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MOTIVATIONS
The Hierarchical Computations on Manycore Archi-
tectures (HiCMA) library aims to redesign existing
dense linear algebra libraries to exploit the data spar-
sity of the matrix operator. Data sparse matrices arise
in many scientific problems (e.g., in statistics-based
weather forecasting, seismic imaging, and materials
science applications) and are characterized by low-
rank off-diagonal tile structure. Numerical low-rank
approximations have demonstrated attractive theoret-
ical bounds, both in memory footprint and arithmetic
complexity. The core idea of HiCMA is to develop fast
linear algebra computations operating on the underly-
ing tile low-rank data format, while satisfying a spec-
ified numerical accuracy and leveraging performance
from massively parallel hardware architectures.

HICMA 101
HiCMA’s Methodology

1. Compress the large dense matrix using the off-
diagonal tile low-rank approximation [1, 2].

2. Redesign the numerical algorithm so that it may
operate on the compressed data structures.

3. Rely on the task-based programming model for
fine-grained computations [3].

4. Employ a dynamic runtime system to ensure
asynchronous executions, to maintain load bal-
ancing and to maximize hardware occupancy.

5. Ensure a separation of concerns by abstracting
the hardware complexity from users.

HiCMA’s Software Stack

TILE LOW-RANK ALGORITHMS
• Double Precision Floating-Point Arithmetic

• Matrix-Matrix Multiplication

• Cholesky Factorization/Solve

• Task-based Programming Models

• Support for StarPU Dynamic Runtime Systems

• Shared [2] and Distributed-Memory [4] Environ-
ments

• Testing Suite and Examples

• Available for download at:
https://github.com/ecrc/hicma

PERFORMANCE RESULTS
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Synthetic (λ = 100). Memory footprint on 1M matrix size. Accuracy impact on performance. Synthetic, λ=50, Shaheen-2. Statistics, Shaheen-2.
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MATRIX KERNELS
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Real-world acc=10−8. Singular values.

FUTURE RESEARCH DIRECTIONS
• LU Factorization/Solve

• Schur Complements

• Preconditioners

• Hardware Accelerators [6]

• Support for Multiple Pre-
cisions

• Autotuning: Tile Size,
Fixed Accuracy and Fixed
Ranks

• Support for OpenMP,
PaRSEC and Kokkos

• Support for HODLR, H,
HSS and H2
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