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Graphs Are Everywhere

. The Web
Social Networks

°
J —

i Hggitl
Lo
\ I K

&

bl

Product Ratings




Graph Algorithms
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Challenges

|. Diverse range of graph algorithms
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Challenges

2. High-degree vertices

Graph Partitioning Heuristics Edge-Parallel AP

def aggregateMessage
sendMsg: EdgeC
mergeMsg:




Complex Pipelines
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Challenges

3. Complex pipelines
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Table-Based Graph AP

class Graph[VD, ED] {
// Table Views -----------------------
def vertices: RDD[ (VertexId, VD) ]
def edges: RDD[Edge[ED]]
def triplets: RDD[EdgeTriplet[VD, ED]]
// Transformations -------------“-“-“- -
def mapVertices[VD2](f: (VertexId, VD) => VD2): Graph[VD2, ED]
def mapEdges[ED2](f: Edge[ED] => ED2): Graph[VD2, ED]
def reverse: Graph[VD, ED]
def subgraph(epred: EdgeTriplet[VD, ED] => Boolean,
vpred: (VertexId, VD) => Boolean): Graph[VD, ED]

[/ JOINS === - e e e -
def outerJoinVertices[U, VD2]

(tbl: RDD[ (VertexId, U)])

(f: (VertexId, VD, Option[U]) => VD2): Graph[VD2, ED]
// Computation ---------------"—----“--““ -
def aggregateMessages[A](

sendMsg: EdgeContext|[VD, ED, A] => Unit,

mergeMsg: (A, A) => A): RDD[ (VertexId, A)]



Built-in Algorithms (Scala)

def pageRank(tol: Double): Graph[Double, Double]

def triangleCount(): Graph[Int, ED]
def connectedComponents(): Graph[VertexId, ED]

PageRank

__>
\

=~

<[

Triangle Count Connected
® Components
o A W
/' \
/ \. / \':q ’/y\,y



Network Comm. (MB)

System and Query Optimizations

Incremental View Maintenance: Conn. Comp
on Twitter
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Join Elimination: PageRank on Twitter
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PageRank Benchmark
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GraphFrames

Support analytical graph queries using Spark SQL
and graph-specific join optimizations

graph.find(“(u)->(v)->(w); !'(u)->(w)”) A/D;*
.filter($“u_school” === $“w_school”) V - V
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IndexedRD

D

Support efficient updates to iImmutable RDDs
using purely functional data structures

old\ new

https://github.com/amplab/spark-indexedrdd




Thanks!

Joseph E.Gonzalez, Daniel Crankshaw, Ankur Dave, Reynold S.
Xin, Michael J. Franklin,lon Stoica. GraphX: Graph Processing in a
Distributed Dataflow Framework. In OSDI 2014.
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Storing Graphs as lables

Property Graph
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