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Coherence without
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*Craig Reynolds
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FIPS Results

Two performance metrics

Propertion of successes (%)

Red: Topologies'with average'degree in the interval (4, 4.25).

Green: Topologies with average degree in the interval (3, 3.25) and clustering coefficient in the interval (0.1, 0.6).
Blue: Topologies with average degree\in the interval (3, 3.25) and clustering coefficient in the interval (0.7, 0.9).
Light Blue; Topologies with average degree in the interval (5, 6) and clustering coe cient in the interval (0.025, 0.4).

Black: All other topologies.
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fully integrated automated container terminals
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