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3. Comparison of KSP Methods

1. Introduction: Motivation and Goal

Krylov subspace methods are widely used in solving large sparse linear systems Table 1: Comparisons of KSP methods based on Krylov subspaces.
from PDE discretizations. For symmetric systems, CG and MINRES are typically .
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the best. For nonsymmetric systems, which often arise in practice from PDE Method Iteration AT N Recurrence
discretizations, boundary/jump conditions, irregular meshes, no KSP method is COMRES Arrold 5 n k
apparently optimal. The goal of this work is to perform a systematic BiCG LT ) )
comparison and in turn establish some practical guidelines in choosing the QMR AneEen
best combinations of the pre- conditioned KSP solvers. We consider four KSP TSGhSdR ga;lspose'frfe 3
methods, restarted GMRES, TFQMR, BiCGSTAB, QMIRCGSTAB, coupled with — Q e 0 2
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three preconditioners, Gauss-Seidel, incomplete LU factorization (ILU), QMRCGSTAB | bi-Lanczos 2

algebraic multigrid (AMG).

2. C : Set Table 2: Comparison of operations per iteration and memory requirements of
Do various KSP methods. n denotes the number of rows, £ the average number of non-

For 3D tests, we generated three unstructured meshes, using PDE zeros per row, and £ the iteration count.

discretizations (FEM, AES-FEM, GFD) of a cube at different resolutions using Mat-vec Tnner Stored

TetGen, to facilitate the scalability study of the preconditioned KSP methods Method Min. Prod. | “P | Prod FLOPs vectors

W|th.respect to ’Fhe number of unknowns. For the finite difference method, we GMRES [l 1 b1 | ktl | 20(0+2k+2) | k45

consider a matr|>f obta.med from an unequally spacgc;l structured mesh for the BiCGSTAB Trs (@) 6 A An(0+5) 10

Helmholtz equation with Neumann boundary conditions, so the matrix has a TFOMR 1 A

very large condition number. H"“k(wk)H+& An(€+T7)

Results were obtained using the high-performance LI-RED computing system at QMRCGSTAB 17k | yorr 3 6 13
k+1

the Institute for Advanced Computational Science of Stony Brook University.

5. Timing and Scalability Results

4. Convergence Results
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Figure 1: Relative residual versus iteration count for Gauss-Seidel, ILU and ML preconditioners Figure 3: Scalability result of the preconditioned solvers in terms of
for FEM 3D (197,881,373 unknowns) and Helmholtz Equation 2D (6,694,058 unknowns). number of unknowns.

6. HYPRE Versus ML Preconditioner

7. Conclusions and Future Work
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