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A Introduction
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Graph Analytics

A Graphs® ubiquitously preferred data representation

Social network Internet Road Network

2 &

A Era of Big Data, Era of large Graphs
I Billions of nodes and edges
I Need high performance processing
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PageRank

A Fundamental Node Ranking algorithm
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A Important benchmark for the performance of
I Graph Analytics
I Sparse Matrix Vector multiplication
Acore kernel of many scientific amhgg applications
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Challenges: Pull Direction PageRank (PDPR

for Ve X i‘% Readd Y6] © fine-grained random
for all « € N;(v) do Memaory acCesses
temp+ =@R[u]) i 8 cache line utilizatiort) DRAMtraffic
PR [ ] L (1—d)><]V|_1 + dxtemp . i i
next [V] = No()| i 8 sustainedmemory bandwidth
swap (PR, PRex;) i Cache misse§;PUstalls

1. PDPR Algorithm
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Adjacency Matrix Transpose (A") SPR, PRy Datasets
2 Random accesses Wzl 3. DRAM traffic due to random accesses
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Challenges: VertexCentric GAS (BVGAS)

A Stateof-the-art method2
I YOO O0DIBIN o, writed i "Q {0 Yol uon G 6
(semisorted ono)
i "O®M 6 "QReadd i "&hd accumulat® Yo into 0 YO
I Wcache line utilization; prevent CPU stalls

A Drawbacks:

I Traverseentire graphtwice
A inherently suboptimal
I oblivious to vertex ordering induced locality
I coarsegrained random access€spoor DRAM BW

1. Buong Daniele, et al. "Optimizing sparse matvector multiplication for largescale data
analytics."Proceedings of the 2016 International Conference on Supercompfng, 2016

2. BeamerScaott, et al'Reducing PageRank communication via propagation blockingceedings of Parallahd
Distributed ProcessirfgymposiumEEE, 2017
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Contributions

A NovelPartition-centric Processing Methodology
A enables efficient Process@’RAM communication

A Optimizations to address communication challenges
A Partition-centric update propagatiof ¥ DRAM traffic
A Partition-Node Graph Data Layo@t sequential DRAM accesses
A Branch avoidance mechanismremove datadependent branches

A Achieves
A upto 8 GTEPSustained throughput using 16 cores

A upto lof peak DRAM bandwidth
A Applicable to wighted graphs and gener@pMVcomputation
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A Partition-centric Processing Methodology
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Graph Partitioning
AD O 0 Q® Bisjgintw ® w QQIdteEr E@rtices

A Partition-centric abstraction ofOi & f ‘€&t of links between
nodes and partitions

I unlocks comm. efficiency not achievable wit&/E(aradigms
A Index based partitioning

I simple, low preprocessing overhead
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Example graph with partitions of size 3

USC Viterbi
School of Engineering




Partition-Centric Processing Methodology (PCPM)

A Partition-Centric Processing with GAS model
I "Yo® O t&sages to neighbouring partitions

i "Ow 0 "M@aming messages to compute new
PageRank values

A Write messages In statically allocated disjoint
memory spacesw Q¢ |

I no locks/atomics? scalability
I 'O'Q B@Wvritten only in first iteration® comm.

A Each thread processes 1 partition at a time
i Vertex datawd 0 QQ M w & Q
I low latency random access
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Optimization 1: PartitiorCentricUpdate Propagation

A "Y'Q¢ ‘pdd®e from a nodéo all neighbours in

a pal‘tltlon Propagate Updates
. on all Edges Updates| Dest. ID
I Natural outcome of PC abstraction 6 i PRIG] | 2
I Drastically reduce communication volume _— EE ‘1)
PR[7] 2
A MSB of destination IDfsr demarcation i 0
1 read new update |f MSB p (a) Scatter in Vertex-centric GAS
Non-redundant
updatesonly  |Updates| ~ MSB|Dest.ID
A Issues to address L f ama — i 2]
I Yoo 0o Qi 7 g PRI — 1| O
A traversesd ¢ 0 i efg@s xip hxlg ° 3 Tg ;
. . . . P, L
A switch bins for each update inserton s
.|. “O(I) ‘O "Q‘Q‘[ (b) Scatter in PCPM
A Datadependent unpredictable branches due to
MSB check
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Optimization 2: Data Layout

A Bipartite PartitionNode Graph (PNG)

I at mostp edge between node and partition
I eliminateo € O i eflg@ traversal

Algorithm PCPM scatter phase using PNG layout
A Group the edges by destination partitior ¢ PV.E) = PNG, N'(p/) — in-neighbors of par-
_ . tition p’ in bipartite graph of partition p
I All updates to one bin at a time 17 Tor all p € P do in parallel SScatter
I Random access to vertices

for all p’ € P do
for all u € N”(p') do
insert PR[u] into update_bins[p'

A Create PNG on a p@artition basis
i Vertices cached, DRAM accesse®@r 6 Q& 0 Qw o

Partitions e
Po P P \o
o] [3][e (7)
s . o
2 5 8 Graph between P Graph between P e
and nodesin P, and nodes in F;
Graph between P
and nodesin P>
1. Original Graph 2. PNG Layout
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Optimization 3: Branch Avoidance

A "O® 6 "QEes pointers to read bins
i QQi MOBrQQi wan i
i 6 I’] 0 (JJ]OOﬂ) o n 0 (JLII(DQI iAlgoritl-1m Branch Avoiding gather function in PCPM
; t}:)}i[jll_poe P do in parallel > Gather
A When to increment pointers? ¥ idestD-ptr updatepir} <0

_ ' 4. while destID_ptr < size(destID_ bins[p]) do
I QQi o)©6very iteration 5: id < destID _bins|p||destID_ptr ++]
o s x e s ae 6: update_ptr += MSB(id)] >
on Q QI]OOﬂ MSB P 7: id < id & bitmask
8 PRlid] += update_bins|p|[update_ptr]|

A Directly add MSB t0 11 Q (100Q

T no branch based cond. check on
MSB
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A Analytical Evaluation
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