively.
In contrast, Poisson’s ratio is linearly normalized within
the range [0.1, 0.4]. These normalized parameters are sub-
sequently projected into a 32-dimensional material feature
vector via a Multi-Layer Perceptron (MLP).

Eigenvalue Prediction. We concatenate the extracted ge-
ometry and material features and feed them into a Si-
nusoidal Representation Network (SIREN [14]), which is
trained to output the object’s first 64 non-zero scaled natural
frequencies. We minimize the mean squared error (MSE)
between the predicted scaled frequencies and their corre-
sponding ground-truth values.

Implementation Details.
• NeuralSound [7]: We retrained the Vibration Solver

component in NeuralSound on our dataset in 64 eigen-
values for 10 epochs (↗ 1 day of training on a single
NVIDIA 4090 GPU), by which point the training loss had
converged. It leads to performance exceeding those re-
ported in its original paper.

• Ours: Our proposed model was trained for 100 epochs
(↗ 1 day of training on 6 → NVIDIA RTX 4090 GPUs)
using the batch size of 16. We use AdamW optimizer,
with a learning rate of 1e-3, and a weight decay of 1e-
4. The learning rate is decayed linearly to zero over the
training period.

Performation details. The Time cost for NeuralSound,
FEM (LOBPCG), and ours was benchmarked on a single
NVIDIA 4090 GPU. Since FEM (ARPACK) is not a GPU-
based method, it was tested on an Intel Xeon Platinum 8260
CPU.

3.2. Sound-Guided Shape Reconstruction
We adapt the Variational Autoencoder (VAE) architecture
from Step1X-3D [9] for our framework. However, diverg-
ing from the original objective of self-reconstruction, we re-
purpose the architecture into a Conditional VAE (C-VAE).
Specifically, our model is designed to reconstruct fine-
grained structural details from coarse voxel inputs, condi-
tioned on audio eigenvalues (modal frequencies) and mate-
rial parameters. The pipeline consists of the following five
stages:

• Coarse Voxel Generation. We discretize the normalized
[↓1, 1]3 spatial domain into a grid of resolution 16→16→
16. For each mesh in our dataset, we evaluate the grid
cells; if the center of a cell lies within the mesh boundary,
the cell is filled with a cubic voxel, otherwise it remains
empty. These occupied voxels are then tessellated into an
OBJ triangular mesh, which serves as the initial coarse
geometric condition.

• Input Processing. We uniformly sample a point cloud
of N = 32, 768 points from the surface of the generated
coarse voxel mesh. This point cloud serves as the input
to the VAE encoder, which maps the geometric data into
a geometry latent representation with dimensions 1024→
768.

• Condition Injection. The 64-dimensional modal fre-
quencies and the 3-dimensional material parameters are
first scaled to the range [↓1, 1], following the protocol
detailed in Sec. 3.1. Each modality is then processed by a
dedicated Multi-Layer Perceptron (MLP) to project them
into 768-dimensional embeddings: an audio feature vec-
tor and a material feature vector. These embeddings are
concatenated with the geometry latent sequence, resulting
in a composite feature tensor of size 1026→ 768.

• Mesh Decoding. The composite feature tensor is fed
into the Decoder Transformer block. Through the self-
attention mechanism, the geometry tokens attend to the
audio and material tokens, which allows the model to re-
fine the geometry with physically consistent details based
on the conditions. The decoder ultimately outputs an im-
plicit Signed Distance Function (SDF) shape representa-
tion.

• Supervision. We pre-compute the ground truth SDF val-
ues for the meshes in our dataset on a dense 1283 voxel
grid. During training, we randomly sample 16, 384 query
points per mesh. We optimize the network by minimiz-
ing the Mean Squared Error (MSE) between the predicted
SDF values (decoded from the coarse voxel input) and the
ground truth SDF values at the sampled coordinates.

Implementation Details.
• DiffSound [8]: DiffSound performs instance-specific op-

timization on a Deep Marching Tetrahedra (DMTet) [12]



grid with a resolution of 64. Each mesh is optimized for
200 iterations, a duration empirically determined to be
sufficient for the audio loss to converge. However, this
approach incurs significant computational overhead, as
it necessitates a Generalized Eigenvalue Decomposition
(GED) at every optimization step. Due to these computa-
tional constraints, we restrict our comparative evaluation
to a subset of random selected 100 test meshes.

• Ours: we trained the VAE from scratch on our train-
ing set. The model was configured with a global batch
size of 48 and a decoder depth of 12 layers. All other
hyper-parameters followed the default settings provided
in the original Step1X-3D implementation. The model
was trained for 200 epochs. The entire training process
took approximately two days on 6 → NVIDIA RTX 4090
GPUs.

Performation details. The time cost for DiffSound and
ours was benchmarked on a single NVIDIA RTX 4090
GPU.

3.3. Cross-Modal Retrieval
To enable the sound, 3D shape, and image modalities to in-
teract effectively, we design a cross-modal retrieval frame-
work that learns a shared embedding space for all three
modalities. This shared space allows for direct comparison
and retrieval across different data types.

Modal Encoders. As discussed before, we employ spe-
cialized encoders to project each modality into a shared
128-dimensional feature space: a SIREN network [14] for
sound, a VGG-16 [13] for images, and an Octree CNN [15]
for 3D shapes. Additionally, for 3D shape encoding, we
also take one-hot material category vector as input, which
is then expanded to 128-dimension by a MLP and added to
the embedding from OCNN.

Shared Embedding Space. To align the features from
different modalities into a common space, we introduce
modality-specific projection heads. We employed InfoNCE
loss (Equation. 9) to train the encoders and projection heads
jointly. This loss function encourages the model to bring re-
lated samples (e.g., an image and its corresponding sound)
closer together in the embedding space while pushing unre-
lated samples apart.

Material Classification Header We incorporate an aux-
iliary material classification task to enhance the model’s un-
derstanding of material properties across modalities. A ded-
icated MLP-based classification head takes the embedding
in the shared space as input and predicts the material cate-
gory of the object. We use cross-entropy loss for this clas-
sification task, which is combined with the InfoNCE loss

to form the overall training objective. The material clas-
sification loss is weighted by a factor of 0.1 to balance its
influence during training.

Training details. The model is trained for 200 epochs us-
ing a batch size of 24. We use AdamW optimizer, with a
learning rate of 1e-3, and a weight decay of 1e-4, both of
which are default settings in PyTorch. The learning rate is
decayed linearly to zero over the training period. The model
is trained on 6 → NVIDIA A6000 GPUs, taking approxi-
mately 1 day to complete.

Comparison to Other works. We evaluate the model’s
performance using standard retrieval metrics, including
Top-1, Top-5, and Top-10 accuracy. These metrics assess
the model’s ability to correctly retrieve the relevant item
from a pool of candidates based on a given query from an-
other modality.

While we use the same evaluation metrics as RealImpact
and ObjectFolder [3, 4], it is important to note that our
task setup differs significantly, resulting in a direct numer-
ical comparison infeasible. First, the data domains are dis-
tinct: while Reallmpact predominantly utilize real-world
audiorecordings, and ObjectFolder series focuses on event-
drivenmultisensory perception, our audio data is derived en-
tirely from physical equation-based synthesis. Second, our
method synthesizes a location-invariant “averaged” impact
sound by applying a unit impulse excitation ς(t) to each vi-
brational mode, rather than derived from impacts at specific
surface locations. Finally, the complexity of the retrieval
task varies due to the scale of the search space. For in-
stance, the Cross-Sensory Retrieval task in the ObjectFolder
Benchmark [5] is evaluated on a test set of 100 meshes. In
contrast, our evaluation requires retrieving the correct tar-
get from a dataset of over 4,000 candidates, which presents
a much more challenging scenario.

4. Additional Task: Sound-Guided Solid Iden-
tification

Visual modalities alone lack the information density re-
quired to infer internal physical properties, such as differen-
tiating between solid and hollow structures. Impact sounds,
however, offer extrinsic evidence of these internal charac-
teristics. As a supplementary experiment, we formulate
a binary classification task that leverages both single-view
images and the modal frequencies of impact sound to iden-
tify structural solidity.
Training Data. Adopting the hollow mesh generation
methodology proposed in DiffSound [8], we generate hol-
low counterparts of existing solid objects by removing their
interiors.



Specifically, according to [8], we define the ”thickness”
of generated hollow mesh based on the Signed Distance
Function (SDF) of its corresponding solid counterpart. Let
smin denote the global minimum SDF value, corresponding
to the internal point strictly furthest from the surface (i.e.,
the maximum depth). We define a hollow object with a rel-
ative thickness ratio t as the set containing all points whose
distance to the surface is within t · |smin|. Consequently, a
point P is considered to be inside the hollow shell if and
only if its SDF value, S(P ), satisfies the condition:

t · smin < S(P ) < 0 (20)

For our dataset creation, we synthesize hollow meshes by
uniformly sampling the thickness ratio t from the range
[0.3, 0.7]. Crucially, this process preserves the exterior
mesh, rendering the hollow and solid objects visually in-
distinguishable.

We synthesized 1,000 hollow objects alongside their
modal frequencies. By combining these with the existing
solid counterparts from the original dataset, we constructed
a balanced dataset of 2,000 samples. Each data entry com-
prises multi-modal inputs (audio and image) and a binary
label (solid or hollow). Finally, the dataset was partitioned
into a training set of 1,600 samples and a test set of 400
samples.
Methods. Following the design in Sec. 3.3, we employ a
SIREN-based [14] sound encoder and a VGG-based [13]
image encoder. Specifically, the input image and modal fre-
quencies are processed by their respective encoders to ex-
tract visual and auditory embeddings. These feature vectors
are subsequently concatenated and passed through a Multi-
Layer Perceptron (MLP) to generate a two-dimensional out-
put, representing the logits for the solid and hollow classes.
The model is optimized using cross-entropy loss. We train
the model for 100 epochs in training set, which takes ap-
proximately 3 hours on a NVIDIA RTX 4090 GPU.
Experiment Results. The classification accuracy on the
test set is presented below. Furthermore, we evaluate the
performance separately on the two distinct data sources:
Objaverse and Generated items. The results demonstrate
that our dataset enables data-driven approaches to effec-
tively recognize internal object structures by leveraging au-
dio cues.

Objaverse Generated All

Accuracy ↘ 74.00% 91.33% 87.00%
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