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Training Point Selection in PINNs Training Dynamics
. Physics-Informed Neural Networks (PINN) incorporate PDEs as R_eS|duaI C.ompor}ent that aligns with dominant  The eNTK eigenspectrum evolves throughout training
soft constraints/regularization terms eigeniunctions will decay taster  (a) After 10k steps of GD.  (b) After 100k steps of GD.
» This makes PINNs hard to train, due to: Convergence criterion : , .
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Experimental points Collocation points Algorithm 1 PINNACLE
1: Input: PINN 4y, learning rate 1, number of iterations 1, eNTK approx. error §.

2: repeat

3: // Point selection phase

4 Randomly sample candidates Z,,o from Z

5: Compute O, using Nystrom approximation

6: Select subset Z C Z,401 to fit constraint using SAMPLING or K-MEANSH-+-
7

8

(EXP points) (CL points)

« PINNACLE-S: Sample z with probability proportional to &(z)

* PINNACLE-K: Perform K-Means++ initialization on the
embedding z — (/Il/za“(z))l |

From Data Encodes Inductive Bias
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// Training phase

: Compute © = 04(Zpo01)
9: fOI‘If/—t t+Td0

Experiments  Simulations Specified PDE and IC/BC 10: Oy sy ‘975’ VoLt Z) Re-compute training points when eNTK has evolved with
. . . : Exit training if |© — Oy (Zpoo)| 2 4]0 eigenfunctions that are more aligned with labels/true solution
Can we jointly select all types of training points in order to 12: until training converges or budget exhausted

improve the training of PINNs?

: : : Point selection behavior of PINNACLE i Forward problems 1D Advection
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