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Graph Analytics keeps growing in popularity and . e
possibilities ome » Uncategorized » Graph Analytcs xpan

Graph continues to be the fastest growing segment of data manage
and collecting, thanks to the arrival o e mrternet and eaj

DUr Graph Analytlcs Expands to the Cloud
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Graph Databases for Beginne we care about?
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R Graph Processc

society, powers all the incredible advances we see today in t
artificial intelligence (AI) and Big Data.

1

The Future of Data: A Decentralized
Graph Database

October 14th 2019

Modern microprocessors ard
through a hierarchy of cache @eCads exhibit relatively

predictable general memory pa at can be exploited via spatial locality and temporal locality.
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We need lots of | Running analytics
hardware resource on large graphs get:
to store them
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Losslessompressionncurs expensive decompressiand

It hits fundamental storage lower bounds [1,2

N o
[1] Henngn et al.ShenTuProcessing MuKirillion Edge Graphs_
on Millions of Cores in Secon@®&C18Gordon Bell Finalist

>233 TB

271 billionvertices
12 trillion edgeq1]

Whatdoes

Ié r —

a K C&E’]&nt) [1]M.BestaS i | £ ®Y & [ 2-DetidaNHidlIKONGF 2 NSNS DNI LK wS L
[2] M. Besta T. HoeflerdSurvey and taxonomy of lossless graph compression and-gfi@ent
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Remove some 2 K g A F wantSull [ﬁ@lﬁi@ﬁ

edges and / or
vertices (i.e., Run graph analytics workloac

sparsification on thesesparsifieagraphs
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JPEG compression level%
File size: 823.4 kB




JPEG compression leveb0%
File size: 130.2 kB




JPEG compression leved0%
File size: 50.1 kB




JPEG compression leved9%
File size: 33.3 kB
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Number of ways [1] teparsify
o (compress) a graph withhvertices

oOn the Number of Unique
Subgraphs of ® NJ- L
Journal of Combinatorial
Theory 1972

easydevelopment and rapid prototyping of
lossy graph compression methods

Abstraction & programming modefor [1] R. CEntringer P.Erdos
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Slim Graph: Abstraction & Programming Model /* Compilation,
parallel execution

Kernels focus on:

0 D (X

Vertex  Edge

A developer specifies
compression kernels

that remove specifiedbcal compression
parts of the graph methods
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Connected components (other thz
0) single vertices) are preserved

Before compression: During compression: After compression:

Degree-0 vertices will be : Connected components (other
removed by vertex kernels S CEIMITE e Ll othan single veﬂiges) pres(erved
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Slim Graph: Abstraction & Programming Mode g i EuE SEnlo il NeE LRV (Ve

Connected components (other tha

0) single vertices) are preserved

kernel (V v) {
1f(v.deg==0)
atomic SG.del(v);
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Edge kernetsrandom uniform sampling
Inpult:

Sparse/dense neighborhoods
preservedw.h.p.

Relative neighborhood sizes provide
information about., e.g., vertex importance

After compression:

Before compression: During compression:

_ Relative sizes of
Example Example Executing Overlaping o neighborhoods
high-degree /— low-degree edge kernels ... kernel are preserved w.h.p.

ertex vertex instances
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Slim Graph: Abstraction & Programming Mode @R EEEEE U bl RITiel iy ReER T e

_ Sparse/dense neighborhoods
‘ preservedw.h.p.

Relative neighborhood sizes provide
information about., e.g., vertex importance

random_uniform_kernel (E e) {
double edge_stays = SG.p;
1f (edge_stays < SG.rand(0,1))
atomic SG.del(e);
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Slim Graph: Abstraction & Programming Model (z)

O

n:

one kernel

Diameter of instance

each cluster: —_
O(logn)

Before Deriving a spanner Decompose the input graph, One thread Find inter-cluster spanner edges, After
compression: fork=2 find intra-cluster spanning trees: executes remove intra- and inter-cluster edges: compressio
q 4 -

Non-tree

OTTE _ Kernel edges will Certain inter-cluster
path, length=7 instances be removed edges will be removed path, length =9




