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User-ltem Graphs
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[riangle Counting
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Users

Collaborative Filtering

Ratings

Products
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Collaborative Filtering

f(3)
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g (2) :

fli| = arg min
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[he Graph-Parallel Pattern
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[he Graph-Parallel Pattern
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[he Graph-Parallel Pattern
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Many Graph-Parallel Algorithms

Collaborative Filtering Community Detection
» Alternating Least Squares » Triangle-Counting
» Stochastic Gradient Descent  » K-core Decomposition
» lensor Factorization » K-Truss
Structured Prediction Graph Analytics
» Loopy Belief Propagation » PageRank
» Max-Product Linear » Personalized PageRank
°rograms » Shortest Path
» (GIbbs Sampling » Graph Coloring
Semi-supervised M Classification
» Graph SSL » Neural Networks
» CoEM

Spark
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High-Degree Vertices

Fb LLOWERS

Taylor Swift 51 AM
@taylorswift13
Challenges:

|, Storage: How to store a graph where one
vertex's edges don't fit on a machine!?

2. APl: How to expose parallelism within vertex
nelighborhoods!
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Complex Pipelines

Solution: Embed graph processing within a table-
oriented system (Spark)

Challenges:

|, Storage: How to store graphs as tables?

2. Computation: How to express graph ops as
table ops (map, reduce, join, etc.)!

3. APl: How to present the two views to the
Jser?

Spark
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Property Graphs

* User Profile
* Current PageRank Value

. ——kdge Property:

* Weights
e Relationships
e [Imestamps




Creating a Graph (Scala)

type VertexId = Long

val vertices: RDD[ (VertexId, String)] =

sc.parallelize(List(
(1L, “Alice”),
(2L, “Bob™),
(3L, “Charlie™)))

class Edge[ED](
val srclId: VertexId,
val dstld: VertexId,
val attr: ED)

val edges: RDD[Edge[String]|]| =
sc.parallelize(List(
Edge(1L, 2L, ‘“coworker?),
Edge(2L, 3L, “friend”)))

val graph = Graph(vertices, edges)

Graph

coworker |

9 Charlie

? Alice

Sp QI‘K

Cl miﬁi I'T EAS T



Graph Operations (Scala)

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 === -- - m e e oo oo
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)]

.Spcwr‘l‘zZ
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Bullt-in Algorithms (Scala)

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

Triangle Count Connected

PageRank

V

Il —

/

[l

—u — |Em
— — ———
=

Components
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| he triplets view

class Graph[VD, ED] {
def triplets: RDD[EdgeTriplet|[VD, ED]]

}

class EdgeTriplet[VD, ED](
val srcId: VertexId, val dstId: VertexId, val attr: ED,
val srcAttr: VD, val dstAttr: VD)

Graph

0 ‘ Alice | RDD
dstAtr | attr

‘ coworker ’

triplets
é ‘ | > Alice coworker Bob
Bob
Bob friend Charlie

‘ friend

!
é Charlie |
K

Spa

SUMMIT EAST




}

| he subgraph transformation

class Graph[VD, ED] {
def subgraph(epred: EdgeTriplet[VD, ED] => Boolean,
vpred: (VertexId, VD) => Boolean): Graph[VD, ED]

graph.subgraph(epred = (edge) => edge.attr != “relative™)

‘ Alice
\

‘ relative ’

\

‘ Charlie |

Graph

coworker

relative H David |

subgraph

>

Graph

‘ Alice

‘ Charlie |

coworker

" David

Skﬂank’

T BRI Y | F\ —/' m ™
¥ Y. 1.7, | |
SUIVIIVIL |



}

| he subgraph transformation

class Graph[VD, ED] {
def subgraph(epred: EdgeTriplet[VD, ED] => Boolean,
vpred: (VertexId, VD) => Boolean): Graph[VD, ED]

graph.subgraph(vpred = (id, name) => name != “Bob™)

‘ Alice
\

‘ relative ’

\

‘ Charlie |

Graph

coworker

relative H David |

subgraph

>

‘ Alice |
\

‘ relative ’

\

‘ Charlie |

Graph

relative H David |

Skﬂank’

T BRI Y | F\ —/' m ™
¥ Y. 1.7, | |
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Computation with aggregateMessages

class Graph[VD, ED] {
def aggregateMessages[A](
sendMsg: EdgeContext|[VD, ED, A] => Unit,
mergeMsg: (A, A) => A): RDD[ (VertexId, A)]
}

class EdgeContext[VD, ED, A](
val srclId: VertexId, val dstlId: VertexId, val attr: ED,
val srcAttr: VD, val dstAttr: VD) {
def sendToSrc(msg: A)
def sendToDst(msg: A)

}

graph.aggregateMessages(
ctx => {
ctx.sendToSrc(1)
ctx.sendToDst (1)

~* ) Spor‘llg
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Computation with aggregateMessages

Graph

‘ Alice H coworker ’_>‘ Bob |

daiﬁ
 Charie < e M David |

aggregateMessages

RDD
Alice 2
Bob 2
Charlie 3
David |
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—xample: Graph Coarsening

VWeb Pages o
Intra-Domain Links Pages by Domain
% subgraph &O\O Connected AO\Q
g Cﬁ@ Components

oY
5
%Q(&\k
- Domains

Graph ®@ O O

constructor

|

Domain Graph

q@ Spark
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How GraphX Works



:)

L )

e o

Storing Graphs as lables

roperty Grap

N

¢-e

Vertex

lable
(RDD)

tdge [able
(RDD)
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SImple Operations

Reuse vertices or edges across multiple graphs

Input Graph Transtormed Graph
Vertex Fdge Vertex  Edge
Table Table Table Table

o 0 > O
O—0O
@ O—O O
¢ Transform Vertex ¢
o & . O
O—=0O Properties
o O—O O
O—0O
O—0O
)
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Implementing triplets

Vertex | Routing| |Edge Table

lable lable (RDD)

(RDD) | (RDD) | (a>

ol peia =100

=@ < - (8w C,

(i@// ©._0
ralr\CZC

3 —| (A

= —| (£ D)
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Implementing triplets

Vertex Routing Fdge Table
lable lable (RDD)
(RDD) | (RDD) orer (A
‘ 0 o
e G
© | (chb
850
8 0
o
0.6 Soark




Reduction in Communication Due to Cached Updates

Network Comm. (MB)

10000

O
S
S

100

O

-

Connected Components on Twitter Graph (1.4B edges)

RN

A\

\

\

Most vertices are within 8 hops N

of all vertices in their component

0 2 4 6 3 10 W |4 |6

lteration
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Implementing aggregateMessages

Edge Table Result
(RDD) Vertex
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Runtime (Seconds)

Speedup Due lo Access Method Selection

L
-,

N
U

N
O

U

O

U

O

Connected Components on Twitter (|.4B edges)

\ \ “Scan *Indexed
Scan All Edges
— .~ 5T .
\ Index of “Active”’ Edges
W —
P 4 6 8 1O |2 |4
lteration
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Runtime (Seconds)

PageRank Benchmark

EC2 Cluster of 16 x m2.4xLarge (8 cores) + | Gigk

Twitter Graph (42M Vertices, |.5B Edges)

UK-Graph (106M Vertices, 3.7B Edges)
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GraphX Graphlab Giraph

Gra

bnX

Naive GraphX Graphlab
Spark

berforms comparably to

state-of-the-art graph processing systems.
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Spark
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Open Source
e Alpha release with Spark 0.9.0 in Feb 2014

e Stable release with Spark 1.2.0 in Dec 2014




L anguage su

Java API: PR #3234
Pvthon API: collaborating with Intel, SPARK-3/89

)
)

~uture of GraphX

DPOrt

More algorithms

)

)

Research

a) Local graph
b)  Streaming/tl
c) (Graph data

Correlation clustering

S
Me-vda

Hase—||

"ying g

e que

LDA (topic modeling): PR #2388

raphs

rles
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SuUp

IndexedRDD

bort efficient updates to iImmutable RDDs using

Nttp

burely functional data structures

old \ new\h\

s://erthub.com/amplab/spark-indexec

2

C
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| hanks!

http://spark.apache.org/graphx

ankurd@eecs.berkeley.edu

iesonzal@eecs.berkeley.edu
xin@eecs.berkeley.edu
crankshaw@eecs.berkeley.edu I
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