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In FY2016, we extended the FMM to H-matrices and developed a LU
decomposition code using H-matrices. The dual tree traversal of exaFMM was used to determine the
block cluster tree for arbitrary admissibility conditions, which allowed tasked based
parallelization of the compression part of the H-matrix code. In FY2017, we further optimized inner
kernels of the H-matrix code and compared H-matrices with multigrid for real applications. The use
of batched MAGMA enabled us to maximize the performance of GPUs even for small matrices. The
advantage of H-matrices over multigrid depends on the condition number of the matrix, while the
H-matrix becomes advantageous as the degree of parallelism increases.
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