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Solving Partial Differential Equations

CLASSICAL PDE SOLVERS
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Rethinking The Role of Al

(Generate efficient

low-level solver code ' :

Al for automated algorithm design

m |Z Built upon well-tested infrastructures
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Context-Free Grammars .
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Grammar for Multigrid Methods
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Multigrid Methods .

Grid hierarchy Smoothing

V-cycle

Coarse-grid solver

Requires less than 30 FLOPS per unknown to solve a 2D Poisson to discretization accuracy!l®l

* Need to navigate a large search space =~
* A well-designed multigrid method is very hard to beat '

[5] Stuben, K., & Trottenberg, U. Multigrid methods: Fundamental algorithms, model problem analysis and applications, in vol. 960 of Lecture Notes in Mathematics.
Springer Verlag, 1982
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Grammar-Guided Genetic Programming For Multigrid
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Laser Beam Welding
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DFG research group 5134
“Solidification Cracks During Laser Beam Welding - High
Performance Computing for High Performance Processing”

https://www.for5134.science/en
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Thermo-Mechanical Simulation

1. Continuous formulation
Thermoelasticity equations

div(o(u, 0)) + pb =0

div(q) + v div(u)d + p cp9 = pr

\ 4

2. Discretization and linearisation
Saddle point system
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AMG preconditioned solvers
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Thermo-mechanical simulation of the welding platel8]

[8] Bevilacqua, T., Gumenyuk, A., Habibi, N., Hartwig, P., Klawonn, A., Lanser, M., Rethmeier,
M., Scheunemann, L., Schrdder, J. (2025). Large-scale Thermo-Mechanical Simulation of
Laser Beam Welding Using High-Performance Computing: A Qualitative Reproduction
of Experimental Results. arXiv preprint arXiv:2503.09345.



mailto:dinesh.parthasarathy@fau.de

Automated AMG Design
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Final Population of Solvers .
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Flexible GP-AMG Methods
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Solve Time for 89,000 DOFs
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Scalability

1 MPI process per tile

Processor topology for MPI parallelism with
89,000 DOFs

GP-10 GP-22 GP-54
DOFs T(s) N  T(s) N T(s) N
89100 17.7 89 101 17.9 162
347 116 24.7 117 125 243 206
1370028 |277.6| 984 279.1 1155 326.8 2003
default tuned-1 speedup
DOFs T(s) N  T(s) N | nm N9
39100 22.7 149  23.3 168 |1.33 1.37
347 116 31.9 188 309 210 |1.40 1.36
1370028 436.7 1942 341.7 1665 |1.57 1.23

15
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Conclusion §

 Grammar-guided GP discovers novel multigrid methods with superior efficiency
 (Generalizes well in a time-stepping code
o Scalability could be better

e Future Work:

 Extend the grammar to handle blocked systems
 Evaluate the fithess over multiple proxies

TAKE HOME MESSAGE

Automated, grammar—gmded algorlthm deslgn shows encouraglng results —_ ?
holds great potentlal to address complex and challenglng computatlonal problems
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Thanks for listening!
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