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FOSDEM 2016 / Schedule / Events / Developer rooms / Graph Processing / Modeling a Philosophical Inquiry: from MySQL to a graph database

Modeling a Philosophical Inquiry: from MySQL to a graph

A\\\\\\ . "B database

\\\0"’7'7 \\:{,j \// LB The short story of a long refactoring process
.\\;\\fo»,vo

A Track: Graph Processing devroom
. A Room: AW1.126
. @ Day: Saturday
| » Start: 12:45
| W End: 13:35
Bruno Latour wrote a book about philosophy (an inquiry into modes of existence). He decided that the paper book was no
place for the humerous footnotes, documentation or glossary, instead giving access to all this information surrounding the
book through a web application which would present itself as a reading companion. He also offered to the community of
sors,  readers to submlt thelr contrlbutlons to hisi |an|ry by writing new documents to be added to the platform The first version
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[1] HengLin et al..ShenTuProcessing MukHirillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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v e on ETHziirich

How large are extremescale graphs today?



v e on ETHziirich

How large are extremescale graphs today?

Webgraph datasets

Graph ¢ Crawl date ¢ Nodes ¢ Arcs *
uk-2014 2014 787801471 47614527250
eu-2015 2015 1070557254 91792261600
gsh-2015 2015 988490691 33877399152 Web data commons datasets
KON ECT graph datasets Granularity #Nodes #Arcs
TTRIPJEUE SIS 1E11] B Tw == JUTIT FFZ T Z, 091,21 Z - .
T Twitter (WWW) @epn=Cc® 41652 230 1.468 365,182 Page 3,563 million 128,736 million
TF T\Vitte'r_(m:' I:I . EI :I LI 52,5?9682 1 ,953,263821 Host 101 million 2.{}43‘ million
FR Friendster _|1@D=E 68,349 466 2 586,147,869
uL UK domain (2007) L@ U= 0»= 105153952 3,301,876,564 Pay-Level-Domain 43 million 623 million
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TalhunghtTopSOO ranking: #3 (2018 Nov), #1 (2016 2017) |

Heng Lin et alShenTuProcessing MukKirillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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..... A PageRank iteration o2 trllllon edges in 8 5131 4 TPEPS)
A On 70 trillion edges, nearl TPEPfor PageRank and WCC
A 774 GPEPS for BFS

(PEPS = processes edges per second as opposed to TEPS)

Heng Lin et alShenTuProcessing MukKirillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Log(Graph): A Near-Optimal

High-Performance Graph Representation

Maciej Bestat, Dimitri Stanojevic, Tijana Zivic, Jagpreet Singh, Maurice Hoerold, Torsten Hoefler!
Department of Computer Science, ETH Zurich
fCorresponding authors (maciej.besta@inf.ethz.ch, htor@inf.ethz.ch)

ABSTRACT

Today’s graphs used in domains such as machine learning or
social network analysis may contain hundreds of billions of
edges. Yet, they are not necessarily stored efficiently, and stan-
dard graph representations such as adjacency lists waste a
gionificant number of bits while eranh combpression schemes

discovering relationships in graph data. The sheer size of
such graphs, up to hundreds of billions of edges, exacerbates
the number of needed memory banks, increases the amount
of data transferred between CPUs and memory, and may lead
to I/0O accesses while processing graphs. Thus, reducing the
size of such graphs is becoming increasingly important.
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Log(Graph): A Near-Optimal
High-Performance Graph Representation

Maciej Bestat, Dimitri Stanojevic, Tijana Zivic, Jagpreet Singh, Maurice Hoerold, Torsten Hoefler!
Department of Computer Science, ETH Zurich
e S N P N

s L0g(Graph): effective compression wit
i vl low-overhead decompression!

sionificant number of bits while eraph combpression schemes size of such graphs is becoming increasingly important.
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Theyuse&O+ o(Q) bits(6Q0- lower bound),
they answelvarious queriesn o(Q) time.

Compactdata structures [1]

TheyuseO(Q) bits (6Q0- lower bound) We showthat
they answewarious queriesn o(Q) time. they arein practice

both small and fast!
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Slim Graph: Practical Lossy Graph Compression
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for Approximate Graph Processing, Storage, and Analytics

Maciej Besta, Simon Weber, Lukas Gianinazzi,

Robert Gerstenberger, Andrey Ivanov, Yishai Oltchik, Torsten Hoefler
Department of Computer Science; ETH Zurich

ABSTRACT
We propose Slim Graph: the first programming model and

framework for practical lossy graph compression that fa-
cilitates high-performance approximate graph processing,

ctorace and analvtice Slim Granh enablec the developer to

1/0 operations, the amount of data communicated over the
network, and by storing a larger fraction of data in caches.
There exist many lossless schemes for graph compression,
including WebGraph [21], k2-trees [25], and others [17]. They
provide various degrees of storage reductions. Unfortunately,
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