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Predicting the evolution of systems based on a transient data with machine learning

Wang Jiangfeng', Chen Yinxia®, Qi Yueying®”, Yao Chenggui®

(1. School of Mathematical Sciences, Zhejiang Normal University, Jinhua 312000, China; 2. a. Registrars Office;
b. College of Data Science, Jiaxing University, Jiaxing 314000, China)

Abstract: Predicting the dynamic behavior of a system based on transient data from unknown dynamic equations is an
important problem. Firstly, we collect steady-state data from the Stuart-Landau system, the Brusselator, and the Belousov-
Zhabotinsky system, and put them into a reservoir neural network for training. Then, basing on the transient data collected
from the three systems, and using the trained neural network model, we can accurately predict their long-term dynamic behav-
ior under different parameters. The f{indings of this study play an important role in understanding how systems respond to ex-
ternal changes, disturbances, or inputs, thus highlighting the significance of studying transient dynamics.

Keywords: reservoir computing neural networks; dynamic behavior; Stuart-Landau system; Brusselator; Belousov-

Zhabotinsky reaction system
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