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Introduction Methods Discussion

K-Path Centrality (KPC) measures * RaNT-Graph uses vertex delegation partitioning to balance compute, memory, and * RaNT-Graph can sample large amounts of
information flow along simple paths in a communication [5]. simple paths, but it can also be used to

graph [1]. * Vertex delegation partitioning distributes high degree vertices (hubs) amongst all processors. sample walks.

Estimation involves sampling numerous * Rejection sampling is employed during path sampling to randomly select an unvisited * This and extending RaNT-Graph to weighted
random paths of length at most K. neighbor. graphs allows it to be used for

KPC estimation effectively identifies high- * Stepping to a delegated vertex sends the path to the processor which owns a random edge of * Personalized PageRank
betweenness vertices in many graphs [1]. the current vertex. * DeepWalk
Used in various graph problems due to its * Stepping to an undelegated vertex v sends the path to the processor which owns v. * node2vec.

Future optimizations include making use of
co-located edges and other sampling
techniques.

computational efficiency [2],[3],[4].

Requires a large number of path samples for
large graphs.

Introducing the RaNT-Graph: a distributed
data structure for efficient path sampling.
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