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Graph Algorithm
s

•
Iteratively calculate a 
property of each vertex 
in a graph
•

E.g.: PageRank values, 
label of connected 
com

ponents , etc.

•
Vertex m

odel

•
Driven by frontier: set 
of active vertices
•

M
any updates in 

parallel, w
ith conflicts

w
w
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Challenges
Shared-M

em
ory Graph Analytics

•
M

em
ory intensive

•
Irregular m

em
ory 

accesses
•

Poor m
em

ory locality
•

N
on-U

niform
 M

em
ory 

A
ccess (N

U
M

A
)

•
Little w

ork per edge
•

~10-20 assem
bly 

instructions per edge
•

Loop control causes 
m

ajor overhead

•
Key: graph partitioning
•

Fast, creating 
parallelism

 and locality
•

U
naw

are of graph 
topology

•
D

egrees of freedom
:

•
Iteration order over 
edges

•
Restrictions:
•

Parallelism
•

D
ata races

w
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State-of-the-Art
Graph Data Structures

w
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CSC and CO
O

 require that 
all edges are traversed

•
Com

pressed Sparse Row
s (CSR)

•
List outgoing edges for each vertex

•
“Forw

ard” traversal (push)

•
Com

pressed Sparse Colum
ns 

(CSC)
•

List incom
ing edges for each vertex

•
“Backw

ard” traversal (pull)

•
Coordinate list (CO

O
)

•
A list of edges



State-of-the-Art
Graph Traversal
Graph traversal [SC’12] [SPAA’13]
d = (#active vertices + 
#active edges) / #edges

if
d > 5% then
# dense frontier
if

algorithm prefers
forward then
traverse CSR

elsetraverse CSC
endif

else
# d <= 5%

# sparse frontier
traverse CSR

endif

w
w
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DSSC is a Research Centre of the ECIT Institute

5

Program
m

er’s choice
Little is know

n to guide this
W

e w
ill shed som

e light on this
…

 w
ork in progress

Requires storage of both 
CSC and CSR

0%
20%
40%
60%
80%

100%
120%

0
20

40

Density of frontier

Iteration of algorithm

Bellm
an-Ford

PageRankDelta
5%



Partitioning Real-W
orld Graphs
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Graph Partitioning
[PPoPP

2015]
•

Sim
ple rules:

•
Place edges w

ith 
sam

e destination 
in sam

e partition
•

Place vertices w
ith 

consecutive labels 
in sam

e partition
•

Balance num
ber 

of edges in each 
partition
•

Causes im
balance 

in vertices

w
w
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Vertex Replication
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•
R

e
le

va
n

t te
rm

s: vertex cut, 
shadow

 vertices, ghost vertices
•

R
e

p
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Im
plications of

Vertex Replication
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CSC/CSR
CSC/CSR pruned

CO
O

•
CSC and CSR are not 
scalable form

ats
•

Increased storage
•

Increased execution tim
e to 

“visit” vertices

•
Pruned CSC/CSR
•

O
m

its zero-degree vertices

•
CO

O
 is scalable to any 

num
ber of partitions

•
But inefficient for sparse 
frontiers

w
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linear grow
th due to

replicating all vertices

grow
s to 32 GiB

due to
vertex replication



Optim
ising

NUM
A Layout
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NUM
A-Aw

are Scheduling
•

Tw
o

-p
ro

n
ged

 ap
p

ro
ach

:
•

A
llo

catin
g d

ata o
n

 sp
ecific

N
U

M
A

 n
o

d
es

•
M

ap
p

in
g co

d
e to

 C
P

U
 co

res
lo

cated
 “clo

se” to
 d

ata

•
D

ata allo
catio

n
:

•
m

allo
c/n

ew
•

m
m

ap
+ m

b
in

d

•
N

ew
 an

n
o

tatio
n

 fo
r co

d
e sch

ed
u

lin
g:

#p
ragm

a cilk
n

u
m

a(strict)
cilk_fo

r( n
=0; n

 < N
U

M
A

; ++n
 ) { …

 }
•

Lo
o

p
 ran

ge restricted
 to

 n
u

m
b

er o
f N

U
M

A
 n

o
d

es
•

C
o

m
p

o
ses w

ith
 o

th
er C

ilk co
n

stru
cts
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C
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N
U

M
A-Aw

areness
in G

raphG
rind: Edge Traversal

•
Partition CSC and CSR
•

1 partition per NUM
A node

•
All stores are NUM

A-local

•Exception: sparse 
frontiers
•

Very few
 active vertices

•
Vertex replication incurs 
m

ajor overhead
•

Use unpartitioned
CSR

•
NUM

A: interleaved 
allocation

w
w

w
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Local Read
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Local W

rite
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rite
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N
U

M
A-Aw

areness
in G

raphG
rind: Vertex Traversal

•
Edge traversal dictates 
layout of vertex data
•

Prefer CPU
 load balancing

•
Incur rem

ote loads and 
stores

w
w

w
.ecit.qub.ac.uk
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Local Read
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Local W

rite
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Vertex M
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Perform
ance Evaluation
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Optim
ising

M
em

ory Locality

w
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M
em

ory Locality
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Perform
ance Benefits

of Graph Partitioning
Betw

eenness-Centrality, 
Tw

itter
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skips irrelevant
edges

1 partition –
m

ultiple threads
1 partition –
1 thread

partitioned CSR
out of m

em
ory



G
raph Traversal

R
evisited

G
raph traversal [SC

’12] [SPA
A

’13]
d = (#active vertices + 
#active edges) / #edges

if
d > 5% then
# dense frontier
if

algorithm prefers
forward then
traverse CSR

elsetraverse CSC
endif

else
# d <= 5%

# sparse frontier
traverse CSR

endif

w
w

w
.ecit.qub.ac.uk

D
SSC is a Research Centre of the ECIT Institute
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G
raphG

rind: locality optim
ised

d = (#active vertices + 
#active edges) / #edges

if
d > 50% then
# dense frontier
traverse partitioned COO

else if d > 5% then
# medium-dense case
# dense frontier
traverse CSC

else
# d <= 5%

# sparse frontier
traverse CSR

endif



Graph Traversal
Revisited
Graph traversal [SC’12] [SPAA’13]
d = (#active vertices + 
#active edges) / #edges

if
d > 5% then
# dense frontier
if

algorithm prefers
forward then
traverse CSR

elsetraverse CSC
endif

else
# d <= 5%

# sparse frontier
traverse CSR

endif

w
w

w.ecit.qub.ac.uk
19

GraphGrind: locality optim
ised

d = (#active vertices + 
#active edges) / #edges

if
d > 50% then
# dense frontier
traverse partitioned COO

else if d > 5% then
# medium-dense case
# dense frontier
traverse CSC

else
# d <= 5%

# sparse frontier
traverse CSR

endif

Preferred direction aligns to
m

ost com
m

on frontier density



Perform
ance Evaluation

Locality O
ptim

isation
(384 partitions)
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Tw
itter

Friendster
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•Partitioning im
proves m

em
ory locality

•Partitions are unit of parallelism
 to resolve data races



Conclusion
•

G
raph partitioning drives N

U
M

A-aw
areness; m

em
ory locality 

optim
isation

and conflict-free parallelisation
•

Three phases in edge-m
ap: sparse (CSR), m

edium
-dense (CSC), 

dense (CO
O

)
•

Significant perform
ance im

provem
ent over state-of-the-art for 

shared-m
em

ory graph analytic
•

Details:
•

Sun et al. “G
raphG

rind: Addressing Load Im
balance of G

raph Partitioning”, 
ICS’17

•
Sun et al. “Accelerating G

raph Analytics by U
tilising

the M
em

ory Locality of 
G

raph Partitioning”, To appear in ICPP’17
•

O
ngoing W

ork:
•

Com
pact graph representations and efficient graph ingress

…
 leveraging graph partitioning

w
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