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In this study, a real-time dynamic analysis of structural members was conducted using Physics-informed neural
networks (PINN). Currently, many studies are working on making structural simulations interactive and real-
time. However, the high computational cost of structural dynamic simulation limits its application. In this study,
the Physics-informed neural networks (PINN) were used to conduct the real-time vibration analysis of a
cantilever beam as a basic investigation. Prior to real-time simulation, a PINN model was constructed to solve
the undamped free vibration problem of a cantilever beam. To improve the prediction accuracy of PINN, the
number of automatic derivatives was reduced and weights were added to the loss function. Sequential learning
and prediction for real-time simulation were then performed by PINN at fine time steps.
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Fig. 1 Structure of PINN
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Fig. 2 A cantilever beam of problem setup
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Fig. 5 Comparison of training time
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Fig. 3 PINN prediction of displacement u

[1/m]
0.15

1.0

097U
ax?

o

0.0

0.2 04 06 0.8
distance[m]

0.8

diétancefm]
2
(d) PINN prediction of 3712‘
Fig. 4 Results of PINN analysis after reducing the number of automatic differentiation and assigning weights to loss function
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Fig. 6 Results of PINN sequential prediction of u
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