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Climate/Weather Forecasting

o Computational statistics: multivariate large spatial data sets in
climate/weather modeling:

() = —%ZTZ*I(O)Z — %log|2(0)|

(a) Problem Definition.

(b) Soil moisture. (c) Wind speed.

w/ Y. Sun and M. Genton
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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Dense Linear Algebra Renaissance
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HiCMA Vs Intel MKL on Shared-Memory Systems

o Geospatial statistic w/ square exp. kernel and acc=1e-8
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Performance Evolution of Dense Cholesky Factorization
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Performance Evolution of Dense Cholesky Factorization
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HiCMA Vs ScaLAPACK on Distributed-Memory Systems
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TLR Cholesky up to 11M (Shaheen-2, HSW, Statistics - SqExp kernel, acc=10"?)
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TLR Cholesky up to 8M (SKL Cluster, Turbo On, Statistics - SqExp, acc=10"?)
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The HiCMA Library

Static/Dynamic
Runtime

HCORE
hwloc/netloc

STARS-H
B HicvA Distribution

. External Dependencies

Available at http://github.com/ecrc/hicma
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