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ABSTRACT

In High Performance Computing (HPC), software often has many parameters that impact its performance. However, it is ditficult to determine
optimal values for such parameters in an impromptu way. The automatic tuning — autotuning — of parameters is therefore an area of great interest.
The purpose of this work is to understand the methodology ot GPTune, which is an autotuning framework developed by DOE’s Exascale
Computing Project, and use the framework in a set of applications of interest.

EXPERIMENTS

GPTune is an autotuning framework that solves an underlying black-box optimization In this work, we have focused on the autotuning of
problem, using surrogate modeling. GPTune uses Bayesian optimization based on two algorithms implemented in ScaLAPACK: QR
Gaussian Process regression and supports advanced features such as multi-task and LU factorizations. The former is provided with
learning, transfer learning, multi-fidelity/objective tuning, and parameter sensitivity the GPTune repository, while the latter was
analysis. GPTune targets the autotuning of HPC codes, in particular applications that implemented during my visit. In these cases, the
are very expensive to evaluate. tuning parameters are the block size (for cache
memory optimization), and the process grid size for
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2. Parameter Space: This space defines the application parameters to be tuned. A point
in this space represents a combination of the parameters. The tuner finds the best Figure 1. Example of 2D block-cyclic distribution

possible combination of parameters that minimizes the objective function associated
with the application.
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Figure 2. Execution time for 4 tuning parameters Figure 3. Execution time for 3 tuning parameters
Lett: (mb, nb), Right: (npernode, p). The optimal configuration is Lett: (nb, p), Right: (nb, q). The optimal configuration is given
given by mb=88, nb=64, npernode=8, p=1 (blue arrow). by nb=32, p=1, g=3 (blue arrow).
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