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1. INTRODUCTION

The simulation of plucked string instruments has long been a fundamental topic in musical acoustics,
especially in the context of physics-based sound synthesis for instruments such as the guitar and harp. A
variety of approaches have been proposed, including digital waveguide (DWG) methods, finite-difference
time-domain (FDTD) schemes, and other numerical techniques,1 each offering different trade-offs between
computational efficiency and physical accuracy. Stiff string models exhibit dispersive behavior due to bend-
ing stiffness, leading to inharmonicity in the vibration spectrum.2 This introduces high-frequency compo-
nents that are perceptually important, but challenging to capture accurately in numerical simulations.

In recent years, deep learning has emerged as a powerful tool for modeling complex physical systems. In
particular, Physics-Informed Neural Networks (PINNs)3 have gained attention for solving partial differen-
tial equations (PDEs) by embedding physical laws directly into the learning process. Within musical acous-
tics, PINNs have been explored for simulating instrument-related phenomena, such as nonlinear bow–string
interactions4 and acoustic wave propagation in tubes.5 They have also been applied to inverse problems, in-
cluding the reconstruction of structural vibrations, for instance, in violin top plates using near-field acoustic
holography techniques,6–9 as well as in the reconstruction of acoustic radiation fields for tubes.10 Applying
PINNs to structural vibration problems remains challenging, particularly for systems involving stiffness and
dispersive effects. Recent studies on cable vibrations considering bending stiffness have demonstrated that
classical PINNs often fail to accurately reproduce such dynamics, highlighting the difficulty of capturing
multi-scale behavior governed by higher-order derivatives.11

In this paper, we investigate the performance of PINNs for simulating the vibration of a plucked string.
We focus on a linear stiff string model under the assumption of small-amplitude vibrations. This setting
is particularly challenging for PINNs because it combines sharp pluck-induced initial conditions with dis-
persive stiff-string dynamics. The pluck introduces a non-smooth initial profile containing substantial high-
frequency content, which is difficult for neural networks to represent accurately due to their spectral bias
toward low-frequency functions. In a stiff string, the bending stiffness term introduces dispersion, causing
higher-frequency components to propagate faster than lower-frequency ones. This effect becomes signif-
icant precisely in the high-wavenumber regime where spectral bias is most severe. To address this, we
employ a Random Fourier Feature embedding (RFF), which mitigates spectral bias and thereby provides
the network with the capacity needed to resolve the physically correct dispersion relation across a broader
range of wavenumbers. This work provides a preliminary study in a physically relevant setting, supported
by experimental validation, aimed at assessing the suitability of PINNs for plucked string applications. The
insights gained from this study are intended to inform future developments, including inverse problems
such as parameter estimation, as well as extensions to more advanced frameworks such as physics-informed
neural operators.

2. PLUCKED STRING VIBRATION

Consider a string of length L and cross-sectional area A, linear density ρ, subject to a constant tensile
force T , which governs its transverse vibration. In addition, the string exhibits bending stiffness associated
with longitudinal elastic deformation, characterized by Young’s modulus E and the moment of inertia I ,
introducing dispersive effects into the vibration. Dissipation is incorporated following12 through a composite
damping model consisting of a frequency-independent term σ0 and a frequency-dependent term σ1. Under
the assumption of small-amplitude vibrations, the transverse displacement of the string, denoted by u(x, t)
as a function of spatial coordinate along the axial direction x and time t, is governed by the following PDE:

ρA∂2
t u− T∂2

xu+ EI∂4
xu+ 2ρAσ0∂tu− 2ρAσ1∂t∂

2
xu = 0, (1)

PREPRIN
T



Figure 1: Initial condition for plucked string vibration.

where ∂x and ∂t represent partial derivatives with respect to x and t. This equation has been widely em-
ployed in the field of musical acoustics.2 Here, geometric nonlinearities associated with large-amplitude
motion are neglected. Nevertheless, this simplification does not preclude the adoption of the same compu-
tational framework for extension to such nonlinear model.13

A simple plucked-string condition is adopted following Perov et al.,14 where a triangular displacement
profile (see Fig. 1) is used as the initial condition (ICs):

u(x, 0) =

{
y
x1

x, 0 ≤ x ≤ x1,
y

L−x1
(L− x), x1 ≤ x ≤ L,

∂tu(x, 0) = 0,

(2)

where the apex of the triangular profile is located at x1, and the displacement reaches its maximum value y
at this point.

The following Boundary Conditions (BCs) is considered:

u(0, t) = u(L, t) = 0, ∂2
xu(0, t) = ∂2

xu(L, t) = 0. (3)

3. PHYSICS-INFORMED NEURAL NETWORKS

The spatial and temporal coordinates x and t are used as inputs to the PINN. To improve training sta-
bility and performance, these variables are typically normalized. In addition, reducing the number of in-
dependent physical parameters is beneficial for both efficiency and generalization. Therefore, x and t are
non-dimensionalized using L and the period Tp, respectively:

x′ =
x

L
∈ [0, 1], t′ =

t

Tp
∈ [0, 1],

κ′ =
2

L

√
EI

T
, σ′

0 =
2

L
σ0

√
ρA

T
, σ′

1 =
2

L
σ1

√
ρA

T
.

(4)

This transformation reduces the original set of physical parameters {L, ρ,A, T,E, I, σ0, σ1} to a more com-
pact set of dimensionless parameters {κ′, σ′

0, σ
′
1}. Subsequently, the PDE, ICs, and BCs are consistently

normalized; however, their explicit forms are omitted for brevity and introduced later in the loss function.
A deep neural network is employed, with x′ and t′ as inputs, and û(x′, t′) as the predicted output:

û(x′, t′) = Θθ(Γ(x
′, t′)), (5)

where θθ denotes the neural network-based estimator, parameterized by the trainable parameters θ. Γ denotes
a RFF embedding,15 which has been shown to effectively mitigate the spectral bias in PINNs.16 Spectral
bias refers to the tendency of neural networks to preferentially learn low-frequency components before high-
frequency ones, often leading to difficulties in accurately representing high-frequency phenomena. The RFF
is defined as

Γ(v) =
[
cos(ω⊤

1 v), sin(ω
⊤
1 v), . . . , cos(ω

⊤
i v), sin(ω

⊤
i v), . . . , cos(ω

⊤
Mv), sin(ω⊤

Mv)
]
, (6)
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where v = (x′, t′) and the frequency vectors are independently sampled from a Gaussian distribution,
ωi ∼ N (0, σ2).

Automatic differentiation is then used to compute the loss functions, which encompass the PDE, ICs
and BCs losses, all formulated as mean squared error terms. The PDE loss is expressed as according to (1)

LPDE =
1

NPDE

∥∥∂2
t′ û− 4∂2

x′ û+ κ′2∂4
x′ û+ 2σ′

0∂t′ û− 2σ′
1∂t′∂

2
x′ û

∥∥2
2
. (7)

The ICs loss is express as according to (2)
LIC1 =

1

NIC1

∥∥û(x′, 0)− u
(
x′, 0)

∥∥2
2
,

LIC2 =
1

NIC2

∥∥∂tû(x′, 0)− ∂tu
(
x′, 0)

∥∥2
2
.

(8)

The BCs loss is express as according to (3)

LBC1 =
1

NBC1

∥∥û(0, t′)− u
(
0, t′)

∥∥2
2
,

LBC2 =
1

NBC2

∥∥û(1, t′)− u
(
1, t′)

∥∥2
2
,

LBC3 =
1

NBC3

∥∥∂2
xû(0, t

′)− ∂2
xu

(
0, t′)

∥∥2
2
,

LBC4 =
1

NBC4

∥∥∂2
xû(1, t

′)− ∂2
xu

(
1, t′)

∥∥2
2
.

(9)

NPDE , NIC1, NIC2, NBC1, NBC2, NBC3 and NBC4 represent the respective numbers of collocation points
used for the loss computations. Then the total loss function is

L = λPDELPDE + λIC1LIC1 + λIC2LIC2 + λBC1LBC1 + λBC2LBC2 + λBC3LBC3 + λBC4LBC4,
(10)

with λPDE , λIC1, λIC2, λBC1, λBC2, λBC3, λBC4, as the loss function weights. Modern optimization
algorithms are employed to iteratively update the network parameters θ during training.

4. VALIDATION

A. PINN IMPLEMENTATION

The neural network architecture is based on a multilayer perceptron (MLP), with 2 input channels cor-
responding to (x, t), a single output channel u, and 4 hidden layers of width 256. A hyperparameter study is
conducted using 4 PINN models with σ ∈ {1, 5, 10, 15} for RFF, where the RFF feature dimension is set to
256. The tanh activation function is adopted throughout. The MLP output is scaled by the maximum value
of the initial displacement.

For training, we employ the state-of-the-art second-order optimizer Shampoo with Adam in the pre-
conditioner’s eigenbasis (SOAP).17 SOAP has been shown to effectively approximate the Hessian-based
preconditioner, resulting in notable performance gains in PINN training.18 Moreover, as continuous-time
PINNs may violate causality and converge to physically inconsistent solutions,19 we adopt a causal training
strategy to mitigate time-related issues. We also incorporate the GradNorm method20 to adaptively balance
the loss terms, avoiding manual tuning of loss weights. All implementations are carried out using JAX. As a
preliminary study, the temporal domain is restricted to the first vibration period. Nevertheless, the proposed
approach is not limited to short durations and can be extended to longer time intervals by increasing the
number of PINNs, as demonstrated in Luan et al.4
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B. EXPERIMENTS

In this study, a wire-breaking method is employed using a custom-built experimental system (see Fig. 2).
The excitation is generated by suddenly releasing a pre-tensioned string, which is cut using a pair of scis-
sors to approximate an ideal impulsive release. This approach produces an initial condition dominated by
transverse displacement in a single direction, with negligible initial velocity, closely resembling a pluck-like
excitation while maintaining good repeatability.

Figure 2: Custom-built wire-breaking system.

The experiments are conducted using a D’Addario low E electric guitar string (82.4 Hz).21 The string
parameters are given as: density ρ = 6448 kg/m3, diameter d = 1.18mm, Young’s modulus E = 200GPa,
length L = 0.653 m, and tension T = 80.42 N. The damping coefficients are set to σ0 = 0.1 and σ1 =
1×10−5, with excitation applied at position x1 = 0.204 m, initial displacement amplitude y = 2×10−3 m,
and measurement point at 0.2 m. The resulting transverse vibration is measured using a high-speed 2D
laser profiler,22 which is capable of capturing both polarization components. The measurement sampling
frequency is 2560 Hz. However, in this work, only a single transverse direction is considered for analysis to
simplify the modeling framework and focus on the dominant vibration behavior.

C. RESULTS AND DISCUSSION

Figure 3 presents the PINN simulation results of the field u(x, t) under different RFF scales σ, along-
side the corresponding FDTD baseline for comparison. When σ = 15, the result closely matches the FDTD
solution, demonstrating the ability of PINNs to accurately model plucked string vibrations. Moreover, it is
observed that larger values of σ yield improved results, with enhanced fine-scale details and higher resolu-
tion. The Mean Square Error (MSE) between the PINN predictions and the FDTD reference is summarized
in Table 1, where σ = 15 achieves the best performance.

In audio applications, the human auditory range extends up to approximately 22 kHz, making accurate
high-frequency representation essential. The results indicate that increasing σ in the RFF can significantly
enhance the model’s ability to capture high-frequency components, consistent with the expectation reported
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https://www.daddario.com/products/exl110-xl-nickel-wound-electric-guitar-strings-regular-light-10-46
https://www.keyence.com/products/measure/laser-2d/lj-v/

