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Recent advancements in Machine Learning (ML) are
transforming how physics problems are approached,
offering powerful and often more efficient solutions
to complex challenges. Materials Science, in
particular, is exploiting these breakthroughs in
multiple ways. For instance, ML-based surrogates
can replace numerical methods in costly
optimization problems, significantly accelerating the
optimization process. ML can also enhance the
predictive capabilities of experimental data by
reducing noise and improving accuracy. Another key
application is inverse design, where ML provides
clever solutions.

We present here several ML-based approaches in
the context of Physics-Informed Neural Networks
(PINNSs) recently developed by our group, and with
direct applications in Physics. A PINN is a neural
network that can embed the governing physical
laws, usually written as differential equations,
directly into its training process [1]. Instead of
learning from data alone, a PINN is trained to
minimize a loss function that includes the residuals
of the governing differential equations and related
quantities (initial and/or boundary conditions), the
error in observed data (if available), and, in general,
any other constraint known of the solution [2].

Despite ongoing advances, PINNs still face
significant challenges [3]. One major issue is their
tendency to converge to trivial (null) solutions when
applied to differential equations over large domains.
Additionally, they can also produce results that
appear reliable — because the total loss is low —
yet are actually incorrect. Such difficulties are
especially evident in differential equations whose
solutions or governing terms exhibit multiscale
features and/or strongly oscillatory behavior.
Recently, we introduced the Dynamic Boundary
Constraint (DBC) algorithm as a solution to those
limitations [4] (see Fig. 1, as an example). The main
idea behind the method lies in the incorporation of
additional restrictions, interpreted as boundary
conditions, which are dynamically integrated into the
training process alongside the existing initial

conditions, thus enabling the PINN to ensure
accuracy throughout the domain.

In a broader sense, PINNs may be regarded as
neural networks that incorporate physical knowledge
in a general manner. This is the case for part of the
work we present: the use of ML to automatically
identify discrete symmetry groups in physical
systems [5, 6]. Our approach consist in introducing
a novel neural network architecture that, using only
experimental, numerical data and/or the governing
differential equations, is able to identify the full set of
symmetry-related multivalued solutions together with
the associated representation of the underlying
symmetry  transformation.  Furthermore, our
algorithm is generalizable to any multivalued inverse
design problem, including cases in which the
degenerate solutions are not connected by an
intrinsic physical symmetry.

We will present several examples demonstrating
how Materials Science can benefit from PINNs, an
approach with considerable potential to advance
applications in numerous domains of science.
Among others, we will show an application of our
method in (inverse) designing twisted multilayers of
a-MoQ3, enabling tailored optical responses such as
canalization of phonon polaritons [7].

References

[11 M. Raissi, P. Perdikaris, and G. Karniadakis,
Physics-Informed Neural Networks: A deep
learning framework for solving forward and
inverse problems involving nonlinear partial
differential equations, Journal of Computational
Physics, 378 (2019) 686.

[2] LM Navarro, L Martin-Moreno, and SG Rodrigo,
Solving differential equations with deep
learning: a beginner’s guide, European Journal
of Physics, 45 (2023) 015803.

[31 P. Rathore, W. Lei, Z. Frangella, L. Lu, and M.
Udell, Challenges in training PINNs: a loss
landscape perspective, Proceedings of the 41st
International Conference on Machine Learning,
ICML’24 (JMLR.org, 2024).

[4] A Martinez-Esteban, P Calvo-Barlés, L Martin-
Moreno, and SG Rodrigo, Physics-Informed
Neural Networks with Dynamical Boundary
Constraints, Communications in Nonlinear
Science and Numerical Simulation (accepted,
2026) https://arxiv.org/abs/2507.21800

[5] P Calvo-Barlés, SG Rodrigo, E Sanchez-Burillo,
and L Martin-Moreno, Finding discrete
symmetry groups via machine learning,
Physical Review E, 110 (2024) 045304.

[6] P Calvo-Barlés, SG Rodrigo, and L Martin-
Moreno, Machine learning for detection of
equivariant finite symmetry groups in dynamical
systems, Machine Learning: Science and
Technology 6 (2024) 025058.

[7] LF Alvarez-Tomillo, J Alvarez-Cuervo, P Calvo-
Barlés, SG Rodrigo, E Teran-Garcia, A
Taragaza Martin-Luengo, KV Voronin, AY




Al4AM2026 May 19-21, 2026 — Madrid (Spain)

Nikitin, L Martin-Moreno, P Alonso-Gonzalez,
Deep learning and nano-optics: designing
nanoscale polariton propagations in twisted van
der waals multilayers, International Conference
on Metamaterials, Photonic Crystals and
Plasmonics (2025).

Figures

= RK exact IC = = PINN Npgc=800
— P|NN NDBC=0

Figure 1. Lorenz attractor: RK solution (black line), PINN
prediction with DBCs (blue line), and the standard PINN
prediction without DBCs (red line). Notably, in the absence
of DBCs, the standard PINN fails to yield a meaningful
solution, as its prediction remains fixed at the initial
condition for all x.




