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Mixed precision algorithms

Measured error

Objectives:
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Adaptive methods achieve an accuracy similar to that of the uniform ones

= We can adapt the precisions to the data at hand

Storage gains

Uniform vs adaptive precision SpMV

Accuracy target: fp32
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Uniform precision SpMV Adaptive precision SpMV %g NW adaptive, 7 prec.
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for j € nnz;(A) do (k) _ g = CW adaptive, 7 prec.
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| Theorem 1: Adaptive SpMV error bound Matrices
_ _ Storage gains translate into time gains, up to a factor 7x
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y =1y — hjrg, The bottleneck of GMRES is SpMV
Experimental settings end for
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e Different accuracy targets e Different sets of precision formats
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fpS6 45 11 10 3 x 107 For reasonable accuracy targets, adaptive SpMV does not affect the convergence scheme




