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EXECUTIVE SUMMARY THE CHALLENGE OF NATURAL GRAPHS

= Popular parallel abstractions like MapReduce and Pregel do not = Natural Graphs: .
efficiently express many machine learning algorithms: O T ahoo! Web Graph E
= MapReduce: does not express graph computation 101 2 Top 1% versices s
= Pregel: does not express asynchronous computation ol 9@3 adjacent to

= To fill this critical void we introduced GraphlLab, a new abstraction %104 -(%g, 23% ol the edges’

targeted at advanced machine learning algorithms and capable of
expressing adaptive asynchronous graph computation 10° |
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= GraphLab has been successfully applied to many important large-
scale, real-world machine learning problems

= Through our work on GraphLab we have identified Natural Graphs Touch a Large Requires Heavy Processed
as key challenge to scaling graph computation Amount of State Locking Sequentially

* To address the challenge of natural graphs we introduce GraphLab2 NEW FEATURE IN GRAPHLAB2

which significantly extends the original GraphlLab abstraction

m FaCtOriZEd Update FunCtOr: struct pagerank : public iupdate <graph , pagerank > {

double accum , residual K

TH E G RAPH LAB ABSTRACTION Parallel Sum | void gather (icontext_type & ctx, edge_type & edge) {
o accum += 1/ctx.num_out edges(edge.source()) *
Qg)_ I+I Tt I A ctx.vertex _data(edge.source()).rank; }
. Runnin Exam IE' Pa eRank L User Defined: void merge(pagerank & other) {accum += other.accum;}
g p . g > Gather((@—@))X A void apply (icontext_type & context) {

vertex_data& vdata = context.vertex_data();

. . . . .
Rank of a page is a weighted sum of the rank of neighbor pages: Apply the accumulated ouble o1d value o vdata.rank.
value to center vertex " .
1 Seor Defirod vdatad. r'alnk =1c tI)RE(S.EC'II'_PROB +k(1—R1EdSET_lPRO)B)/ accum;
1 L E . ' residual = fabs(vdata.rank - old value
R[Z] =+ (1 O!) L[j] R[j] g Apply(" A K “ context.num_out _edges();
,1)E L }
(4:%) Update adjacent edges void scatter (icontext_type & ctx, edge_type & edge) f{
| |S the random reset probab”'ty and vertices. if (residual > EPSILON)
L _ . R[l] User Defined: ctx.schedule(edge.target(), pagerank ());
= L[j] is the number of links on pagej R[5 =a+(1-q) ; - R[4] > Scatter(0-0)E —@ }
}s
= Abstraction:
. u De|ta U date Funcﬁons: struct pagerank : public iupdate <graph, pagerank> {
Data Graph Update Function P double delta;
A graph with arbitrary data A user defined program transforms the data in the Use "delta” operations pagerank (double d) : delta(d) { }
associated with each vertex of a vertex to eliminate the need vold gperatort=_(pagerank & other) {
. to re-compute large delta += other.delta; }
and edge. struct pagerank : public iupdate <graph, pagerank> { sum over neighbors: void operator()  (icontext_type & context) {
void operator() (icontext_type & context) { vertex_data & vdata = context.vertex_data();
Vertex Data vertex_data & vdata = context.vertex data(); T T T vdata.rank += delta;
Edge Data double sum = @; 10|d (Cached)SumP if(abs(delta) > EPSILON) {

foreach ( edge_type edge, context.in_edges() )
sum += 1/context.num_out edges(edge.source()) *
context.vertex data(edge.source()).rank;

delta = delta * (1 - RESET_PROB) *
1/context.num_out edges(edge.source());
context.schedule out neighbors(pagerank(delta));

double old rank = vdata.rank; } }
vdata.rank = RESET _PROB + (1-RESET PROB) * sum; \o J o v };
double residual = abs(vdata.rank - old rank) / RESU LTS
context.num_out edges();
if (residual > EPSILON) PageRank on 25.5M Vertex 355M Edge Web Graph
context.reschedule out neighbors(pagerank ()); . .
) _Shared Memory Pagerank . Distributed Pagerank
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