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In-depth study of stochastic Kronecker graphs o & oo

Stochastic Kronecker Graph (SKG) has been chosen to generate graphs for the
GRAPH500 supercomputer benchmark. It is favored for small number of
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parameters, ease of implementation, full parallelism, and the assumption that Partitioning into Community Level Interconnection Level Advantages of BTER
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Is a sign of the poor community structure. 10° 10 10° 10° * Applications Our model has already drawn much interest from the HPC community. We plan to

broaden our impact, through other applications (e.g., statistical analysis, anomaly detection). Contact Information

For further details about the project, please contact Ali Pinar at apinar@sandia.gov.
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