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Powerhungry

Time complexities
often O(r¥) for kx2

™M ez
v

[1] HengLin et al..ShenTuProcessing MukHirillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist




—
\

P — s T Ay spclinf.ethz.ch e
LS N R ) @spcl_eth E'HZUFICh

Goal: Making GrapiMining RadicallyFaster




A AGICL e v o on ETH zUrich
Goal: Making GrapMining RadicallyFaster

Do we need 100% accura
Q results in all cases?



A AGICL i v owasn ETHZzUrich
Goal: Making GrapMining RadicallyFaster

Do we need 100% accura
Q results in all cases?

[ SiQa al & ¢
choose between...

Find all the
patterns (e.q.,
cligues) in 1 da

Findx  qoofedll
the patterns in
30 minutes




- e B

o = A T R gy PR o Gonet o

Goal: Making GrapiMining RadicallyFaster

ETH:zurich

Do we need 100% accura

[ SiQa al &
choose between...

Find all the
patterns (e.q.,
cligues) in 1 da

Findx
the patterns in
30 minutes

0

0ot




v e on ETHziirich

Approximate Graph Processing: State & Challenges



v e on ETHziirich

=
algorithms

el and Distributed Alg
ctral Graph Sparsification *

s o Commarte: —
s ek o G i

B i Bevid Peieg®
Disco imarization -]
oo

 CAROR

Revealin] s
via Gr| - New Sparsenest

e = E T feitication via random spani

Streaming Algorith for Graph Spanners - Single Puss an

Spectral Sparsification of(}faph
heory and Algorithms

Processing Time per Edge

[Extended Avsiract)

Comisient Sparsifc

Gllque Panitiors, Geaph Gomproasion and Spesding-Up Algortma® -

New Sparseness Results spectralspar

Theory and Al

Spectral Graph Sparsification in earty-Linear Tim
Leveraging Eficient Spactral Perturbition Anslys:{

sph Spassificatin

Genesating Sparm 1-2

Speciral Graph Sporsication in Neariy Lineor Time

Spectral sparsitication via random spanners
Loveraging Efficiant Spectral Perturbation Analysis

[Extended Avsract)

P
i st S o Graph Summarization with Bounded Errar

st

—
2 Query-Orientod Sum|

Seila bl i

SO e, Tonn Ml

SPECTRAL SPARSIFICATION OF GRAPHS'

Sparseness Results on Graph Spanners

mm

Comiiont S

Additive Graph Spanners*

M L. Usstman, 54 Thamas G Sharmes
i e e ‘Stheal of Compuing Seience, Smon Fraser Unwarsty, Bumaby, B.C: VSA 134, Canaca

e
algorithms

Spectral Graph Sparsification in Nearly-Linear Time
Lovaraging Efliciont Spaciral Ferturbation Analysis

lgoriths for Graph Spanners - Single Pass and Constant
Processing Time per Edge

Additive Graph Spanners*®

A L. Ussiman, and Thomes C. Sharmee
el o Camputing Seience, Simo rases Unvaruty, Bumaty, B

Revealing Biolsgical Modules
via Gl Sa

Graph Summarizatian with Bounded Error
A Scalsble Pattern Mining Approach to Web Graph

Compression with Commanities

Query-C

» T cita this vers)

A Scalable Pattsrn Mining

spectral spar] =
TMhsavand
Jo—— : Spectral Sparsification of Graphs: - mmem 5 2
Sueaming Algond Theory and Algorithms L & SRS SRR TG P Graph Spanners

SpecTrATSpaTsICATOmof Graph|
Theory and Algorithms

paieaion o i
Ao

Additive Grag]
Spectral Spar
Theory and A

Ariur L Unsiman and Thomes . Sharmer
‘Schas of Computing Stienss, Sma Frass Unvarsty, Bummasy, BC. VSA 198, Caradh




ASIPCL v e en ETHZzirich
Approximate Graph Processing. State & Challenges

We analyzed > 500 worlkasd identified three classes of scheme

—

Heuristics

E
=
E
3
2
———— -
| | =—————y .. B ey .




v e on ETHZziirich

ribuled Algorithens
Spanification *

i L arman i’
i e Sk o Graghs Comermion s 4

Cliaue 1

David Peleg®
Alejendro A, Schaffor’
o SCEnT DoV

it e by s raph s

L

Spectral Sparsification of 61";5}'1&"
Theory and Algorithm:

Streaming Algorithm for Graph Spanners - Single Pas. .14
Processing Time per Edge

ification via random spar
[Extended Avsract]

New Sparseness Results ‘Spectral Spar|

0 near Timd Theoryand Al
anays]

Sitmple Parallel and Distributed Algorithms
e Speciral Graph Spassification

s

Genesating Spars -

Shisches. Sparsfc
Schgaphs G

-

random spanners.

[Extended Aossact]

Graph Summarization with Bounded Errar

iscovery-Driven ]

orithan
ification

e

Query-Orientod Sumn]__
Seila b, Frusgeis O

. and F
Cyele Doy

Additive Graph Spanners*

N L Lsstman, 3nd Thomas G Sharmer
el of Cumpuing Seience, Smom Fraser un sty Bumaey B VEA 196, Carada

Depeniacs Cogh Compresion

=
algorithms

csparndadarten

‘Spectral Graph Sparsification in Nearly-Linear Time.

Additve Grapn of
Laveraging Efficiont Spociral Perturbation Analysts

el lgorithm for Graph Spanners - Single Pass and Constant

Processing Time per Edge

Revealing Biological Modules
via Grigih Sam in

Graph Summacizatian with Bounded Error

A Scalsble Pattern Mining Approach to Web Graph
Compression with Commanities

Gation via random spanners.

i

SERE.

Query-Oriented ization of RDF Gral
Sula Cbar

[Extended Avsrac]

s Gossskont, Lo Manolscu

|

Vit Ko Frapus

= = i

|

A Scalable Pattsrn Mining Ax

ery-Driven Graph Summarization

Spectral Sparsification cf(;:ltgﬁﬁg:w
Theory and Algorithms

Streaming Algonid

Processing Time per

Suesdr Buswaen

Additive Grag
- id Peleg
Ahur . Ussiman e Toman C: Sarmar Alsfendro A, Sehafrer
Schast o Computing Scirce,Simon FraserUniasty, Bumisy, B0 VA 195 Cands S e e
srawon Carom




v e on ETHZziirich

Approximate Graph Processing: State & Challenges

e analyzed 00 worksd identified three classes o eme ...they all have problems

a ution, Spexcrl Skeceles, and Fustes Resistance
o, v Short Cycde Dusoaspositions

Single Pas, <

_&Recrral Sparsification of Graphs:
eory and Algorithms

spectral spar|
eory and Al

Sitmple Parallel and Distributed Algorithms
‘Spectral Graph Sparsification *

osais s
Com

- uasrsty

Query-Orientod Sum|
Sefla Cebir, Frungais

algorithms

il

L

Jgorithn for Graph Spanners - Single Puss and Constant
Processing Time per Edge

Query-Oriented
Sefla Cobirt, Frangs Gossbant,

Revealing Biological Modules
via Grigi Ssmmarizatien

Graph Summacizatian with Bounded Error
A Scalsble Pattern Mining Approach to Web Graph
Compres

j3ion with Commanities

=

Query-Oriented Summarization of RDF
Sula Cobir, Frangos Gosssbont, loama Manoloscu

k=

Spectral Sparsification of (c;
. Theory and Algorithms
E 3 ol [rrotston Aperespenie - Syiraireren
Spec! f Graph{ __
Theory and Algorithms

Peleg®
Algjandro A Sensfiar’
o st TV

Ariur L Unsimin and Thomes . Sharmer
Scisncs,

Bumasy, B.C ¥SA 198, Canada. o o
e p— s nf s et srawon Carom
T T e e | £

sttt s




v oaoon ETHZzUrich

o> 0> 0> 0> 0>

Little parallelism
/N 3 '..-

No/loose
accuracy
guarantees

/;{
E




v e on ETHZziirich

Approximate Graph Processing: State & Challenges

We analyzed > 500 worksd identified three classes of scheme ...they all have problems

o> 0> 0> 0> 0>

Little parallelism
L accuracy T guarantees

No/loose
accuracy

guarantees




v e on ETHziirich

Approximate Graph Processing: Current Issues & Our Objectives



v e on ETHziirich

Approximate Graph Processing: Current Issues & Our Objectives

-o-0ro-0
< D

No/loose accuracy
guarantees
1
@ Slow
Low accuracy

Large memory

overheads



v e on ETHziirich

Approximate Graph Processing: Current Issues & Our Objectives

et Licie paralciom 2 ich pavaletism JRARIRR AR
AR  socciic

No/loose accuracy
Ml guarantees
vr
Qf

Low accuracy

Large memory

overheads



v e on ETHziirich

Approximate Graph Processing: Current Issues & Our Objectives

o-o-o-ovo- (IR EEETIIED * * 0 * ¢
AN - s

No/loose accuracy
Ml guarantees
vr
Qf

Low accuracy

Large memory

overheads




v oo ETHZzUrich
Approximate Graph Processing: Current Issues & Our Objectives

o-o-o-ovo- (IR EEETIIED * * 0 * ¢
AN - s

No/loose accuracy Strong accuracy
Ml guarantees guarantees
1
Qf

Low accuracy

Large memory

overheads




v oo ETHZzUrich
Approximate Graph Processing: Current Issues & Our Objectives

o-o-o-ovo- (IR EEETIIED * * 0 * ¢
AN - s

No/loose accuracy Strong accuracy
guarantees guarantees
1
Qf igh periomance R7 o e

Large memory

overheads




v oo ETHZzUrich
Approximate Graph Processing: Current Issues & Our Objectives

o-o-o-ovo- (IR EEETIIED * * 0 * ¢
AN - s

No/loose accuracy Strong accuracy
guarantees guarantees
af ioh periormance R o

Large memory

overheads




v oo ETHZzUrich
Approximate Graph Processing: Current Issues & Our Objectives

o-o-o-ovo- (IR EEETIIED * * 0 * ¢
AN - s

No/loose accuracy Strong accuracy
guarantees guarantees
af ioh periormance R o

Large memory Low & controllable

o
overheads memory overheadge=—




ETH:zurich

How to achieve all these
objectives In a single design




v e on ETHziirich

How to achieve all these
objectives In a single design
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set representations (aka sketches)
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We use BFs as a sketg
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sketches to benefit graph mining
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