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Abstract

We introduce Laplace–Fourier Neural Operator (LFNO), a novel operator learning
model that bridges the strengths of Laplace Neural Operators (LNO) and Fourier
Neural Operators (FNO). By combining the transient response of LNO with the
steady-state response of FNO through the Fourier integral operator, our model
enables capturing transient behavior more effectively than both LNO and FNO
while remaining comparable on linear and nonlinear PDEs. We demonstrate
LFNO’s effectiveness in solving ODE (Duffing) and two PDEs (Euler-Bernoulli
beam, Heat) in comparison to LNO. These results suggest LFNO as a versatile
and generalizable neural operator framework for modeling dynamical systems in
both linear and nonlinear regimes, offering a principled step toward ML-powered
scalable methods for physical sciences.

1 Introduction

Differential equations and their applications often form the mathematical backbone of the physical
sciences, governing phenomena such as fluid dynamics, electromagnetism, and quantum mechanics.
Recently, machine learning has emerged as a powerful paradigm for solving differential equations.
Physics-Informed Neural Networks (PINNs) [Raissi et al., 2019] integrate physical laws into the
learning process, enabling data-efficient and mesh-independent solutions for nonlinear PDEs. PINN’s
effectiveness has been demonstrated in applications such as modeling turbulent flows through the
Reynolds-averaged Navier-Stokes equations [Eivazi et al., 2022] and solving inverse problems via
Miura transformation–based formulations [Lin and Chen, 2023], for instance. Yet, the PINN-based
approach is case-specific, as it solves a specific instance and parametrization of differential equations.

Seeking for a greater generalizability, the operator learning paradigm has emerged. One of the earliest
cases, DeepONet [Lu et al., 2019], is built upon the universal approximation theorem of operators,
enabling the approximation of highly nonlinear operators across diverse domains. Based on this
concept, various neural networks for solving PDEs, such as Li et al. [2020b], emerged to generalize
resolution-invariant methods. Fourier Neural Operator (FNO) [Li et al., 2020a] was later introduced as
a spectral approach to operator learning. FNO has been extended in many directions, including refined
Fourier-based kernels for enhanced expressiveness in high-frequency or inhomogeneous scenarios
[Shin et al., 2022], hybrid Fourier–Chebyshev representations for non-periodic settings [Fanaskov
and Oseledets, 2023], and generalizations to arbitrary geometries [Li et al., 2023]. More recently,
Laplace Neural Operator (LNO) [Cao et al., 2024] was proposed to extend operator learning into the
Laplace domain. By exploiting a pole–residue formulation, LNO provides a general framework to
capture both transient and steady-state behaviors of dynamical systems. Despite LNO’s theory, its
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