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_ Methods / Tools

= did you change your exper-
iment setup?
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pipeline?
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Why is the CCDF Flat?

fraction of vertices with degree > x
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Power-Law Distribution
mf(x)=cx "

®m needs x.;, to be well de-
fined, otherwise probabil-

ity goes towards infinity  °

= Distribution follows a power law:

it follows f(x) for x > Xmin
B x < X are irelevant
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Heterogeneity + Locality
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Goal: model and explain characteristics
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Generated Graphs Real-World Graphs
= select multiple random models to gener- = select several real-world graphs

ate graphs = do the real-world graphs behave similar to
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Network Analysis in Python [Large-scale Network Analysis
E Networks

= How fast are Bi-BFS and VC on the new graphs?
= What is the heterogeneity and locality of the new graphs?
= How do graphs with high heterogeneity and low locality look like?
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