Kronecker-factored Approximate
Curvature for Physics-Informed
Neural Networks

Felix Dangel*, Johannes Miiller*, Marius Zeinhofer*

NeurlPS 2024

VECTOR .
RWTH ‘7\ INSTITUTE ETH-urich



Motivation & Contribution

Step: 0, Loss: 4.9 - 10}, Ly loss: 5.3 - 107!

Normalized learned solution Normalized true solution




Motivation & Contribution

Step: 0, Loss: 4.9 - 10}, Ly loss: 5.3 - 107!

+ Goal: Learn PDE solution Normalized eamed soution Normalized e sluion

Lu(x) = f(x) xcQ
ux)=gx) xe€0Q

+ Ansatz: Neural net ug(x)




Motivation & Contribution

Step: 0, Loss: 4.9 - 10}, Ly loss: 5.3 - 107!

+ Goal: Learn PDE solution Normalized eamed soution Normalized e sluion

Lu(x) = f(x) xcQ
ux)=gx) xe€0Q

+ Ansatz: Neural net ug(x)
+ Sample x, ~ Q, x2 ~ 0Q

min L(0) = 21TQ > (Lug(xa)




Motivation & Contribution

+ Goal: Learn PDE solution

xef
X € 0122

Lu(x)
u(x)

f(x)
a(x)

+ Ansatz: Neural net ug(x)
+ Sample x, ~ Q, x0 ~ 9Q

Hard to train with popular methods
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Motivation & Contribution

+ Goal: Learn PDE solution

Lu(x) = f(x) x el
ux)=gx) xe€0Q

+ Ansatz: Neural net ug(x)
+ Sample x, ~ Q, x2 ~ 0Q

2"-order works [Miiler and Zeinhofer, 2023, ICML]
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Motivation & Contribution

+ Goal: Learn PDE solution

Lu(x) = f(x)
u(x) = g(x)
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+ Ansatz: Neural net ug(x)
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but proposed methods don't scale
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+ (Goal: Learn PDE solution

xefQ
X € 012

Lu(x) = f(x)
u(x) = g(x)

+ Ansatz: Neural net ug(x)
+ Sample x, ~ Q, x0 ~ 9Q

We derive KFAC, which scales well
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High-level Walkthrough
+ Neural network ansatz ug = fO o ft-V o .. o f(D
+ Evaluating ug(x) Linear layer: z() = wz(-"

Z(O) — z(1) — Z(Z) [ LY z(L) — Ug(X)

with vector-valued z() = f)(z(-") and z(®) = x
+ Evaluating Lug(x) Linear layer: Z() = wz(—"

ZO 70 2@ Z0 s Lug(x)

with matrix-valued Z() and dependencies determined by Taylor-mode
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Algorithm, Experiments & Conclusion

100d Poisson, D = 10°

L(6) = La(6) + Loa(0)

+ Goal: Approximate
Gauss-Newton matrix

G(0) = Go(0) + Gyq(0)
+ KFAC
Gao(W) ~ Aqg ® Bg
(generalized to diff. ops)
Goa(W) ~ Asq @ Baq
[Martens and Grosse, 2015, ICML]
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