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Preliminaries: Parameterized PDEs
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PDE parameter: f3 (a) Conv. (3 =15) (b) Conv. (8 =10) (c) Conv. (8 = 15)

Example: Reaction equation 6 e o
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PDE parameter: p

Parameterized PDEs are a type of partial differential equation that include specific parameters within the equation.
These PDE parameters can reflect the physical properties of the system.



Preliminaries: Physics-informed Neural Networks

How to train?

* L £ al, + BLs (Total loss)
B 1 Ny i i ~ 2 .
« L= N_fzi=1|F(xf' tr, U; 9)| (PDE residual loss)

Solving PDE with coordinate-based MLP (PINN)

Ny ., .
e L, = Ni | 1|u(x&, t{t) — ﬁ(x&, th; 9)|2 (Boundary loss)
u 1=

(x, t) —> | Neural Network:0 |—™> U - _

F: PDE operator

(xf, tf): collocation points

(xy, t,,): initial & boundary points
N¢: # collocation points

N,,: # initial & boundary points

Physics-informed neural networks: A deep learning framework for solving forward and inverse problems involving nonlinear partial differential equation, Journal of Computational Physics 2019



Physics informed Neural Network
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Weaknesses of PINNs

W1. PINNSs rely on the PDE loss, and this loss function is a non-convex function.

Partial Differential Equation
[Ground Truth = 0]

W2. A single PINN can learn only one governing equation.

Physics-informed neural networks: A deep learning framework for solving forward and inverse problems involving nonlinear partial differential equation, Journal of Computational Physics 2019



Motivations
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(a) Conv. (86 =5) (b) Conv. (8 =10) (c) Conv. (8 = 15) (a) Conv. (b) Diff. (¢) Conv.-Diff.
1. Alatent space of parameterized PDEs may exist. 2. It will be more effective to solve similar problems
simultaneously.
Contributions

1) We show that the proposed method addresses the failure modes of PINNs.
2) We present a new efficient PINN framework for multi-query scenarios.
3) We develop a SVD modulation for solving multiple PDEs.

Parameterized Physics-informed neural networks for Parameterized PDEs, ICML 2024 (Oral)



Proposed Method

Overall architecture of P2INN
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Parameterized Physics-informed neural networks for Parameterized PDEs, ICML 2024 (Oral)



Proposed Method

Singular Value Decomposition (SVD) Modulation
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From the pre-trained decoder layer of P2INN, we obtain the bases {5, ¢ for parameterized PDEs

through SVD. During fine-tuning, we set {al}lez_l to be learnable, while keeping all other paramet
ers in the network fixed. It is an option to fix the parameters of FC; and FCp,

Parameterized Physics-informed neural networks for Parameterized PDEs, ICML 2024 (Oral)



Experimental Results

Addressing W1: PINNSs rely on the PDE loss, and this loss function is a non-convex function.

<1D CDR equations>

The relative and absolute L,errors Failure modes

Convection equation (B = 30)
PDE type Metric PINN LargePINN PINN-P P2INN 200 200

Comvection  AbS-em. 01140 01191 00209  0.0198 4 / o o /
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(d) Exact (e) PINN (f) P2INN
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Experimental Results

Addressing W2: A single PINN can learn only one governing equation

Real-time multi-query scenarios
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Pretrained model is trained using
convection equations with p=1~5
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Conclusion

* We design a novel neural network architecture for solving parameterized PDEs,
P2INNs, which significantly improves the performance of PINNs overcoming the
well-known weaknesses.

* We demonstrate that P2INNs can learn all benchmark PDEs 1n a single training run
and significantly outperform existing PINN methods 1n prediction accuracy.
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