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PINN (Physics-Informed Neural Network) has been one of the most promising scientific machine learning
models to evaluate physical phenomena. It has been applied to a wide range of partial differential equations
(PDESs) thanks to its flexibility (one only needs to impose specific governing equations depending on problems).
However, several scenarios and problems have been found, where PINN fails to capture the solutions. One of
the potential reasons is that, as is characterized to be a collocation method to evaluate the governing PDEs, it
struggles to recover the entire solution when the solution includes a steep change such as shock wave. In this
context, hp-VPINN is a powerful candidate to mitigate this issue since it can refine the mesh / polynomials
progressively and locally. We investigate its effectiveness with particular focus on the inverse analysis

application.
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2. 2. VPINN: Variational PINN
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Figure 1 Problem setup and geometry

Table 1 Inverse analysis of diffusion rate k(= 0.1)

Estimate Relative Error [%]
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4. 8
ARCIE, FICEMYT~O6 A T T iED Hh

T & 7= VPINN (2B L T, & D@t~ ArEIcER L,

PINN & VPINN TS fEHTIEEE D bl 217 o 72, Bt
ELTBVRE AR EE 2, BT —2»oMRoOBRE
RN L7245 R, PINN 28BSy HE| 217> 7= VPINN X
D RS G R A 570, BUR T, VPINN O8I WS
HERBI B O R ECFRAVE D B HE fiigaen D EH F BT 5
FREINARABECTH 0, MO RHBFE I TV D, EBIZ,

TEMEALBIE DO FRIRCRFE M D72 &, 21 E T PINN O3
i egst %nr%tﬁ%%ﬁﬁii@ﬂ%f‘% TRWVREIRIZ & B ATREMED
5. E7z, VPINN OZEMLENCBE L TIL, AREORMEEIT
iR Ay 2L Wfta“éﬁﬂi%ﬁffm\ott WF‘?“*I@%?JJ
PEM A T o 7. ﬁﬂ##ﬁfﬁﬁ’]ﬁ‘oé%‘( A BN A R~
DM AL, VPINN 28 ED X 5 2BETHE T & 725 D

AT AMENRSH L. LLEOBKRFHIBE L TIE, MEHSTHRSE
L7zu.
S& Xk

1) M. Raissi, P. Perdikaris, G.E. Karniadakis: Physics-informed
neural networks: A deep learning framework for solving
forward and inverse problems involving nonlinear partial
differential equations, Journal of Computational Physics,
Vol. 378, pp. 686-707, 2019.

2) A.Arzani, J.X. Wang, R.M. D'Souza: Uncovering near-wall
blood flow from sparse data with physics-informed neural
networks, Physics of Fluids, Vol. 33, No. 7, pp. 071905,
2021.

3) AR, SREEA, EIOUEE: 22 RR R 2 52
L7z PINNs (2 K % /3T A — 2 Wifififfy D@1k, 1A
Faxim LA, Vol. 79, No. 15, 2022.

4) E. Kharazmi, Z. Zhang, G.E.M. Karniadakis: hp-VPINNs:
Variational physics-informed neural networks with domain
decomposition, Computer Methods in Applied Mechanics
and Engineering, Vol. 374, pp. 113547, 2021.

-21001-05-05 -



