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Why do we care?




spcl.inf.ethz.ch R
v owien ETHZzUrich

S,
Extreme-Scale Graphs Gahatibs ?;.".
'



spcl.inf.ethz.ch oo o
v oo ETH ZUrich

& W h
Y By

-

Why do we care?

Social networks



spcl.inf.ethz.ch oo o
v oo ETH ZUrich

s
Extreme-Scale Graphs Useful model g’;"' . Engineering networks

%
Why do we care?

Social networks




AP

Extreme-Scale Graphs Gihaibbes

Why do we care? ) WS

() OO A~ £ o or—omnto >

" 5 < N— ]
‘ R P o MG —O: -O——0 -0 @ ¢ ¢
5 ﬁ“}y [ o\ = %C ) e e .
. | () é’%& ol

/ ’
(&) D

V
4

(5.2) . -y

() = 0y s

gt o =0 S’
:.’,,N{"“i‘\?;“_i‘:’

® 2
( ﬁ) (y Networking

(4
8:&"‘
,“3

P—p
VK
Im‘ noctve
sronscrighon
v foctor A
of =P ﬁ
prosens
ofer > o
ockve \ I‘
Yorcrighon | >
Socror -7 ¢ ‘
DNA .-&
S A

spcl.inf.ethz.ch
L 4 @spcl_eth

ETH:zurich




AL | v ewien  ETHZzUrich

Useful model BXY3
Extreme-Scale Graphs Giihaitit: “3’;"'. Engineering networks
? g o %0 oD S e e
/GRS E L : * 4 Physics, chemistry o

e
(€ &
Biological networks L““ 1 &

o

Social networks

.......

st en

sy
widne”

cuicaod
progane-1.2.3- V.MNW

mosne ao



v eseen  ETHzUrich
Useful model J3
ST R ET ) Vseiul MOCE jpa LA Engineering networks

o < ey, AL e
Why do we care? ) P o oo & o
fae o0

(€
Biological networks {*:

Social networks




spcl.inf.ethz.ch oo o
v oo ETH ZUrich

Engineering networks
I e RIS

e S,

Biological networks %
Machine learning

/ ‘\\\ Vl
oxw/é&m

\\V 2\\7!"5 //
\ // \\\:lll \\\

A /”'I o
l"«“\"(“‘\
"A{\\\\'/N‘\«\\ // {\ /
—d '/A\V




AL | v ewien  ETHZzUrich

Extreme-Scale Graphs Useful model JRiz, # Engineering networks

...even philosophy © &es: sor e
hvsics. chemistrv

Why do we care? o o

Biological ne
Machine learning

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
database

The short story of a long refactoring process

o
o
/7 s a '
S \. /// '\Qt\vlfl;/.\\‘//ﬂ\

A Track: Graph Processing devroom
. A Room: AW1.126

@ Day: Saturday

» Start: 12:45
i mEnd: 13:35

//» & \«\\'/[i

,,[)A 4\\\». Q i 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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Practice of Extreme-Scale Graph Processing

Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Practice of Extreme-Scale Graph Processing

In-memory

Single-node Multi-node

Out-of-core

Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Practice of Extreme-Scale Graph Processing

In-memory

)( Memory limited

Galois Ligra

Single-node Multi-node

G-Store  Mosaic Chaos

Graphene

Out-of-core
Too slow

(> 20 mins per PageRank iteration on 1-trillion-edge graph)

Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Practice of Extreme-Scale Graph Processing
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Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist



spcl.inf.ethz.ch oo o
v oo ETH ZUrich

How large are extreme-scale graphs today?

By Cmglee, CC Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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How large are extreme-scale graphs today?
1=10°

By Cmglee, CC Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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How large are extreme-scale graphs today?

1=10°
10 =10*.

By Cmglee, CC Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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How large are extreme-scale graphs today?
1=10°

10 =10
100 = 103.

By Cmglee, CC Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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By Cmglee, CC Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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How large are extreme-scale graphs today?
1=10°

10 =10%.
100 = 102.
1000 =10°,

10 000 = 10~

By Cmglee, CC Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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How large are extreme-scale graphs today?

1=10°
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100 = 102.
1000 =10°,

10 000 = 10¢~
100 000 = 10°

1000000 = IDEl

By Cmglee, CC Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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How large are extreme-scale graphs today?

1=10°
I
1000 = 10°, 1 000 000 000 = 10° 1 billion!

10 000 = 10¢~
100 000 = 10°
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10 000 000 = 10’

100 000 000 = 10°

By Cmglee, CC Heng Lin .. ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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How large are extreme-scale graphs today?

1= 10:_ Largest Published Graph Computation
1%8 - %82; . Gordon Bell Finalist 2018
1% %8 = %gi:/ 1000000000 = 10 1 billion! ShenTu on Sunway TaihulLight
100 000 = 10°

1 000 000 = 10°

10 000 000 = 10’

100 000 000 = 10°

By Cmglee, CC Heng Lin .. ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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1= 10:_ Largest Published Graph Computation
1%8 - %82; . Gordon Bell Finalist 2018
1% %8 = %gi:/ 1000000000 = 10 1 billion! ShenTu on Sunway TaihulLight
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Sorou Ex

271 billion vertices
12 trillion edges
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By Cmglee, CC Heng Lin .. ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist



spcl.inf.ethz.ch oo o
v oo ETH ZUrich

How large are extreme-scale graphs today?
1=10° Largest Published Graph Computation

1%8 = %33 o Gordon Bell Finalist 2018
1000 = 10-. 1000000000 = 19 1 billion! ShenTu on Sunway TaihuLight

10 000 = 10¢~
100 000 = 10°

1 000 000 = 10°

10 000 000 = 10’

Sorou Ex

271 billion vertices
12 trillion edges

100 000 000 = 10°

mmm Kronecker infout degree
I Sogou out degree
Il Sogou in degree

106 N

i J\MA\ .

Vertex count
=
<

010° 10' 102 103 10* 105 106 107 108 10° 10%°
Degree

4.4 trillion vertices
70 trillion edges

By Cmglee, CC Heng Lin .. ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Sunway TaihuLight

Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Sunway TaihuLight

CPE Cluster, 64 cores
1 1 1 1 1 1

rack 1 rack 2 rack 40

1 —

Core Group 1 Core Group 2 -

CPE CPE

Cluster m m Cluster | T
=

\[o]& 7
Core Group 3 Core Group - -
m m LI I

CPE CPE \

Cluster Cluster
CPE with SPM Register Buses
(vertical & horizontal)

TaihuLight Top500 ranking: #3 (2018 Nov), #1 (2016, 2017)

Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Sunway TaihuLight

* 1/8 EFLOPS peak performance
* 1.3 PB main memory, with 5,591 TB/s bandwidth
* 70 TB/s network bisection bandwidth

Cluster m m Cluster |
\

\[o]&
Core Group 3 Core Group

L.l L L L1 L.l !
CPE CPE
Cluster Cluster )
CPE with SPM Register Buses
(vertical & horizontal)

TaihuLight Top500 ranking: #3 (2018 Nov), #1 (2016, 2017)

Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Sunway TaihuLight

1/8 EFLOPS peak performance
1.3 PB main memory, with 5,591 TB/s bandwidth i, 64 cores
70 TB/s network bisection bandwidth

Cluster

Cluster

£

\[o]&
Core Group 3 Core Group

MPE

CPE CPE
Cluster Cluster

TaihuLight Top500 ranking: #3 (2018 Nov), #1 (2016, 2017)

L. L L. L. L. L.L.1.

CPE with SPM Register Buses
(vertical & horizontal)

Handling of huge number of messages among 40,960 nodes
Complex workload to map to its heterogeneous processing units
Irregular data flow to be scheduled in regular accelerator cores

Heng Lin et al.: ShenTu: Processing Multi-Trillion Edge Graphs on Millions of Cores in Seconds, SC18, Gordon Bell Finalist
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Sunway TaihuLight

* 1/8 EFLOPS peak performance
* 1.3 PB main memory, with 5,591 TB/s bandwidth i oacores
70 TB/s network bisection bandwidth

* Reliable external data access, 288 GB/s 10 bandwidth

T2 * PageRank |terat|on on 12 tr|II|on edges in 8.5s (1.4 TPEPS)

* On 70 trillion edges, nearly 2 TPEPS for PageRank and WCC
e 774 GPEPS for BFS
(PEPS = processes edges per second as opposed to TEPS)

ee e . = (vertical & horizontal)
DRAM DRAM

TaihuLight Top500 ranking: #3 (2018 Nov), #1 (2016, 2017)

Handling of huge number of messages among 40,960 nodes
 Complex workload to map to its heterogeneous processing units
Irregular data flow to be scheduled in regular accelerator cores

Heng Lin et al.: ShenTu: Processing Multi-Trillion 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 Besta®, 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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M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT'18
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What is the lowest storage we can
(hope to) use to store a graph?

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT'18
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What is the lowest storage we can
(hope to) use to store a graph?

'
° The storage S 2
lower bound

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT'18
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>

What is the lowest storage we can
(hope to) use to store a graph?

'
° The storage S 2
lower bound
>

Which one? ©

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT'18
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>

What is the lowest storage we can
(hope to) use to store a graph?

'
° The storage S 2
lower bound

>

Which one? ©

Shannon’s approach
logarithmic
(one needs at least log|S|
bits to store an object
from an arbitrary set S)

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT'18
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° The storage
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(one needs at least log|S|
bits to store an object
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What is the lowest storage we can
(hope to) use to store a graph?

'
° The storage

lower bound Encode different parts of a graph

representation using (logarithmic)

22 storage lower bounds
Which one? © |

Shannon’s approach !
logarithmic
(one needs at least log|S|
bits to store an object

from an arbitrary set S)

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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What is the lowest storage we can
(hope to) use to store a graph?

\ VLV

° The storage ‘@ Key idea
lower bound = Encode different Parts of a.grap.h
Vertex representation using (logarithmic)
labels storage lower bounds

Which one? © E

Shannon’s approach

logarithmic
(one needs at least log|S|
bits to store an object
from an arbitrary set S)

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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What is the lowest storage we can
(hope to) use to store a graph?

° The storage @ Key idea
YerorE e . Encode different parts of a graph

Vertex representation using (logarithmic)
labels storage lower bounds

Which one? © E

Shannon’s approach

logarithmic

(one needs at least log|S| /
bits to store an object Edge

from an arbitrary set S) weights

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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What is the lowest storage we can
(hope to) use to store a graph?

° The storage @ Key idea
YerorE e . Encode different parts of a graph

Vertex representation using (logarithmic)
labels storage lower bounds

Which one? © E

\Adjacency arrays
(edges adjacent
to each vertex)

Shannon’s approach

logarithmic
(one needs at least log|S|
bits to store an object Edge
from an arbitrary set S) weights

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18



What is the lowest storage we can
(hope to) use to store a graph?

()

Which one? © E

'
° The storage

lower bound

~

Shannon’s approach

logarithmic
(one needs at least log|S|
bits to store an object
from an arbitrary set S)

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”,
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Encode different parts of a graph
Vertex representation using (logarithmic)
labels storage lower bounds

\Adjacency arrays
(edges adjacent
to each vertex)

N
Offsets (locations)

of adj. arrays

Edge
weights

PACT’ 18
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What is the lowest storage we can
(hope to) use to store a graph?

\ VLV

° The storage ‘@ Key idea
e ane g Encode different Parts of a.grap.h
Lo ( Vertex representation using (logarithmic)
8 labels storage lower bounds

Which one? © E

\Adjacency arrays
(edges adjacent
to each vertex)

Shannon’s approach
logarithmic

(one needs at least log|S|
bits to store an object Edge
from an arbitrary set S) weights

N
Offsets (locations)

of adj. arrays

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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What is the lowest storage we can
(hope to) use to store a graph?

° The storage @ Key idea
YerorE e . Encode different parts of a graph

Log (Vertex representation using (logarithmic)
labels storage lower bounds

Which one? © E

\Adjacency arrays
(edges adjacent
to each vertex)

'
Shannon’s approach °

logarithmic
(one needs at least log|S|
bits to store an object
from an arbitrary set S) Log ( weights ) o e

N
Offsets (locations)

of adj. arrays

Edge

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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What is the lowest storage we can
(hope to) use to store a graph?

\ VLV

° The storage ‘@ Key idea
e ane g Encode different Parts of a.grap.h
Lo ( Vertex representation using (logarithmic)
8 labels storage lower bounds

Which one? © E

\Adjacency arrays
Log ( (edges adjacent )

to each vertex)

'
Shannon’s approach °

logarithmic
(one needs at least log|S|
bits to store an object
from an arbitrary set S) Log ( weights ) o e

N
Offsets (locations)

of adj. arrays

Edge
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What is the lowest storage we can
(hope to) use to store a graph?

\ VLV

° The storage ‘@ Key idea
e ane g Encode different Parts of a.grap.h
Lo ( Vertex representation using (logarithmic)
8 labels storage lower bounds

Which one? © E

\Adjacency arrays
Log ( (edges adjacent )

to each vertex)

'
Shannon’s approach °

logarithmic
(one needs at least log|S|

bits to store an object Offsets (locations)
from an arbitrary set S) Log ( weights ) o e Log ( of adj. arrays )

N
Edge

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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Representation

Opmd 1|2
lpmd 0|3
2pmd 03
Spmd1(2]4
Apmd 3|5
B—

o\
Offsets

Adjacency arrays
(vertices adjacent
to each vertex)
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Representation

o—HA

H—HH
EB—HAN
d—HB8

o\
Offsets

Adjacency arrays
(vertices adjacent
to each vertex)

B—
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ADJACENCY ARRAY GRAPH REPRESENTATION

Representation

—HA
2pmd 03
Spmd1(2]4
Apmd 3|5

B—

Physical realization

o\
Offsets

Adjacency arrays
(vertices adjacent
to each vertex)
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ADJACENCY ARRAY GRAPH REPRESENTATION

Representation

o—HEA
ysical realization

E u Adjacency arrays (one

B—> / contiguous array)

o—B8 112 [[o]3][o]3 3 2] 4 5[5 ][+

o\
Offsets

Adjacency arrays
(vertices adjacent
to each vertex)
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ADJACENCY ARRAY GRAPH REPRESENTATION

Representation

o—HEA
ysical realization

E u Adjacency arrays (one

B—> / contiguous array)

o—B8 312 [[ol3]o]3][112 ]33]

L\
Offsets
Adjacency arrays ﬂnﬂﬂ

(vertices adjacent /

to each vertex) Offsets (another contiguous array)
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Representation

E— HEA

T
ysical realization

E—’ﬂ Adjacency arrays (one

| i
H—HHEO R
d— B8 (1

contlguous array)

II Iﬂ BE|

@)
go °
,..
1 2
_/

B—

o\
Offsets

Adjacency arrays ﬂ.nﬂﬂ
(vertices adjacent /

to each vertex) Offsets (another contiguous array)

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18



spcl.inf.ethz.ch oo o
v ovien  ETHzUrich

ADJACENCY ARRAY GRAPH REPRESENTATION

Representation

E— HEA

T
ysical realization

E—’ﬂ Adjacency arrays (one

| i
H—HHEO R
d— B8 (1

contlguous array)

|EII| IITIH 3]5]

@)
go °
,..
1 2
—

B—

o\
Offsets

Adjacency arrays n.ngm
(vertices adjacent /

to each vertex) Offsets (another contiguous array)
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ADJACENCY ARRAY GRAPH REPRESENTATION

Representation

—HE
E n - Adjacency arrays (one
B—> & / contiguous array)
—
B—HB (2]
_—

0]3 2|4

5D pE/nan/ae|
/ \ T_I S

Offsets

Adjacency arrays LOg (ﬂn_ﬂ/ﬂ )

(vertices adjacent /

to each vertex) Offsets (another contiguous array)

Physical realization
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Representation

—HE
E n - Adjacency arrays (one
B—> & / contiguous array)
—
0—HB o (DBIOE )
_—

B0 T_tidl §|

/

Offsets \
Adjacency arrays Log ( nn-ﬂ/n )
(vertices adjacent /

to each vertex) Offsets (another contiguous array)

Physical realization
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Symbols
Vertex Edge
0 Log ( labels )’ Log ( weights) N - Hvertices
m : #edges,
d, :degree of vertex v,
N,, : neighbors (adj. array) of

vertex v,
: maximum among N,

)
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Symbols
Vertex Edge
0 LOg ( labels )’ Log ( weights) .
n : #vertices,

m : #edges,
d, :degree of vertex v,
N,, : neighbors (adj. array) of

vertex v,

—

Ny, : maximum among N,

Lower bounds (global)
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Symbols
Vertex Edge
0 LOg ( labels )’ Log ( weights) N - Hvertices
m : #edges,
1 b ds (global) d, :degree of vertex v,
Shidrldlellalebfgiele N,, : neighbors (adj. array) of

[log n] vertex v,
: maximum among IV,

)
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Symbols
Vertex Edge
O Log (1), Log (2%, o
m : #edges,
d, :degree of vertex v,
This is it? °© N, :neighbors (adj. array) of

[log n] Not really © vertex v,
N, :maximum among N,

Lower bounds (global)
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Symbols
Vertex Edge
0 Log ( labels 77 LOg ( weights) .
n : #vertices,
m : #edges,
Lower bounds (global) dy : degree of vertex v,
This is it? N, :neighbors (adj. array) of
[log n] Not really © vertex v,

)

: maximum among N,

Lower bounds (local)
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Symbols
Vertex Edge
0 Log ( labels 77 LOg ( weights) .
n : #vertices,
m : #edges,
Lower bounds (global) dy : degree of vertex v,
This is it? N, :neighbors (adj. array) of
[log n] Not really © vertex v,

)

: maximum among N,

Lower bounds (local)

Assume:

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18



spcl.inf.ethz.ch oo o
v owien ETHZz(rich
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Vertex Edge
O Log (=), Log( =) o
m : #edges,
‘ d, :degree of vertex v,
This is it? N, :neighbors (adj. array) of

[log n| Not really © UE= T,
Ny, : maximum among N,

Lower bounds (global)

Lower bounds (local)

Assume:
-agraph,e.g., V =1{1,...,2%%}
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Vertex Edge
e Log ( labels 7”7 Log ( weights)

: #vertices,

n
m : #edges,
L b ds (global) dy :degree of vertex v,
SWET PORREE 181004 This is it? N,, :neighbors (adj. array) of
[log n] Not really © vertex v,

Ny, : maximum among N,

Lower bounds (local)

Assume:
-agraph,e.g., V =1{1,...,2%%}
- A vertex v with few neighbors: d,, <K n
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Symbols
Vertex Edge
c LOg ( labels 77 LOg ( weights) |
n : #vertices,
m : #edges,
Lower bounds (global) d, :degree of vertex v,
This is it? N, :neighbors (adj. array) of
[log n] Not really © vertex v,

)

: maximum among IV,

Lower bounds (local)

Assume:
-agraph,e.g., V =1{1,...,2%%}
- A vertex v with few neighbors: d,, <K n
- ...all these neighbors have small labels: N; Kn
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Symbols
Vertex Edge
c LOg ( labels 77 LOg ( weights) |
n : #vertices,
m : #edges,
Lower bounds (global) d, :degree of vertex v,
This is it? N, :neighbors (adj. array) of
[log n] Not really © __vertex v,

Lower bounds (local)

Assume:
-agraph,e.g., V =1{1,...,2%%}
- A vertex v with few neighbors: d,, <K n
- ...all these neighbors have small labels: N; Kn

v pmg2(34]s

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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Vertex Edge
o Log ( labels 7”7 Log ( weights)

Lower bounds (global) This is it?

[log n| Not really ©

Lower bounds (local)

Assume:
-agraph,e.g., V =1{1,...,2%%}
- A vertex v with few neighbors: d,, <K n
- ...all these neighbors have small labels: N; Kn

v pmg2(34]s

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18

n

m
dy

N,, : neighbors (adj. array) of

N

Symbols

: #vertices,
: #edges,
: degree of vertex v,

vertex v,
: maximum among IV,

[log 24%] = 22
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Symbols
Vertex Edge
o Log ( labels 7”7 Log ( weights)

n . #vertices,
m : #edges,
L b d ( lob |) d, :degree of vertex v,
SWET PORREE 181004 This is it? N,, :neighbors (adj. array) of
[logn] Not really © vertex v,

N, : maximum among N,

Lower bounds (local)

[log 224] = 22

Assume:

agraph, e, V = {1,..,2) I I

- A vertex v with few neighbors: d,, K n
- ...all these neighbors have small labels: N; <Kn 0...100 | 0...101

v pmg2(34]s
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Symbols
Vertex Edge
o Log ( labels 7”7 Log ( weights)

n . #vertices,
m : #edges,
L b d ( lob |) d, :degree of vertex v,
SWET PORREE 181004 This is it? N,, :neighbors (adj. array) of
[logn] Not really © vertex v,

N, : maximum among N,

Lower bounds (local)

[log 224] = 22

Assume:

agraph, e, V = {1,..,2) I I

- A vertex v with few neighbors: d,, K n
- ...all these neighbors have small labels: N; <Kn 100 0...101

v pmg2(34]s
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Vertex Edge
O Log (=), Log (2= ) o
m : #edges,
| dy :degree of vertex v,
Thisisit? ° N, :neighbors (adj. array) of

[log n| Not really © vertex v,
Ny, : maximum among N,

Lower bounds (global)

Lower bounds (local) [log 222] = 22
0g —

Assume:

agraph, e, V = {1,..,2) I I

- A vertex v with few neighbors: d,, K n
- ...all these neighbors have small labels: N; <Kn 100 0...101

19 zeros!

n_> Thus, use the local bound [108 Nﬂ
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Symbols
Vertex Edge
o Log ( labels 7”7 Log ( WEightS) n :#vertices
m : #edges,
dy, :degree of vertex v,

This is it?

Not really ©

Lower bounds (local): problem

-agraph,e.g., V =1{1,...,2%%}
- A vertex v with few neighbors: d,, <K n
- ...all these neighbors have small labels: N,, << n

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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Symbols
Vertex Edge
o Log ( labels 7”7 Log ( WEightS) n :#vertices
m : #edges,
dy, :degree of vertex v,

This is it?

Not really ©

Lower bounds (local): problem

What if:
-agraph,e.g., V =1{1,...,2%%}
- A vertex v with few neighbors: d,, <K n
- ...all these neighbors have small labels: N; Kn

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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Symbols
Vertex Edge
O Log (=), Log (2= ) o
m : #edges,
d, :degree of vertex v,
This is it? N,, : neighbors (adj. array) of

vertex v,
: maximum among IV,

Not really ©

)

Lower bounds (local): problem
What if:

agraph, e, V = {1,..,22) I I

- A vertex v with few neighbors: d,, K n
- ...all these neighbors have small labels: N; <Kn 0...100 | 0...101

- ...one neighbor has a large ID:
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Symbols
Vertex Edge

o LOg ( labels 7”7 LOg ( weights) n - Hvertices
m : #edges,
d, :degree of vertex v,
N,, : neighbors (adj. array) of
vertex v,
: maximum among IV,

This is it?

Not really ©

)

Lower bounds (local): problem
What if:

agraph, e, V = {1,..,22) I I

- A vertex v with few neighbors: d,, K n
- ...all these neighbors have small labels: N; <Kn 0...100 | 0...101

- ...one neighbor has a large ID:

— HEOEEY
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Vertex Edge
o LOg ( labels 7”7 LOg ( weights) n - Hvertices
m : #edges,
d, :degree of vertex v,
N,, : neighbors (adj. array) of
vertex v,
: maximum among IV,

This is it?

Not really ©

)

Lower bounds (local): problem
What if:

agraph, e, V = {1,..,22) I I

- A vertex v with few neighbors: d,, K n
- ...all these neighbors have small labels: N; <Kn 0...100 | 0...101

- ...one neighbor has a large ID:

— HEOEEY
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Vertex Edge
o LOg ( labels 7”7 LOg ( weights) n - Hvertices
m : #edges,
d, :degree of vertex v,
N,, : neighbors (adj. array) of
vertex v,
: maximum among IV,

This is it?

Not really ©

)

Lower bounds (local): problem
What if:

agraph, e, V = {1,..,22) I I

- A vertex v with few neighbors: d,, K n
- ...all these neighbors have small labels: N; <Kn 100 0...101

- ...one neighbor has a large ID:

— HEOEEY
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Bit vectors instead of offset arrays
|n|| Tl 4[] ]
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Q Log ( Offset structure)

Use a bit vector instead of an

array of offsets... '

Bit vectors instead of offset arrays

1[21[o]3]]o]3lf1]2]al[3]5]
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Q Log ( Offset structure)

Use a bit vector instead of an

array of offsets... '

Bit vectors instead of offset arrays

1[21[o]3]]o]3lf1]2]al[3]5]

i-th set bit has a position x =
the adjacency array of a vertex i
starts at a word x
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Use a bit vector instead of an

array of offsets... '

Bit vectors instead of offset arrays
Inl I I I How many 1s

are set before a
given i-th bit?

i-th set bit has a position x =
the adjacency array of a vertex i
starts at a word x
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[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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e Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1] '

Succinct bit vectors

[1] G. J. Jacobson. Succinct Static Data Structures. 1988

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18



spcl.inf.ethz.ch oo o
v owien ETHZz(rich

...Encode the resulting bit vectors as
succinct bit vectors [1] '

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound),
they answer various queries in o(Q) time.

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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Q Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1] '

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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e Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

101010100101000101010111110000001100001...

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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e Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

deiEN 101010100101000101010111110000001100001...

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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e Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

deiEN 10101010010120001010101111100000012j100001...

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

10gj{l loin logjgz
N N ~

deiEN 10101010010120001010101111100000012j100001...

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

log?n = t; loin logjgz
A N N\ N

deiEN 10101010010120001010101111100000012j100001...

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

log?n = t; loin logjgz
A N N\ N

'
AN 101010/10010{100010010101111/10000001{100001...

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

log?n = t; loin logjgz
A N N\ N

'
AN 101010/10010{100010010101111/10000001{100001...
\ ) e ) o0 e

1l
5logn

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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e Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

log?n =t log?n log? n
e > : N % N S N
SR 101/010{10010/100/010010101111/10000001100001...
\1\( 1\1Y ) \1Y }\1Y J \1Y 1\1Y )
Elogn Elogn Elogn 5108" Elogn Elogn

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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e Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

log?n =t log?n log? n
r = : N\ = Y4 % N
SR 101/010{10010/100/010010101111/10000001100001...
\1Y }\1Y ) \1Y }\1Y ) - \1Y AlY J
Elogn Elogn =t, Elogn Elogn Elogn Elogn

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

Compute & store
the number of 1s

2n =t ﬂzn\\ log?
loan 1 gj\ ogjkn

r N\ Y4 N

SR 101/010{10010/100/010010101111/10000001100001...
\1Y AlY ) \1Y AlY ) - \1Y AlY JJ o
Elogn Elogn =t, Elogn Elogn Elogn Elogn

[1] G. J. Jacobson. Succinct Static Data Structures. 1988
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e Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

Compute & store
the number of 1s

2n =t ﬂzn\\ log?
loan 1 gj\ ogjkn

4 N\ hYd N

AN 101010/10010{100010010101111/10000001{100001...
\ J\ ) \ J\ J \ \ J

Y Y Y Y
1 1l 11
n 2ogn 21 51081

[1] G. J. Jacobson. Succinct Static Data Structures. 1988 the number of 1s

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound),
they answer various queries in o(Q) time.

Compute & store n
=0|—1 0 =
< og n) (log n) o(n)

the number of 1s

log n=t; A n\ log n

4 N\ N

n bits 1001010101 0001j100001...
\ \ J) e \ \ y \ I\ )

[1] G. J. Jacobson. Succinct Static Data Structures. 1988 the number of 1s

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound),
they answer various queries in o(Q) time.

Compute & store n _
the number of 1s =0 <—logn> o (logn) = o(n)

log n=t A n\ log n

4 N\ N

n bits 10010101010001100001...
\ \ J) e \ \ ) \ I\ ) .

nloglogn
0, =0 =o(n)
[1] G. J. Jacobson. Succinct Static Data Structures. 1988 the number of 1s tZ log n

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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e Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound),
they answer various queries in o(Q) time.

Compute & store n
the number of 1s =0 <_10g n) o <log n)

log n=t A n\ log n

4 N\ N

1001010101 0001/100001...
\ A\ ) \ I\ ) \ n J o

nloglogn
0( )= 0( =o(m)
[1] G. J. Jacobson. Succinct Static Data Structures. 1988 the number of 1s 2 log n

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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Q Log ( Offset structure ) ...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound),
they answer various queries in o(Q) time.

Total storage:

n+o(m)+om) + -

)=o) Gote 27 — 0/ Lrogn) = 0 ()

L) 101f010[10010[100010[101011111/10000001/100001...
L N 5 o N ) Y/ WY

Y Y Y
1 1 1 1
7085 lagn = “Og"\z\"g\ /51" 7logn
Compute & store  _ Elogt —0 nloglogn =-
t ! logn

[1] G. J. Jacobson. Succinct Static Data Structures. 1988 the number of 1s

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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...Encode the resulting bit vectors as
succinct bit vectors [1]

Succinct bit vectors They use [Q] + o(Q) bits ([Q] - lower bound), =375 =S
they answer various queries in o(Q) time. (hopefully) ¢

n n
alogn) _0 (logn) — o)

Total storage:
n+o(m)+om) + -
. (

Compute & store
=n-+o(n
! ( ) the number of 1s

s

We will show that they are

] 10101011 jn practice both small and fast! 14100001
i\ J\ )

llog 1 =t —logn og ',

2 2 2 - 2
Compute & store  _ Elogt —0 nloglogn =-
the number of 1s ! logn

[1] G. J. Jacobson. Succinct Static Data Structures. 1988

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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Log ( SUETUTE Use different relabelings
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Adjacency
Log ( ST Use different relabelings

Degree-Minimizing: Targeting general graphs
(no assumptions on graph structure)
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Adjacency
Log ( ST Use different relabelings

Degree-Minimizing: Targeting general graphs
(no assumptions on graph structure)

More schemes
that assume specific
classes of graphs
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Adjacency
Log ( ST Use different relabelings

Degree-Minimizing: Targeting general graphs
(no assumptions on graph structure)

vermute( EIEICIEIEYE - FICIEIEIEY
\ (simultaneously for all More schemes
other neighborhoods) that assume specific

classes of graphs
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Adjacency
Log ( ST Use different relabelings

Degree-Minimizing: Targeting general graphs
(no assumptions on graph structure)

rermute FIEIEIEIER) - FICYEIFIED

\ (simultaneously for all
other neighborhoods)

More schemes
(1) The more often a label occurs that assume specific

(i.e., the higher vertex degree), the classes of graphs
smaller permuted value it receives
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Adjacency
Log ( ST Use different relabelings

Degree-Minimizing: Targeting general graphs
(no assumptions on graph structure)

rermute FIEIEIEIER) - FICYEIFIED

\ (simultaneously for all
other neighborhoods)

More schemes
(1) The more often a label occurs that assume specific

(i.e., the higher vertex degree), the classes of graphs
smaller permuted value it receives

Gap-encode( [ EEIRAEA ) -

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18



spcl.inf.ethz.ch oo o
v ovien  ETHzUrich

Adjacency
Log ( ST Use different relabelings

Degree-Minimizing: Targeting general graphs
(no assumptions on graph structure)

rermute FIEIEIEIER) - FICYEIFIED

\ (simultaneously for all
other neighborhoods)

More schemes
(1) The more often a label occurs that assume specific

(i.e., the higher vertex degree), the classes of graphs
smaller permuted value it receives

Gap-encode( [ EEIRAEA ) -

(2) Encode new labels with gap encoding
(differences between consecutive labels
instead of full labels)

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT’18
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

Graph GG (§2)
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

2

)

=9 | ogarithmize vertex IDs... (§3.2) :

Remove leading bits
Example ID (simple bit packing)

N /
Log(H) = Log([0:2010,) = 010,

) on DM (§3.2.3)

N iﬂ’erence
systems . encoding
(§3.7)
PR | ogarithmize other elements
(§3.3 - §3.4)

16
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

2 3

P¥3 | ogarithmize vertex IDs... (§3.2) €4 3.1(84.2)

LVl | (§3.1) Understand  storage  lower
Example ID (simple bit packing)

\ y; W
Log(H) = Log([@M010,) = 010, sucé?nc;;peosrsate (§84.3)
Log(OEHA--@)
vl
Use OPT+0(OPT) space

s\ 3.3
d...on DM (§3.2.3) LN theory (54.4)

systems . e 3.4 (54.5) performance img
(§3.7) -

Graph GG (§2)

(§3.6) Use Integer Linear Programming

PR | ogarithmize other elements
(§3.3 - §3.4)

16
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

2 3 4

) | ogarithmize vertex IDs... (§3.2) €4 3.1(84.2) 4.1(85.1) haucd Ut - 357 ]

leading bi (§3.1) Understand storage lower bounds with + 2
Example ID Bonose lemding it g P+T (85.2)

N yd 7"
. . = Incorporate (§4.3) : (§5.3)
pl) = = Incorporate
Log( .) LOQ(-0102) 010, succinctness recurgiv

Log(OEHE @) bisectioning
vl e Ca
Use OPT+0(OPT) space Log(A 5 6 ]

Graph GG (§2)

. difference W _ _ ) (55.3.2)
systems . encoding (§4.5) performance implementation ...use BRB

(§3.6) Use Integer Linear Programming (ILP) A7

. . This part is covered
Logarithmize other elements Use ILP in the extended technical

(§3 3 - §3 4} report version of the paper

) on DM (§3.2.3) 4.81(s6) [4.1]GERY

16
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

-1 (34.£)

(§3 1) L lerstand storage lower

Remove leading bits
[5|mple bit packing)

Incorporate (§4.3)
succinctness

Log(ONA--X)
N A 2
Use OPT+0(OPT) space

C- .53 theory (§4.4)
&
difference

...on DM (§3.2.3)
encoding
(§3.7) 2.8

systems .
(§3.6)

8 Logarithmize other elements )=
(§3.3 - §3.4)

M. Besta et al.: “Log(Graph): A Near-Optimal High-Performance Graph Representation”, PACT'18

3.4 (§4.5) performance im ;| ementation

I e Integer Linear Programmir ; (ILP)

4.11(8§5.1)
bounds

Incorporate (85.3)
recursive
bisectioning

Log(.A BER3-EX )

4.81(56) [4.4[CERY)

a5 (§5.3.2)
...use BRB

4.7
-]‘l

This part is covered
in the extended technical
report version of the paper

Use ILP

16
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

Looks complex ©
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

Looks complex ©

We analyzed / implemented (in total):
6 schemes for compressing fine elements,
10+ schemes for compressing offset structures,
4+ schemes for compressing adjacency structures
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

'
*... they all can be arbitrarily

combined.

Looks complex ©

We analyzed / implemented (in total):
6 schemes for compressing fine elements,

10+ schemes for compressing offset structures,
4+ schemes for compressing adjacency structures
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN

How to ensure fast, manageable,
and extensible implementation
of all these schemes?

'
*... they all can be arbitrarily

combined.

Looks complex ©

We analyzed / implemented (in total):
6 schemes for compressing fine elements,

10+ schemes for compressing offset structures,
4+ schemes for compressing adjacency structures

16
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OVERVIEW OF FuLL LOG(GRAPH) DESIGN '

We use C++ templates to develop

7 a library that facilitates implementation,

How to ensure fast, manageable, benchmarking, analysis, and extending
and extensible implementation the discussed schemes

of all these schemes?

'
*... they all can be arbitrarily

Looks complex ©

combined.

We analyzed / implemented (in total):
6 schemes for compressing fine elements,

10+ schemes for compressing offset structures,
4+ schemes for compressing adjacency structures

16
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0 Log ("), Log ( 58 ) storage, Performance

labels weights

Kronecker graphs
Number of vertices: 4M
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0 Log (VerteX) Log ( Edge ) Storage, Performance >>°P
labels 77 weights
2.5 -
Kronecker graphs
2.01 1 Scheme: Number of vertices: 4M
_ GAPBS
9, 15 Log(Graph)

1.0
L
Ml &

%b‘g {?.-%9 26%9 6\%9

Time

N\l
Number of edges per vertex
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0 Vertex Edge >55P
Storage, Performance
Log ( labels )’ Log ( weigh ts) s&
2.5 -
Kronecker graphs
2.01 | Scheme: Number of vertices: 4M
. GAPBS
9, 15 Log(Graph)
£
F: 10'
mh
ol I
Q \ N N N Log(Graph) consistently
ok ,\Q__% rsz% c_)’\(z' ,\{ﬁ-b‘

reduces storage overhead
Number of edges per vertex (by 20-35%)
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0 Vertex Edge >55P
og og Storage, Performance
L ( labels )’ L ( weights ) E

2.5 1 Log(Graph)
Kronecker graphs
2.041 | Scheme: accelerates GAPBS Number of vertices: 4M
. GAPBS
9, 15 Log(Graph)
£
F: 10'
“m
o) I
Log(Graph) consistentl
O 3° #° ga® @ g(Graph) y

reduces storage overhead
Number of edges per vertex (by 20-35%)
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0 Vertex Edge >55P
og og Storage, Performance
L ( labels )’ L ( weights ) E

2.5 1 Log(Graph)
Kronecker graphs

2.041 | Scheme: accelerates GAPBS Number of vertices: 4M
_ GAPBS
9, 15 Log(Graph)
@
E 1.0 Both storage and performance

- are improved simultaneously

mle

Log(Graph) consistentl
O 3° #° ga® @ g(Graph) y

reduces storage overhead
Number of edges per vertex (by 20-35%)
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Log(Graph): A Near-Optimal

High-Performance Graph Representation

Maciej Besta®, 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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Problems!

To Push or To Pull: On Reducing Communication and
Synchronization in Graph Computations

Maciej Besta!, Michat Podstawski? 3, Linus Groner?!, Edgar Solomonik?, Torsten Hoefler!

1 Department of Computer Science, ETH Zurich; 2 Perform Group Katowice,; 3 Katowice Institute of Information Technologies;
4 Department of Computer Science, University of Illinois at Urbana-Champaign
maciej.besta@inf.ethz.ch, michal.podstawski@performgroup.com, gronerl@student.ethz.ch, solomon2@illinois.edu, htor@inf.ethz.ch

ABSTRACT can either push v’s rank to update v’s neighbors, or it can pull the

We reduce the cost of communication and synchronization in graph ranks of v’s neighbors to upda'te v [52]. Despite many dﬂf.er ences
processing by analyzing the fastest way to process graphs: pushing betvireen PB and BFS (e.g., PII{ is not a traversal), PR can similarly
the updates to a shared state or pulling the updates to a private be viewed in the push-pull dichotomy.

S T Thic notion enarke variane anectione Can nuichineg and nnilling
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OTHER ALGORITHMS & FORMULATIONS

1 /= Input: a graph G. Output: centrality scores bc[1..n). =/

2
BFS 3 function BC(G) { bel1..n] = [0..0

for s € V do [in par] {

o hredtcmssccrtigy PART 1: INITIALIZATION ]
> pred(tlssucc[t]=@; o[t)s0; dist[t)moc;) SRR 1: OWTIALIZATION

olslmenqueuvedsl; dist[s]=itr=0; 4(1..n)=[0..0]
QO)={s}; Q_1[1. pl-prea 101..plssucc_1[1..pIs[@..0];
€ enqueued
-=itr
while itr > 0 do

accumulate_dependencies (); i aheiaiaiasate s

]

A-Stepping BEREs BC (algebraic notation)

1 /* Input: a graph G. Output: centrality scores bc[1..n

l /x Input: a graph G, a vertex r, the A parameter.
OQutput: An array of distances d */

Triangle Counting

function BC(G) { bec(1..n] = [0..0]
Define IT so that any II 3 u = (indexy, pred,,, multy, part,);
Define u &pred v with u, v €Il so that u becomes
u = (indexy, pred, U indexy, mult, +multy, part,);
Define u &part v with u,v €Il so that u becomes
u = (indexy, pred,,, multy, part, + (mult, /multy)(1+ party,));

G
4 function A-Stepping(G, r, A){ s
beckt=[c0..00]; d=[o0..00]; active=[false..false];

bckt_set={@}; bckt[rl=0; d[rl=0; activelrl=true; itr=0;

5 function count_shortest_paths() { enqueued = @;

(#if defined PUSHING_IN_PART_2
for v € QLitr] do in par {
¢ for w € N(v) do [in par] {
if dist[w] == oo {
Q_1[itr + 1] = Q_1[itr + 1] U {w} B
dist[w] = dist[v] + 1 ° ; *+*enqueued;)

* tc[1.

.n] that each vertex belongs td

for b € bckt_set do { //For every bucket do...
do {bckt_empty = false; //Process b until it is empty.
process_buckets();} while(!bckt_empty); } }

function TC(G) {tc[1..
for v €V do in par
for wy; € N(v) do [in par]

n] = [0..0]

for s€V do [in par]

. ready = [1,...,1]; ready[s] = o; if di di N
fOf wp E_N(v) do [in par] function process_buckets() { R = BFS(G, ready [(1,0,0,0)..(s, 0,1,0)..(n, 0,00 Sml ) 3[."] ;red_l[(w] = pred_1[w] U {v};
if adj(wp,wz) @ update_tc(); 3(" for v € bckt_set[b] do in par PUSHING Define graph G’ =(V, E’) where (u,v) € E’

if(bckt[v]==b && (itr == @ or active[v])) {
active[v] = false; //Now, expand v's neighbors.
for w e N(v) {weight = d[v] + Wy w);
if(weight < d{wl) { @ //Proceed to relax w.
new_b = weight/A; bckt[v] = new_b;
bckt_set[new_b] = bckt set[new_b] U {w};}
d[w] = weight; @
if (bckt[wl==b)@ (actwe[w] true;
( for v €V do in par
if(d[v] > b) {for we N(v) do {
if(bckt[w] == b && (active[w] d
weight = dlwl + W, ) @
if(weight < d[v]) {d[v]=weight
if(bckt[v] > new_b) {

tcl1..n] = [tcl11/2 .. tclnl/2]; }
function update_tc() {
( {++tc[wy]; /* or ++tcl[wp]. */}

Let ready[u) be the in-degree of ueV IN_PART_2 PULLING (IN PART 2)
R = BFS(G’,ready,R,<part); o

. i [in par] {
for (index,, pred,, mult,,part,) € R do [in

bclul += part,; }

/ Input: a graph G. Output: An array of vertex colors c[1..n].
// In the code, the details of functions seq_color_partition and
// init are omitted due to space constrains.

( {++tc[v];}

function Boman-GC(G) {
done = false; c[1..n] = [0..0]; //No vertex is colored yet
//avail[i][j]=1 means that color j can be used for vertex i.
avail[l.. #1061 = BV 361 AT; diniteB,.P)i
while (!done) {

for P € 22 do in par {seq_color_partition(P);}

fix_conflicts(); } }

my_Flprpl = my_Flpipl U {v}; 2

g 1 function MST_Boruvka(G) {
2 sv_flag=[1..v]; sv=[{1}..{v}]; MST=[0..0];
avail_svs={1..n}; max_e_wgt=maxXy weV(Wo,w)+1);

1 /% Input: a graph G, a number of steps L, the damp parameter f
2 Output: An array of ranks pr[i1..n] */
3
4 function PR(G,L,f) {
pri1..v]1 = [f..f1; //Initialize PR values.
for(l=1; I <L; ++I) {
new_pr[1..n] = [0..0];
for v €V do in par {
update_pr(); new_pr[v] += (1-f)/n; prlv] = new_prlol;
3}

while avail_svs.size() > @ do {avail_svs_new = 0;
for flag € avail_svs do in par {min_e_wgt[flag] = max_e_wgt;}
for flag € avail_svs do in par {

for v € sv[flag] do {

for w e N(v) do [in par] {

if (sv_flaglw] # flag) A =
(Ww,w) < min_e_wgtlsv_flaglwll) Q¢
min_e_wgt[sv_flag[w]l] = 'W(U“,,) OB
min_e_v[sv_flaglwl]l = w; min_e_wlsv_flaglwll = v  H:
new_flaglsv_flaglwl] = flag @ H: }
if (sv_flag[w] # flag) A ('M/(v_w) < min_e_wgt[flag]l)
min_e_wgt[flagl = Wy, \w); min_e_vlflagl = v;
min_e_w([flag] = w; new_flag[flag] = sv_flagl[w];
¥ ¥ 3
while flag = merge_order.pop() do {
neigh_flag = sv_flag[min_e_w[flagl];
for v € sv[flag) do sv_flag(flag] = sv_flaglneigh_flag]l;
svlneigh_flag] = sv[flag] U svlneigh_flag];
MST[neigh_flag] = MST[flag] U MST[neigh_flag]
U { (min_e_v[flagl, min_e_w([flagl) };

function fix_conflicts() {
for v € B in par do {for u € N(v) do
if (cful] == clv]) {

{availlullclol] = 0 Q H:?
{availlollclvl] = 0 @ H:} [PULLING )

function update_pr() {
for u € N(v) do [in par] {

4 {new_prfu] += (f-priod)/d(v) Q H:? (PUSHING )
6 {new_prlo] += (f-priul)/d(u) @;2

WM = OO~

$0

M. Besta et al.: “To Push or To Pull: On Reducing Communication and Synchronization in Graph Computations”, HPDC’17
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1 /= Input: a graph G. Output: centrality scores bc[1..n). =/
2

BFS -S function BC(G) { bel1..n] = [0..0]

for s € V do [in par] {

5 e { PART 1: INITIALIZATION )
- predtlmsucclt]sd; o[t]s0; dist[tlmoc;) ikt

olslmenqueuvedsl; dist[s]=itr=0; 4(1..n)=[0..0]
QLOl={s}; Q_1[1..plspred_1[1..plesucc_1[1..pl=[P..0);

o e st
10 count_shortest_paths(); PART 2: COUNTING SHORTEST PATHS

11( -=itr
while itr > 0 do
accumulate_dependencies(); (GuEatallI e tdVINITFY e

A-Stepping BEREs BC (algebraic notation)

1 /* Input: a graph G. Output: centrality scores bc[1..nJ.

l /x Input: a graph G, a vertex r, the A parameter.
OQutput: An array of distances d */

Triangle Counting

function BC(G) { bec(1..n] = [0..0]
Define IT so that any II 3 u = (indexy, pred,,, multy, part,);
Define u &pred v with u, v €Il so that u becomes
u = (indexy, pred, U indexy, mult, +multy, part,);
Define u &part v with u,v €Il so that u becomes
u = (indexy, pred,,, multy, part, + (mult, /multy)(1+ party,));

G
4 function A-Stepping(G, r, A){ s
beckt=[c0..00]; d=[c0..™]; active=[false..false];

bckt_set={@}; bckt[rl=0; d[rl=0; activelrl=true; itr=0;

5 function count_shortest_paths() { enqueued = @;

(#if defined PUSHING_IN_PART_2 =

for v € QLitr] do in par {
¢ for w € N(v) do [in par] {

if dist[w] == oo {
7 : Q.1[itr + 1] = Q_1[itr + 1] U {w}
for se\_do Lin pa-r] { _ dist[w] = dist(v] + 1 Q W "enquEaed;)
v ready = [I,...,1]; ready(s] = o; if dist[w] == dist{v] + 1 {

function process_buckEts.() { R = BFS(G,ready,[(1,0,0,0)..(s, 0,1,0)..(n, 0,00 ocad) 1. JQB: pred_1[w] = pred_1[w] U {v};
3(" for v € bekt_set[b] do in par PUSHING Define graph G’ =(V, E’) where (u,v) € E’

if(bckt[v]==b && (itr == @ or active[u]))_ { Let ready[u] be the in-degree of uevV IN_PART_2
active[v] = false; //Now, expand v's neighbors. R = BFS(G’,ready,R Spart); hr {
; R, H [in par] {

for weN(v) {weight = dlv] + W, w); for (index,, pred,, mult,, part,) € R do [in
if(weight < d[w]) { e //Proceed to relax w. belul += party; )}
new_b = weight/A; bckt[v] = new_b; -5
bckt_set[new_b] = bckt_set[new_b] U {w};}
dlw] = weight; @ H;
if (bckt[w]==b)@ {active[wl=true;
( for v €V do in par
if(d[v] > b) {for we N(v) do {
if(bckt[w] == b && (active[w] ¢
weight = dlwl + Wy, ») @;
if(weight < d[v]) {d[v]=weight
if(bckt[v] > new_b) {

* tc[1..n] that each vertex belongs t(

for b € bckt_set do { //For every bucket do...
do {bckt_empty = false; //Process b until it is empty.
process_buckets();} while(!bckt_empty); } }

function TC(G) {tc[1..n] = [0..0]
for v €V do in par
for wy; € N(v) do [in par]
for wp € N(v) do [in par]
if adj(wi,w2) @ update_tc();
tcl1..n] = [tcl11/2 .. tclnl/2]; }
function update_tc() {
( {++tc[wy]; /* or ++tc[wgl. %/}

/7 Input: a graph G. Output: An array of vertex colors c[1..n].
// In the code, the details of functions seq_color_partition and
// init are omitted due to space constrains.

( {++tc[v];}

function Boman-GC(G) {
done = false; c[1..n] = [0..0]; //No vertex is colored yet
//avail[i][j]=1 means that color j can be used for vertex i.
avail[l.. #1061 = BV 361 AT; diniteB,.P)i
while (!done) {

for P € 22 do in par {seq_color_partition(P);}

fix_conflicts(); } }

ny_Flpipl = my_Flprpl U {v}; }

PageRank

function MST_Boruvka(G) {
sv_flag=[1..v]; sv=[{1}..{v}]; MST=[0..0];
avail_svs={1..n}; max_e_wgt=maxXy weV(Wo,w)+1);

1 /% Input: a graph G, a number of steps L, the damp parameter f
2 Output: An array of ranks pr[i1..n] */
3
4 function PR(G,L,f)
pri..ovl = [f..f
for(l=1; I <L;
new_pr[1..n] =
for v €V do i
update_pr();
3}

while avail_svs.size() > @ do {avail_svs_new = 0;
for flag € avail_svs do in par {min_e_wgt[flag] = max_e_wgt;}

function fix_conflicts() {
for v € B in par do {for u € N(v) do
if (cful] == clv]) {

{availlullclol] = 0 Q H:?
{availlollclvl] = 0 @ H:} [PULLING )

lag) A :
wgtlsv_flaglwll) @ (

wl] = 'w(v,w) ° i B
11 = w; min_e_wlsv_flaglwll = v  H:

function update_pr
for u € N(v) do [
{new_prlul] += : PUSHING

(v.w)i min_e_v[flag] = v;
; new_flag[flag] = sv_flag[w];

WM = OO~

while flag = merge_order.pop() do {
neigh_flag = sv_flag[min_e_w[flagl];
for v € sv[flag) do sv_flag(flag] = sv_flaglneigh_flag]l;
svlneigh_flag] = sv[flag] U svlneigh_flag];
MST[neigh_flag] = MST[flag] U MST[neigh_flag]

U { (min_e_v[flagl, min_e_w([flagl) };

{new_prlo] += (f-prlul)/d(u) @:;2

$0

M. Besta et al.: “To Push or To Pull: On Reducing Communication and Synchronization in Graph Computations”, HPDC’17
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match: pull
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Otherwise: push
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Accelerating Irregular Computations with Hardware
Transactional Memory and Active Messages

Maciej Besta Torsten Hoefler
Department of Computer Science Department of Computer Science
ETH Zurich inh

To Push or To High-Performance Distributed RMA Locks
Synch
Maciei Besta! Michat Patrick Schmid* Maciej Besta* Torsten Hoefler
aciej besta, iiicha Department of Computer Department of Computer Department of Computer
! Department of Computer Sciencg Science Science Science
4 Departm ~ ETH Zurich ETH Zurich ETH Zurich
maciej.besta@inf.ethz.ch, michal patrick.schmid@ieffects.com bestam@inf.ethz.ch htor@inf.ethz.ch
ABSTRACT
We reduce the cost of communication ang
processing by analyzing the fastest wayf ABSTRACT cesses competing for the same lock. Assume that two of
the updates to a shared state or pulling We propose a topology-aware distributed Reader-Writer lock ~ them (A and B) run on one socket and the remaining two (C
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SlimSell: A Vectorizable Graph Representation for Breadth-First Search

Maciej Besta* and Florian Marending* Edgar Solomonik Torsten Hoefler
Department of Computer Science Department of Computer Science Department of Computer Science
ETH Zurich University of Illinois Urbana-Champaign ETH Zurich
{maciej.besta@inf, floriama @ student}.ethz.ch solomon2 @illinois.edu htor@inf.ethz.ch

Abstract—Vectorization and GPUs will profoundly change
graph processing. Traditional graph algorithms tuned for
32- or 64-bit based memory accesses will be inefficient on
architectures with 512-bit wide (or larger) instruction units
that are already present in the Intel Knights Landing (KNL)

e . B T e g vy DT T A pmdr 4 UL D% srrm wvmerrims v ivan 1 O ATV

a dense vector (SpMV) or a sparse matrix and a sparse
vector (SpMSpV). BES based on SpMV (BFS-SpMV) uses
no explicit locking or atomics and has a succinct description
as well as good locality [13]. Yet, it needs more work than
traclitional RFS and REFS haced on SH1MSAV 701
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Deployed in various hardware
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ALU
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ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

ALU

Becoming more popular

Offers a lot of ,regular” compute power

Regular

AVX

C = 16 (SIMD width)

(- ,,Chunk” size: SIMD width (CPUs, KNLs), warp size (GPUs)

*C = 32
(warp size)

C = 8 (SIMD width)
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= BFSis based on primitives such as queues

Distances from
the root
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3) F={0,3}
4) F={1,4}
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Non-zeros are stored in
the val array size: 2m cells

Non-zeros /
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GRAPH REPRESENTATIONS
COMPRESSED SPARSE Row (CSR)

VECTORIZATION

= Deployed in various hardware
* Becoming more popular
» Offers a lot of

Adjacency matrix

Non-zeros are stored in

the val array size: 2m cells

Column indices stored
in the col array size: 2m cells

Row indices are stored
in the row array size: n cells

Non-zeros /
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SELL-C-SIGMA + SEMIRINGS + (...) = SLIMSELL
FORMULATIONS
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Sell-C-sigma: val array

(X' 0p1,0p2, ellﬂ elZ)
(R U {0}, min, +, ©, 0)

SELL-C-SIGMA + SEMIRINGS + (...) = SLIMSELL
FORMULATIONS

(R, +,,0,1)

{0,1},],&,0,1)
(R, max,:, —,1)

36
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Sell-C-sigma: val array
(X' 0p1, 0P2, elli elZ)
(R U {o0}, min, +, 0, 0)

SELL-C-SIGMA + SEMIRINGS + (...) = SLIMSELL

FORMULATIONS + ®+,00)
e ({0,1},],&,0,1)
Sell-4-1 (no sorting) Sell-4-12 (full sorting) (R'max'.'_oo' 1)
12 // Compute x3. (versions differ based on the used semiring):
13|#ifdef USE_TROPICAL_SEMIRING TROPICAL SEMIRING
14 x = MIN(ADD(rhs, wals), x);

15|#elif defined USE_BOOLEAN_SEMIRING
16 x = OR{AND(rhs, vals), x);
17|#elif defined USE_SELMAX_SEMIRING
18[ x = MAX(MUL(rhs, wvals), x);
19 #endif

index += ('

BOOLEAN SEMIRING I
SEL-MAX SEMIRING ]

}

20

21

22 // Now, derive fr. (versions differ based on the used semiring):
23 |#ifdef USE_TROPICAL_SEMIRING

24 STORE(& . [i*C1, x); // Just a store. P
25(#elif defined USE_BOOLEAN_SEMIRING
26
27
28
29

BOOLEAN SEMIRING

// First, derive fi using filtering.
V g = LOAD(&gy_1[i*C]); // Load the filter g _q.
x = CMP(AND(x, g), [@,0,...8], NEQ); STORE(&x[i*C], x);

30 // Second, update distances d; depth is the iteration number.

31 V x_mask = x; x = MUL(x, [depth,...,depth]);
32| x = BLEND(LOAD (&d[i*C']), x, x_mask); STORE(&d[i*C'], x);
i3

34 // Third, update the filtering term.

35| g = AND(NOT(x_mask), g); STORE(&gr[i*C], g);
36|#elif defined USE_SELMAX_SEMIRING:

37 // Update parents. SEL-MAX SEMIRING
38 V pars = LOAD(&pg_1[i*C']); // Load the required part of pp_1
390 V pnz = CMP(pars, [@,0,...,08], NEQ);

40 pars = BLEND([®,@,...,8], pars, pnz); STORE(&pp[i*C]1, pars);

421 // Set new x; vector.

43| V tmpnz = CMP(x, [@,@,...,8], NEQ);

44 x = BLEND(x, &v[i*C'], tmpnz); STORE(&zp [i*C], x);
45 |#endif

M. Besta et al.: “SlimSell: A Vectorized Graph Representation for Breadth-First Search”, IPDPS’17
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Sell-C-sigma: val array
(X' 0p1, 0P2, ellr elz)
(R U {0}, min, +, ©, 0)

SELL-C-SIGMA + SEMIRINGS + (...) = SLIMSELL

FORMULATIONS + ®+,00)
R e ({0,1},],&,0,1)
Sell-4-1 (no sorting) Sell-4-12 (full sorting) (R'max'.'_oo' 1)
12 // Compute x3. (versions differ based on the used semiring):
13|#ifdef USE_TROPICAL_SEMIRING TROPICAL SEMIRING
14 x = MIN(ADD(rhs, wvals), x);

15|#elif defined USE_BOOLEAN_SEMIRING
16 x = OR{AND(rhs, vals), x);
l?lielif defined USE_SELMAX_SEMIRING

BOOLEAN SEMIRING I
SEL-MAX SEMIRING ]

18 x = MAX(MUL(rhs, wvals), x);

19 #endif

20 index += ('

21 3

22 // Now, derive fr. (versions differ based on the used semiring):

23|#ifdef USE_TROPICAL_SEMIRING

24 STORE(&fr[i*C], x); // Just a store.
25{#elif defined USE_BOOLEAN_SEMIRING

26 // First, derive fi using filtering.
27 V g = LOAD(&gp_1[i*C]); // Load the filter gp_q.

28] x = CMP(AND(x, g), [@,0,...0], NEQ); STORE(&x [i*C], x);

TROPICAL SEMIRING

BOOLEAN SEMIRING

A

29

30 // Second, update distances d; depth is the iteration number.

31 V x_mask = x; x = MUL(x, [depth,...,depth]);

32 x = BLEND(LOAD (&d[i*C1), x, x_mask); STORE(&d[i*C1], x);

33

34 // Third, update the filtering term. '

35(__g = AND(NOT(x_mask), g); STORE(&gi[i*C1, g); :
36(#elif defined USE_SELMAX_SEMIRING: ® Detailed

31 /7 update parents. .

38| V pars = LOAD(&pp_1[i*C1]); // Load the required part of pjp_1 formulations are
390 V pnz = CMP(pars, [@®,0,...,8], NEQ); .

40| pars = BLEND([®@,@,...,0], pars, pnz); STORE(&p,[i*C], pars); in the paper @
41

421 // Set new x; vector.

43| V tmpnz = CMP(x, [@,0,...,0], NEQ);

44 x = BLEND(x, &v[i*C'], tmpnz); STORE(&zp [i*C], x);

45 |#endif

M. Besta et al.: “SlimSell: A Vectorized Graph Representation for Breadth-First Search”, IPDPS’17
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Sell-C-sigma: val array
(X' 0p1, 0P2, ellr elz)
(R U {0}, min, +, ©, 0)

SELL-C-SIGMA + SEMIRINGS + (...) = SLIMSELL

FORMULATIONS + ®+,00)
R e ({0,1},],&,0,1)
Sell-4-1 (no sorting) Sell-4-12 (full sorting) (R'max'.'_oo' 1)
12 // Compute x3. (versions differ based on the used semiring):
13|#ifdef USE_TROPICAL_SEMIRING TROPICAL SEMIRING
14 x = MIN(ADD(rhs, wvals), x);

15|#elif defined USE_BOOLEAN_SEMIRING
16 x = OR{AND(rhs, vals), x);
l?lielif defined USE_SELMAX_SEMIRING

BOOLEAN SEMIRING I
SEL-MAX SEMIRING ]

18 x = MAX(MUL(rhs, wvals), x);

19 #endif

20 index += C; What vector
21 3 .

22 // Now, derive fr. (versions differ based on the used semiring): Operat|0n5 are

23|#ifdef USE_TROPICAL_SEMIRING
24 STORE(&fr[i*C], x); // Just a store.
25(#elif defined USE_BOOLEAN_SEMIRING

TROPICAL SEMIRING required for eaCh

A

26 // First, derive fi using filtering. e Semlrlng When USIng
27 V g = LOAD(&gp_1[i*C]); // Load the filter gp_q. P _&f

28| x = CMP(AND(x, g), [0,0,...8], NEQ); STORE(&z,.[i*C1, x); Sell-C sigma
29

30 // Second, update distances d; depth is the iteration number.

31 V x_mask = x; x = MUL(x, [depth,...,depth]);

32| x = BLEND(LOAD(&d[i*C1), x, x_mask); STORE(&d[i*C], x);

33

34 // Third, update the filtering term. '

35(__g = AND(NOT(x_mask), g); STORE(&gi[i*C1, g); .

36(#elif defined USE_SELMAX_SEMIRING: ® Detailed

31 /7 update parents. .

38| V pars = LOAD(&pp_1[i*C1]); // Load the required part of pjp_1 formulations are
390 V pnz = CMP(pars, [@®,0,...,8], NEQ); .

40| pars = BLEND([®@,@,...,0], pars, pnz); STORE(&p,[i*C], pars); in the paper @
41

421 // Set new x; vector.

43| V tmpnz = CMP(x, [©,0,...,8], NEQ);

44 x = BLEND(x, &v[i*C'], tmpnz); STORE(&zp [i*C], x);

45 |#endif
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SELL-C-SIGMA + SEMIRINGS + (...) = SLIMSELL

Compute x5 (versions differ based on the used semiring):

FORMULATIONS
12 /7
13(#1fdef

hs, vals), x); TROPICAL SEMIRING

_BOOLEAN_SEMIRING
, vals), x);
_SELMAX_SEMIRING
hs, wvals), x);

BOOLEAN SEMIRING I
SEL-MAX SEMIRING ]

dex += ('

ow, derive fi. (versions differ based on the used semiring):

18

19 #endif
20 in
21 3

22 // N
23| #i

24
25(#elif

26 // First, derive fi using filtering.

27 V g
28 X =

= =H<, [depth,...,d 3
ad[1*C']), x, x_mask); dl[i*C], x);

SE_TROPICAL_SEMIRING
FRli*CT, x): // Just a store. TROPICAL SEMIRING
defined USE_BOOLEAN_SEMIRING

BOOLEAN SEMIRING

gr_—1[i*C1); // Load the _filter g 1.
X, g)) [3,9,‘..3], NEQ) ; mk[i*cjr X}

econd, update distances d; depth is the iteration number.

hird, update the filtering term.
AND (NOT (x_mask), g); STORE(&gp[i*CJ, g);

29

30| // s
31 V x
32 X =
33

34 /T
35 =
6 (Felit
37 /40U
38 V pa
390 V pn
40 pars
41

421 // Set new x; vector.

X, Ear@'r"‘yajv ;
v[i*C], tmpnz) ;“mkti*ﬂ, X);

45 |#endif

43 vV t
44 X =

defined USE_SELMAX_SEMIRING:
pd nts. SEL-MAX SEMIRING

rs &pr_1[i*C]1); // Load the reguired part of pp_1
z rs, [@,e,...,8], NEQ);

= Era’---ra]r pars, pnz);-pk[i*c]p P3r5);

M. Besta et al.: “SlimSell: A Vectorized Graph Representation for Breadth-First Search”, IPDPS’17

Sell-C-sigma: val array
(X' 0p1, 0P2, ellﬂ elZ)
(R U {0}, min, +, ©, 0)

+ s

({0,1},],&,0,1)
(R, max,:, —,1)

d
for padding

Sell-4-1 (no sorting) Sell-4-12 (full sorting)

What vector
operations are
required for each
semiring when using
Sell-C-sigma

® Detailed

formulations are
in the paper ©
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Performance Graph Representation” —
ACM PACT’18

* Minimal storage bounds for graphs

during processing
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