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Physics-informed neural network for predicting
in vacuo vocal fold eigenmodes: A proof
of concept study
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Abstract: This study investigates a machine-learning approach for real-time computation of in vacuo vocal fold eigenmodes.
A physics-informed neural network is trained to predict eigenmodes and eigenfrequencies by integrating the governing equa-
tions of vocal fold dynamics. The proposed architecture predicts physically consistent modal shapes and frequency estimates,
showing strong agreement with finite-element method results for lower-order modes, achieving mean relative errors below 6%
in eigenfrequency prediction and cosine correlation values approaching 1 in eigenmode prediction, while prediction accuracy
declines for higher-order modes. These findings demonstrate that the physics-informed neural network provides an accurate

and efficient real-time computation of in vacuo vocal fold eigenmodes. © 2026 Author(s). All article content, except where otherwise
noted, is licensed under a Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).
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1. Introduction

Human voice production arises from interactions between airflow and vocal fold vibrations (Zhang, 2016). Accurate
modeling of vocal fold vibration is crucial for clinical assessment and diagnosis of voice disorders. Computational tools
that reliably characterize the effects of physiological changes on vocal fold vibrational behavior are essential for guiding
treatment planning, thereby supporting restoration of the mechanical conditions required for normal phonation (Zhang,
2016). Due to the high computational costs in resolving the complex fluid-structure-acoustic interaction during voice
production, reduced-order models based on eigenmode superposition have been developed to reduce the computational
costs (Zhang, 2015, 2017b,a). In this eigenmode-based approach, the natural eigenmodes of the vocal folds are first cal-
culated, often using the finite-element method (FEM), and subsequently used as a basis function to approximate vocal
fold vibration in the interaction with airflow. The natural frequencies and eigenmodes of the vocal folds characterize
their vibration behavior and determine how vocal fold tissue motion interacts with aerodynamic forces during phonation
(Zhang, 2016). Experimental studies have demonstrated strong correspondence between observed vocal fold vibration
patterns and structural eigenmodes (Berry and Titze, 1996), indicating that vocal fold motion can be accurately
described by the superposition of the eigenmodes (Titze, 1976; Zhang, 2015; Titze and Strong, 1975; Tokuda et al., 2007;
Svec et al., 2000).

Although the FEM method provides high accuracy in computing vocal fold eigenmodes, it is computationally
expensive and does not allow real-time analysis (Zhang, 2015, 2017a,b). In this study, we aim to reduce the computa-
tional cost associated with conventional numerical approaches in solving the eigenvalue problem and achieve a real-
time inference by using a physics-informed neural network (PINN). This approach is employed because it directly inte-
grates the governing equations of vocal fold vibration together with the associated boundary conditions within the
training process, ensuring physically consistent predictions (Raissi et al, 2019). In addition, selected data obtained
from FEM simulations are used to guide the network training and improve prediction accuracy. In this proof of con-
cept study, we will show that this approach, when trained using sufficient data, has the potential for real-time predic-
tion of the in vacuo vocal fold eigenmodes, thus significantly reducing the time for computational voice production
simulation.
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2. Method

2.1 Governing equation

The vocal fold eigenvalue problem is formulated using the body-cover model (Zhang, 2017a,b). Although vocal fold tissue
exhibits nonlinear and anisotropic behavior (Zhang, 2016, 2017a), each layer is approximated as a nearly incompressible,
transversely isotropic, linear elastic material with the plane of isotropy perpendicular to the anterior—posterior direction.
Under the assumption of linear elasticity (Titze, 1976; Titze and Talkin, 1979; Zhang, 2015), the stress-strain relation fol-
lows Hooke’s law (Lautrup, 2011, Chap. 11),

aij = Cijke &k, (1)

where Cjj is the fourth-order elasticity tensor. The Cauchy strain tensor is defined as
1
gij = E (V,‘uj + Vju,-). (2)
Mechanical equilibrium is given by Lautrup (2011, Chap. 12),

fr=f+> Vo =0, (3)
j

where f; denotes the effective force density and f; the external body force. Substituting Eqs. (1) and (2) into Eq. (3),
neglecting external body forces under the in vacuo assumption (Berry and Titze, 1996; Zhang, 2015, 2017b), and subse-
quently applying Newton’s second law to an infinitesimal material element expressed in terms of force density yields
Navier’s equation of motion (Lautrup, 2011, Chap. 14):

82 u;

o

Expressing the displacement field in harmonic form transforms the time-dependent problem into a time-independent for-
mulation (Lautrup, 2011, Chap. 14):

1
=V; (CW 3 (Viug + Vguk)). @)

6214,'
or?
Substituting the harmonic displacement representation and its second derivative given in Eq. (5) into the time-domain
Navier-Cauchy equation results in the frequency-domain governing equation

u(x, t) = u(x)e ™", = —?u;(x)e ™. (5)

1
—p o*u; = \Y |:Cijkg 3 (Viue + V[uk)} . (6)

Equation (6) serves as the governing equation for the PINN. The corresponding residual is defined as
1
Ri(x;0) = V; {Czjké 5 (Ve (x;.0) + Veur(x; 9))] + p o’ui(x; 0), 7)

which is enforced to vanish at the collocation points within the computational domain. Here, u(x; 0) denotes the displace-
ment field predicted by the neural network, x represents the spatial collocation points, and 0 collects the trainable network
parameters.

2.2 Boundary conditions

The vocal fold model is subject to Dirichlet, Neumann, and interface boundary conditions to suppress rigid-body motion,
enforce traction-free surfaces, and ensure mechanical continuity between the body and cover layers. Dirichlet conditions
prescribe zero displacement on mechanically fixed surfaces (lateral, anterior, and posterior) (Faust et al., 2024), while
Neumann conditions impose zero traction on the free surfaces (medial, superior, and inferior) (Faust et al., 2024). The
two-layer structure is assumed to be perfectly bonded at the internal interface. Accordingly, displacement compatibility
and traction equilibrium are enforced, consistent with standard elasticity interface conditions for weak discontinuities (van
den Boom et al., 2019). These conditions ensure continuous stress transmission and mechanical equilibrium across the
body-cover interface.

2.3 Rayleigh quotient

The Rayleigh quotient has previously been incorporated into PINNs for eigenvalue problems (Kovacs et al, 2022).
Building on this approach, we adopt a Rayleigh quotient formulation tailored to the linear elasticity model of the vocal
folds, where the squared angular frequency ? is expressed as the ratio of elastic strain energy V[u] to kinetic energy T[u]
evaluated over the domain (Chan ef al., 2011),
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where u denotes the displacement field, Cjy is the elasticity tensor, and p is the mass density. In the current study, the
vocal fold consists of body and cover layers with distinct material properties. The Rayleigh quotient is therefore evaluated
over both regions using collocation points corresponding to each layer. The displacement field predicted by the neural net-
work is substituted directly into this formulation to obtain the eigenfrequency associated with each mode.

2.4 Loss function

In PINNS, the loss function combines data-driven terms with physics-based constraints derived from governing equations
and boundary conditions (Raissi et al., 2019). The network is trained by minimizing a composite loss defined as

ETotal = £Physical + £Data—driven~ )

The physical component enforces the governing equations and boundary conditions, ensuring physically consistent net-
work predictions. The term Lgoverning—equation penalizes the residual of the Navier-Cauchy Eq. (7). All physical terms are
formulated using mean squared error, and the physical loss is given by

Ephysical = »Cgoverningfequation + EDirichlet + »CNeumann + Linterface- (10)

The data-driven loss contains eigenvalue and mode shape consistency terms:

EData—driven = EEigenvalue + £cos—correlation~ (1 1)

The eigenvalue loss penalizes discrepancies between the Rayleigh quotient eigenvalue Arq and the reference eigenvalue
Atree- Although the network does not directly predict eigenvalues, this term enforces consistency between the eigenvalues
derived from the predicted displacement field and the reference solution and is formulated as

(;LRQ - ATrue)z
(}LTrue ) :

Direct pointwise metrics such as mean squared error are unsuitable for comparing eigenmodes because modal amplitudes

£Eigenva1ue = (12)

are not uniquely defined. Instead, cosine correlation is employed, which measures similarity based on the angle between
two vectors and is invariant to vector magnitude (Xia et al, 2015). Values approaching 1 indicate strong agreement. In the
current work, the mode shape corresponds to the displacement field predicted by the neural network. The cosine correla-
tion loss is defined as

Upred * UTrue (13)

['cosfcorrelation =l- v
||uPredH ||uTrue||
—

cos(0) cosine correlation

where upeq and ury, denote the predicted and reference displacement vectors, respectively.

2.5 Dataset and preprocessing

The body-cover vocal fold biomechanical model used to train the PINN follows the formulation in Zhang (2017a,b). The
geometric domain is fixed, with medial surface thickness T = 4.5 mm, body depth D, = 60 mm, cover depth D, = 15mm,
and anterior—posterior (AP) length L = 17mm. A uniform density of p = 1030kg/m> is used throughout the domain.
Material variation is introduced through the transverse Young’s modulus E; € {1,2,4} kPa and the AP shear moduli of
the body and cover layers, Gap € {1, 10,20,30,40} kPa, with Exp = 4Gap. All parameter combinations yield 75 material
configurations. For each configuration, eigenfrequencies and eigenmodes are computed using finite-element simulations.
The dataset is split into 60 (80%) for training and 15 (20%) for validation. Prior to training, the elasticity matrix C is com-
puted for each material configuration defined by E;, Gapcover» and Gappody, following the isotropically compressible trans-
versely isotropic formulation in Itskov and Aksel (2002). The precomputed elasticity matrix C is incorporated into the gov-
erning equations, Rayleigh quotient, and boundary and interface conditions during training. Collocation points are
sampled to enforce the physical constraints, and the body-to-cover volume ratio is used to ensure consistent sampling and
accurate integration of strain and kinetic energy contributions in the Rayleigh quotient.

2.6 Network architecture and training strategy

The proposed model combines a PINN with a sinusoidal representation network (SIREN) backbone. SIREN is selected for
its ability to represent high-frequency spatial features and compute smooth higher-order derivatives via automatic differen-
tiation, which is essential for enforcing governing-equation residuals and boundary constraints (Sitzmann et al., 2020).
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Table 1. PINN performance for the first ten vocal fold modes. Eigenfrequencies are shown for validation case 1 with material configuration
(E; = 2kPa, Gappody = 20kPa, Gpp cover = 10kPa). Mean predicted (Pred.) eigenfrequency and eigenmode metrics are computed across the
validation dataset after 3000 training epochs. Rel,, relative; corr., correlation.

Mode True o (Hz)" Pred. o (Hz)" Rel. error (%)" Cosine corr.” Mean Rel. error (%)" Mean cosine corr.”
1 90.60 90.79 0.21 0.99 4.78 0.99
2 96.17 97.27 1.14 0.98 5.78 0.92
3 110.23 125.68 14.01 0.94 22.19 0.84
4 116.31 123.86 6.55 0.96 44.60 0.81
5 122.37 140.38 14.71 0.97 48.61 0.84
6 136.26 177.11 29.98 0.93 4441 0.74
7 139.93 212.45 51.82 0.87 79.34 0.62
8 145.86 201.84 38.37 0.20 89.07 0.39
9 148.36 217.49 46.59 0.83 76.47 0.53
10 157.25 174.40 10.90 0.45 45.11 0.48

*Metrics computed for validation case 1.
®Mean values computed across the validation dataset.

The network inputs consist of spatial coordinates x = (x,y,z)' and material parameters 6 = (E;, Gapbody Gapeover) - The
material parameters are encoded through two fully connected layers with sigmoid linear unit (SiLU) activations to capture
nonlinear relationships between material properties and modal behavior. The encoded parameters are then concatenated
with the spatial coordinates before being passed to the SIREN backbone. The SIREN consists of four hidden layers with
128 neurons per layer and sinusoidal activations with frequency scaling w = 5, enabling accurate representation of fine
spatial features and reliable computation of the derivatives required by the physical loss. Training is performed indepen-
dently for each vibration mode to avoid mode mixing. For each mode k, the network predicts the displacement field 1y,
from which the eigenvalue /irq is computed via the Rayleigh quotient Eq. (8), ensuring physically consistent coupling
between displacement and frequency. The physics-informed loss Eq. (10) enforces the Navier-Cauchy equation Eq. (7)
boundary and interface conditions. Additional supervision is provided through penalty terms on eigenvalue discrepancy
Eq. (12) and mode-shape alignment via cosine correlation Eq. (13).

3. Results

Table 1 summarizes the validation performance of the proposed PINN for the first ten vocal fold modes. The results dem-
onstrate accurate prediction of eigenmodes and eigenfrequencies for lower-order modes, while accuracy decreases with
increasing mode order. Higher cosine correlation is generally associated with lower eigenfrequency error when evaluated
through the Rayleigh quotient. Figure 1 further illustrates strong agreement between predicted and reference mode shapes
for lower-order modes, while higher-order modes exhibit reduced alignment. Figure 2 presents three-dimensional visualiza-
tions of predicted and reference eigenmodes for two representative material configurations from the validation set. The left
pair corresponds to eigenmode 1 under material configuration case 1, while the right pair shows eigenmode 5 under
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Fig. 1. Comparison between predicted and true eigenmodes for modes 1-10 across 15 validation cases, quantified using cosine similarity

metrics.
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Fig. 2. Three-dimensional visualization of predicted and reference (ground truth) vocal fold eigenmodes for selected validation cases.
Predicted and ground-truth mode shapes are shown for eigenmodes 1 and 5 under different material configurations.

material configuration case 5. The results demonstrate qualitative agreement between predicted and reference mode shapes,
consistent with the cosine similarity reported in Fig. 1. Figure 3 shows the distribution of eigenfrequency predictions across
validation cases, with lower-order modes displaying narrower spreads and higher-order modes showing greater variability.

Table 2 highlights differences in modal behavior across material configurations through cosine correlation analy-
sis of reference eigenmodes. The first and second modes exhibit the highest correlation values (mean of approximately
0.66-0.67, with higher medians), indicating that their spatial deformation patterns remain highly consistent despite varia-
tions in material properties. This structural stability reduces learning complexity and contributes to the strong eigenfre-
quency and mode-shape predictions observed for lower-order modes. In contrast, higher-order modes exhibit significantly
lower cosine correlation values, reflecting greater sensitivity of their spatial patterns to material variation. As a result, dif-
ferent material configurations may produce substantially distinct higher-order mode shapes, increasing the complexity of
the underlying modal space. The current training dataset therefore provides limited coverage of these diverse patterns,
making generalization more challenging for the PINN. The reduced accuracy in eigenfrequency and mode-shape predic-
tions for higher-order modes consequently suggests that additional training data particularly targeting higher-order modal
behavior would be required to enhance the learning capacity and predictive robustness of the PINN.

4. Discussion and conclusions

The proposed PINN architecture provides real-time computation of vocal fold eigenmodes and associated eigenfrequencies,
with particularly strong predictive performance for lower-order modes. The results show that the first two modes are pre-
dicted with high accuracy in both eigenfrequency and mode-shape alignment, reflecting the relative stability of their spatial
deformation patterns across material configurations. In contrast, predictive performance decreases for higher-order modes,
where increased spatial complexity and greater sensitivity to material variation introduce additional challenges. This behav-
ior is consistent with the statistics reported in Table 2. A primary limitation arises from the limited training data available
for higher-order modes. The current dataset may be insufficient to capture the increased spatial complexity of these modes
across diverse material configurations. Expanding the training dataset to include additional material combinations would
improve the network’s ability to learn the complex spatial patterns associated with higher-order modes and, consequently,
enhance predictive accuracy. A secondary limitation concerns the formulation of the cosine similarity loss. Although the
governing equations, boundary conditions, and Rayleigh quotient are enforced throughout the volumetric domain, cosine
similarity is evaluated only on surface points. While this reduces computational cost during training, it may limit the net-
work’s ability to capture internal deformation structures that become more pronounced in higher-order modes. Extending

Eigenfrequency Prediction Accuracy for the First 10 Modes
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Fig. 3. Statistical distribution of relative eigenfrequency prediction errors across 15 validation cases for the first ten vibration modes.
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Table 2. Summary statistics of cosine correlation between the reference (ground truth) eigenmode displacement fields across the training data
set material configurations.

Cosine correlation

Mode Median Mean
1 0.6907 0.6624
2 0.7825 0.6717
3 0.2592 0.4064
4 0.4482 0.4556
5 0.2169 0.3080
6 0.1810 0.3291
7 0.1757 0.2945
8 0.1545 0.2300
9 0.1219 0.2115
10 0.2039 0.2767

the similarity constraint to volumetric displacement fields may further improve representation of complex modal patterns.
Another limitation is the independent training of each eigenmode using separate PINN models. This strategy avoids mode
mixing but differs from classical modal analysis, where orthogonality of mass and stiffness matrices enforces modal separa-
tion across the entire basis (Meirovitch, 2001, Chap. 7.7). The absence of explicit orthogonality constraints may contribute
to reduced modal separation and eigenfrequency inaccuracies observed in intermediate and higher-order modes.
Incorporating orthogonality loss terms could improve modal ordering and overall robustness.

The current architecture is restricted to a single vocal fold geometry, limiting generalization across anatomical
variability. Extending the framework to accommodate geometric variations would enhance its applicability to patient-
specific modeling and broader clinical scenarios. Future work will focus on scalable architectures capable of predicting mul-
tiple eigenmodes within a unified model while incorporating geometric variability. A major advantage of the proposed
architecture lies in its computational efficiency at inference. For a single material configuration, eigenmode and eigenfre-
quency computation using the commercial FEM software (comsoL) required approximately 9min on a system equipped
with an Apple M1 Pro processor (Apple, Cupertino, CA) and 16 GB of memory. In contrast, evaluation using the trained
PINN on the same system required approximately 1.6s, representing a substantial reduction in computational cost and
enabling real-time modal analysis. Although network training required approximately 30h on a single Nvidia V100
graphics processing unit (GPU) (Nvidia, Santa Clara, CA) to learn three eigenmodes, this cost is incurred only once during
offline training. Once trained, the model provides rapid predictions, making it well suited for clinical applications that
require repeated or interactive assessments. Overall, the results demonstrate that PINNs provide a computationally efficient
alternative to conventional finite-element eigenanalysis for vocal fold modal characterization. While predictive accuracy for
higher-order modes can be further improved through increased data diversity and enhanced constraint formulations, the
present framework establishes a foundation for real-time, physics-consistent modal analysis of vocal fold dynamics.

Acknowledgments

The work was supported by the Deutsche Forschungsgemeinschaft (DFG DO1247/21-1) and by Research Grant No. RO1
DC020240 from the National Institute on Deafness and Other Communication Disorders, National Institutes of Health. The
authors also acknowledge support from the Central Institute for Scientific Computing (ZISC) and computational resources and
support provided by the Erlangen Regional Computing Center (RRZE).

Author Declarations
Conflict of Interest

The authors have no conflicts to disclose.
Data Availability
The data that support the findings of this study are available from the corresponding author upon reasonable request.

References

Berry, D. A, and Titze, L. R. (1996). “Normal modes in a continuum model of vocal fold tissues,” J. Acoust. Soc. Am. 100(5), 3345-3354.

Chan, K., Stephen, N., and Young, K. (2011). “Perturbation theory and the Rayleigh quotient,” ]. Sound Vib. 330(9), 2073-2078.

Faust, E., Schliiter, A., Miiller, H., Steinmetz, F., and Miiller, R. (2024). “Dirichlet and Neumann boundary conditions in a lattice Boltzmann
method for elastodynamics,” Comput. Mech. 73, 317-339.

JASA Express Lett. 6 (4), 045202 (2026) 6,045202-6


https://doi.org/10.1121/1.416975
https://doi.org/10.1016/j.jsv.2010.11.001
https://doi.org/10.1007/s00466-023-02369-w
https://scitation.org/journal/jel

ARTICLE

Itskov, M., and Aksel, N. (2002). “Elastic constants and their admissible values for incompressible and slightly compressible anisotropic mate-
rials,” Acta Mech. 157, 81-96.
Kovacs, A., Exl, L., Kornell, A., Fischbacher, J., Hovorka, M., Gusenbauer, M., Breth, L., Oezelt, H., Yano, M., Sakuma, N., Kinoshita, A., Shoji,
T., Kato, A., and Schrefl, T. (2022). “Conditional physics informed neural networks,” Commun. Nonlinear Sci. Numer. Simul. 104, 106041.
Lautrup, B. (2011). Physics of Continuous Matter: Exotic and Everyday Phenomena in the Macroscopic World, 2nd ed. (CRC Press, Boca
Raton, FL).

Meirovitch, L. (2001). Fundamentals of Vibrations (McGraw-Hill, New York).

Raissi, M., Perdikaris, P., and Karniadakis, G. (2019). “Physics-informed neural networks: A deep learning framework for solving forward and
inverse problems involving nonlinear partial differential equations,” J. Comput. Phys. 378, 686-707.

Sitzmann, V., Martel, J. N. P., Bergman, A. W., Lindell, D. B., and Wetzstein, G. (2020). “Implicit neural representations with periodic activa-
tion functions,” https://arxiv.org/abs/2006.09661.

Svec, J., Horacek, J., Sram, F., and Vesely, J. (2000). “Resonance properties of the vocal folds: I vivo laryngoscopic investigation of the exter-
nally excited laryngeal vibrations,” ]. Acoust. Soc. Am. 108, 1397-1407.

Titze, I. R. (1976). “On the mechanics of vocal-fold vibration,” ]. Acoust. Soc. Am. 60(6), 1366-1380.

Titze, I. R,, and Strong, W. J. (1975). “Normal modes in vocal cord tissues,” ]. Acoust. Soc. Am. 57(3), 736-744.

Titze, I. R., and Talkin, D. T. (1979). “A theoretical study of the effects of various laryngeal configurations on the acoustics of phonation,”
J. Acoust. Soc. Am. 66(1), 60-74.

Tokuda, I. T., Horéacek, J., Svec, J. G., and Herzel, H. (2007). “Comparison of biomechanical modeling of register transitions and voice instabil-
ities with excised larynx experiments,” J. Acoust. Soc. Am. 122(1), 519-531.

van den Boom, S. J., Zhang, J., van Keulen, F., and Aragén, A. M. (2019). “A stable interface-enriched formulation for immersed domains with
strong enforcement of essential boundary conditions,” Int. . Numer. Methods Eng. 120(10), 1163-1183.

Xia, P., Zhang, L., and Li, F. (2015). “Learning similarity with cosine similarity ensemble,” Inf. Sci. 307, 39-52.

Zhang, Z. (2015). “Regulation of glottal closure and airflow in a three-dimensional phonation model: Implications for vocal intensity control,”
J. Acoust. Soc. Am. 137, 898-910.

Zhang, Z. (2016). “Mechanics of human voice production and control,” J. Acoust. Soc. Am. 140(4), 2614-2635.

Zhang, Z. (2017a). “Effect of vocal fold stiffness on voice production in a three-dimensional body-cover phonation model,” J. Acoust. Soc.
Am. 142(4), 2311-2321.

Zhang, Z. (2017b). “Toward real-time physically-based voice simulation: An eigenmode-based approach,” Proc. Mtgs. Acoust. 30(1), 060002.

JASA Express Lett. 6 (4), 045202 (2026) 6,045202-7


https://doi.org/10.1007/BF01182156
https://doi.org/10.1016/j.cnsns.2021.106041
https://doi.org/10.1016/j.jcp.2018.10.045
http://arxiv.org/abs///arxiv.org/abs/2006.09661
https://doi.org/10.1121/1.1289205
https://doi.org/10.1121/1.381230
https://doi.org/10.1121/1.380498
https://doi.org/10.1121/1.382973
https://doi.org/10.1121/1.2741210
https://doi.org/10.1002/nme.6139
https://doi.org/10.1016/j.ins.2015.02.024
https://doi.org/10.1121/1.4906272
https://doi.org/10.1121/1.4964509
https://doi.org/10.1121/1.5008497
https://doi.org/10.1121/1.5008497
https://doi.org/10.1121/2.0000572
https://scitation.org/journal/jel

	s1
	l
	n1
	n2
	cor1
	s2
	s2A
	d1
	d2
	d3
	d4
	d5
	d6
	d7
	s2B
	s2C
	d8
	s2D
	d9
	d10
	d11
	d12
	d13
	s2E
	s2F
	s3
	t1
	t1n1
	t1n2
	f1
	s4
	f2
	f3
	l
	c1
	c2
	c3
	t2
	c4
	c5
	c6
	c7
	c8
	c9
	c10
	c11
	c12
	c13
	c14
	c15
	c16
	c17
	c18
	c19
	c20

