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G
raph A

nalytics and 
C

yber Security

•
Insight from

 graph-structured data
•

R
epresenting interactions betw

een entities as graphs
•

C
entrality m

etrics
•

Anom
aly detection

•
O

ddBall[PAKD
D

’10], R
ecursive structural features [KD

D
’11]

•
O

utlier detection [KD
D

’10], PIC
S [SD

M
’12]

•
YAG

AD
A [C

IKM
’11]

•
Subgraph m

atching and enum
eration [VLD

B’12]
•

Extrapolating labeled inform
ation to other vertices [P

im
plikaret al, C

IKM
’14]



H
igh-Perform

ance 
G

raph A
nalytics

•
Tim

eliness: high-perform
ance analytics

•
O

pen source tools facilitate adoption:
•

G
iraphe, G

raphLab/Pow
erG

raph, 
Spark+G

raphX

•
Tools focus on scalability, not 
perform

ance
•

Scale-out; sm
all clusters; data centers

•
M

cSherry: Scalability! But at w
hat C

O
ST?

•
C

om
pare against laptop!

Perform
ance of 20 iterations of PageRank

tw
itter_rv

graph –
full 2010

snapshot of Tw
itter: 41.7M

 vertices, 1.47G
 edges

Source: M
cSherry

U
SEN

IX H
otO

S
’15

H
igh-end laptop (2014)



The G
raphG

rind
Fram

ew
ork: Fast G

raph 
A

nalytics on Shared-M
em

ory System
s

•
The issue w

ith scale-out system
s

•
W

orkloads characterised
by frequent com

m
unication and synchronisation

•
C

an fall-back
to processing from

 disk; likely com
petitive to distributed m

em
ory processing

CPU
core

DRAMDRAM

DRAMDRAM

•
The alternative: a scaled-up server

•
Plenty of w

orking m
em

ory possible; up to 16TB in 
shared m

em
ory configuration

•
Future: die stacking (e.g., hybrid m

em
ory cube), 

non-volatile m
em

ory (e.g., PC
M

, R
eR

AM
) 

•
But: m

ust be a m
ulti-socket (N

U
M

A, non-uniform
 

m
em

ory architecture) setup



G
raphG

rind

•
C

hallenges:
•

Balance threads and data over N
U

M
A nodes

•
Load balancing depends on graph algorithm

, varies 
throughout com

putation
•

Tension betw
een balancing #vertices vs #edges

•
D

ifficulty: m
em

ory locality and m
em

ory access latency

•
Solution:

•
Partition graphs finely: im

proves m
em

ory locality, unit 
of w

ork for scheduling, load balancing
•

C
o-locate partitions and the m

ain code operating on 
them

 on the sam
e N

U
M

A node
•

Vertex and Edge Balanced R
eordering (VEBO

):
•

R
elabel vertices in order to have 

#vertices/partition AN
D

 sam
e #edges/partition

0 5 10 15 20

4
8

12
24

48
96

192
384

480

MPKI

N
um

ber of partitions

P
ageR

ank
B

ellm
an-Ford

0.00

0.05

0.10

0.15

0.20

0.250.E+00
1.E+05

2.E+05
3.E+05

Execution Time [s]

N
um

ber of D
estination Vertices

D
E
ST-R

unning-Tw
itter

O
riginal

V
EB

O

M
em

ory accesses per 1000 instructions (M
PKI)

tw
itter graph



G
raphG

rind:
Perform

ance C
om

parison
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raphG
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G
raphG
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O

Fram
ew

ork
#cores

Tim
e/PageR

ank 
iteration

G
iraphe

(Apache)
128

62s
G

raphLab
(Apache)

128
42s

G
raphX

(Apache)
128

23s
Ligra

(C
M

U
/M

IT)
48*

3.8s
G

raphG
rind

48*
1.2s
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Tim
e per iteration for PageRank on U

K-U
nion 2007

snapshot of internet pages in the .uk
dom

ain
Runtim

e on tw
itter graph for

BP: Belief Propagation
PR: 10 iterations of PageRank
PRDelta: approxim

ating PageRank



Q
uestions

•
The right hardw

are for the job. W
hat is it?

•
Storage class m

em
ory

•
Scale-out or scale-up?

•
W

hat are the key challenges in processing industrial graph 
datasets?

•
W

hat w
orkloads are speed-sensitive, w

hich aren’t?


