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Abstract

eigenvalue problems. It also often becomes the bottleneck of processing in iterative process and affects the whole algo-

Sparse matrix-vector multiplication algorithm is widely used in large-scale linear system and solving matrix

rithm performance. Choosing a different store format for different forms of matrix, the corresponding algorithms tend to
generate large performance impact. Through experimental analysis, the variation performance characteristics were found
under different storage structure, so as to build up an effective performance measurement model for assessment of
sparse matrix computation overhead,and we selected reasonable storage format and made effective guidance. Based on

14 groups of CSR,COQ, HYB format,8 groups of ELL format test cases, the difference between the performance pre-

diction model and measurement is less than 9%.
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For(i=0; i<’num_nonzeros;i-+-t)
{y[rows[i]=datali] * x[cols[i]];}
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Sum=x[indices[jj]] * data[jj];
Yli]=sum;}
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