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Introduction Symbolic Analysis in Direct Solvers

A L Elimination Tree
» Scientific simulations often need to find the solution to large sparse systems. .

» Sparse matrix computations such as matrix factorization methods typically dominate the
execution time of sparse solvers.

» Sympiler, decouples symbolic analysis from numerical computation at compile-time to
enable the application of more aggressive code transformations.
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Results Conclusion

“3Sympiler, decouples symbolic
Information from numerical
manipulation at compile-time to
enable the application of
algorithmic- and low-level compiler
transformations for sparse matrix
methods. The Sympiler generated

code outperforms state-of-the-art
specialized libraries such as
CHOLMOD wup to 1.74X for
Cholesky factorization.
£ I I I I I I I I I I I I II I I I I I I I I *|n future work, we intend to extend
o II I the compiler to Include more
1 2 3 4 5 6 7 8 9 10 1 2 3 4 5 6 7 8 9 10

optimization techniques such as
Matrix ID Matrix ID parallelization and vectorization.
We also want to support more

memory storage formats.
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Speed-up vs Baseline

The Effect of Split Transformation on Triangular Solver Cholesky Factorization Performance Results




