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Bayesian Methods of Online Automatic Tuning
of Parallel Software

REDT Supafl

This paper discusses mathematical methods based on Bayesian statistics for
online automatic tuning of local tuning parameters of parallel software. First,
three classes of problems of automatic tuning of parallel software are proposed:
unrelated task problem, identical task problem, and correlated task problem.
This paper proposes Bayesian methods for unrelated task problem and identi-
cal task problem. Especially, a method is discussed in detail for identical task
problem without any a priori information about the performance difference of
candidates. The proposed method is applicable to the problems with infinitely
many candidates. Evaluation through simulations shows that the proposed
Bayesian method outperforms an existing method.
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Fig.1 Iterative computations in parallel processing the rectangles represent computations, and

the vertical bars represent synchronous communications.
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