© —MRAFEABARGEIER

G-02-04

TR I FEERRIEE Vol. 30 (2025 4E 6 A)

BIOME B THHER

BASEIFS

—a—JIRy bT7—=0ZRBW
NS )L k2R D Average Vector Field 7EDHER

Improvement of the average vector field method
for Hamiltonian systems using neural networks

Elena Celledoni® Brynjulf Owren? Chong Shen® Baige Xu® 7 [If&H# >

DDepartment of Mathematical Sciences (Norwegian University of Science and Technology, E-mail: elena.celledoni @ntnu.no)

YDepartment of Mathematical Sciences (Norwegian University of Science and Technology, E-mail: brynjulf.owren@ntnu.no)
IHF RFERF AR (T 657-8501 5 M X /SHAHT 1-1, E-mail: 24250265 @stu.kobe-u.ac.jp)
VIR RERFGIR LR} (T 657-8501 M i X /SFH S HT 1-1, E-mail: baigexu@stu.kobe-u.ac.jp)
I RER A AR (T 657-8501 = it X /SEH BT 1-1, E-mail: yaguchi @pearl.kobe-u.ac.jp)

This paper focuses on energy-preserving numerical integrators for Hamiltonian systems. The average vector
field method is a typical discrete gradient method that is used for designing energy-preserving numerical
integrators. We propose a method to modify the average vector field method by employing neural networks
to make it more accurate while preserving the energy-conservation property. We also show a numerical
example, in which the proposed method in fact derives a discrete gradient that outperforms the average

vector field method.
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