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Abstract: Recent remarkable advances in machine learning (ML) have inspired the exploration of novel algorithms for solving
differential equations. After nearly three decades of development, numerous MI.-based solvers have emerged , demonstrating
significant performance advantages in specific scenarios. However, recent studies have revealed a widespread and systematic
omission of negative results in current literature, leading to an overly optimistic bias in the academic assessment of ML’ s
capabilities for solving differential equations. Consequently, there is an urgent need for more comprehensive empirical
evidence to objectively evaluate algorithmic efficacy, particularly to establish a rational understanding of failure cases and
performance boundaries. This study investigates the widely used Physics-Informed Neural Network (PINN) framework for

solving the Landau - Lifshitz - Gilbert (LLG) equation, the core governing equation in micromagnetics. By systematically

varying the magnetocrystalline anisotropy constant (K,) and the demagnetization factor <ﬁ> to modulate the strength of
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nonlinearity in the system, we comprehensively assess PINN’ s solution performance. Our results show that PINN can

effectively solve the LLG equation only under weakly nonlinear conditions. In strongly nonlinear regimes, however, PINN

fails to converge or produces inaccurate solutions, revealing an inherent limitation of such machine learning approaches when

applied to strongly nonlinear differential equations. This failure mechanism is attributed to gradient conflicts induced by the

strong nonlinearity during gradient descent iterations, which lead to either solution divergence or catastrophic loss of accuracy.

Keywords: PINN, LLG equation, nonlinear magnetization dynamics, micromagnetic simulation
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Fig.2 Traditional numerical methods solving the LL.G equation with magnetic uniaxial anisotropy :

(a~c) the trajectory of one magnetization obtained by magnetism simulation (MuMax’) under an external

magnetic field H.,,, o5 and magnetic anisotropy field H,,, (d~f) frequency spectrum obtained

by performing the FFT of the three magnetism components m,(¢),m (), m.(¢) under different K,
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y(t)’m

.(z) with different K,
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