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Motivation

Large-scale graph processing problems are extremely relevant to study nowadays, since
graph-analytics has numerous real-world applications

- In modern supercomputing a variety of different platforms, architectures, and configurations
are used on hardware side

It is important to study which platforms are capable of more efficient graph-processing, and
which programming techniques it IS -necessary to use in order to maximise execution
efficiency

Current work is devoted to the investigation of vector processing possibilities for large-scale
graph problems on NEC SX-Aurora TSUBASA architecture

Implementing graph algorithms for vector architectures is typically challenging, because of
Irregularity in graph data-structure and memory access patterns

- No implementations of graph algorithms for SX-Aurora TSUBASA exist yet (1)






NEC SX-Aurora TSUBASA Architecture Overview

NEC SX-Aurora TSUBASA is a dedicated vector processor of the NEC SX- architecture family

Unlike the previous SX- computers, the SX-Aurora TSUBASA is provided as a PCle card, and the whole

system consists of vector engines (VES), equipped with a vector processor and a vector host (VH) of an x86
node.

VE includes 8 vector cores, 4.3 TFlop/s performance (SP)

Vector Engines

6 HBM modules. 1.22 TB/s bandwidth
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NEC SX-Aurora TSU

BASA & G

PLJS

x NEC SX-Aurora TSUBASA vector engines have many similar properties/characteristics

with modern GPUs;

x A combination of MIMD and SIMD execution model

x High-bandwidth memory: utilisation, optimised for collective memory accesses
performed by warps/vector instructions

= [nstalled as co-processor (with different execution model)

x  Many people are familiar with GPU programming, and many graph-processing frameworks
are already implemented for GPUs (Gunrock, NVGRAPH, cuSHA, etc.)

x Question: Does these similarities mean that graph algorithms can be implemented on SX-

Aurora TSUBASA in the same way?



Both Systems Are Installed As Co-processors

= Despite both architectures are installed as co-processors, their execution models are
different:

« GPGPU « SX-Aurora TSUBASA
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NEC SX-Aurora 1SUBASA Vector Gores

= 8 powerful vector cores

»x Each core has scalar (SPU) and vector (VPU) processing units
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NEC SX-Aurora ISUBASA Execution Model

» Different vector cores work according to MIMD model
» Fach vector core operates with vector instructions of length 1-256 (SIMD)

» Each vector command of length 256 Is processed by 32 VPP in portions, pipelining is organised between
different computational units (FMA, ALU,....)
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Memory Bandwidth & Cache Hierarchy

x Both NEC SX-Aurora TSUBASA and modern GPU architectures utilise
High Bandwidth Memory 2 (HBM2) technology, and thus have similar
memory hardware characteristics

x However, SX-Aurora and GPUs have different cache-hierarchy: SX-Aurora
Vector cores direct transactions through large LLC shared cache (16 MB),
while CUDA-cores use relatively small L1(64 KB) and L2 (4 MB) caches

Bandwidth achieved  The ratio of bandwidth

: . Theoretical peak _
Architecture Memory type Memory capacity bandwidth (GB/s) on STREAM achieved on STREAM
benchmark (GB/s) to theoretical

SX-Aurora

TSUBASA HBM?2 up to 48 GB 1200 995 82 %
iRdisisesiosiey HBM?2 up to 16 GB 732 628 85 %

P100

RIelos s HBM2 up to 32 GB 900 809 89 %

V100
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Graph Problems & Input Data

= Currently we implemented 4 important graph-processing algorithms for different real-world problems:
= Single Source Shortest Paths (SSSP) — Navigation, Peer to Peer Networks
= Page Rank (PR) — ranking web-pages, finding leaders in communities
= Connected Components (CC) — finding communities in social networks

= Single Source Widest Paths (SSWP) - optimising traffic in networks

= \\e have also experimented with various data sets (input graphs), including:
= Synthetic graphs (RMAT, Uniform-random)
=  Road map graphs (USA, New-York, CA, etc)
= Social network graphs (Twitter, LivedJournal, Pockec, Wikipedia)

= Web-graphs (various domain subgraphs)

11



Implementation Details

= |n current work we investigate only shared-memory architecture
implementations

x Shared-memory iImplementations of graph algorithms are generally much
more efficient, since graph-processing problems tend to have an
enormous amount of Inter-node communications, what bottlenecks
node performance

= Moreover, modern studies demonstrate that platforms with shared-memory
architecture are currently able to process a lot of real-world graphs
(different social networks, etc)

12



13

)I0/9.0/0/0/0/00000006060006 NVJ s \xxy\yJJJJJJJJJ))J)JJJJJJ, _

0000000000000 000000000¢ ) © 000000 Q%%yoooﬁﬂﬂbﬁﬂﬁﬂﬁﬂhﬂﬁf%ﬂﬁff;r,J
)0/910/0/0/0/0/0/00/000000 00 J0/0019/0/0.0/0/0.0/0/0.0.0.0/0.0.0/0¢ JJJQJ\QJJJJJJJJ))JJJJ)J)):JA
910/0/0/0/00/0/000000 00 1010000/0/0/0/0101010101010101010'0. O0) \QyJ,JJJJJJJJJ)))J)))J);,
)/00)0/0/0/0/0006000 GO0 io/0/0/0/0/0/00! \y 9000000000000000000)
90/0/0/0/0/000000 0 ) 0/0.0.0.0.0/0,010.0/01010/0/0101010k

oo e o e 0 e e e ot , . 000000000000009
Tolololele/0 e s 01010.010.010.000000 0000
299000000, 0000000000000

D00 000, 9000000060600 0000
)0/0/0/0/0/00.0.06 AP I R R
00000000000 000000000000000000008
elslo 000000 LRI IIIDININAN
o0 e /0.000 0 ©000000000000000000

e e e e e e e ©000000000000000000600
0000000000 00000000000000060000e00
00000000000 000000000 00000000N
memﬂwow‘sm% 0.0/0/0.0/0/00/0000000
JJJJJJQJ ®

)
9,
°
3
o
o
°
S

YX )
e e o
elels'e:
e
e e
e

9
o,
o,
®,

egocoy
sessses
%69
Sesesess
sesseeses

3

8!
o

)
®

Jfﬁ%;p’J

o
o

0000

0000
YOO

0000060
) 000000

000
YOO :
P

OO0
5505
)/0000 0
ol e ee

ogmw
xy_mwu
)[0000¢

o000
YOO

00000
YOO

0000
wmmmmy,A )

7y : e
xY%MvOﬂ 00000000000
OO0 000000000
0000000 000000000
YOO 0000000000
000000 0000000000
o 00000 0/0:0:0:0/0/0100)
escesse 000001010010
\J\JJ\J,J\VJ ) ) 900008
)0/00006 00000
Jelele oo 0l 600 ToleTele ek
90000000 000000
)000000: 00009
90009000 000000
000000 000000
90000009 00000
)000000 0000
0010000 00000
0000000 0000
elelolo o016 00000600 00000
$l0101010106.00000 o'c'e 00000008
)00000000000¢ )0 0000000000
9/0/0/00/00/000 00 /000000010
01000000000 © e 0000000000
uﬁﬂﬂbﬂﬁﬁﬁmﬁﬂqu 5'0.6.6.0/010707660%
01010/010/01010000.0/00 oloe ok

oe

™
e®.
8
JJ
)J
J)

-®

O%
)
o
23
23
o6
)
)
o8

) L 0000000000000 0000000000 00000 OO0 000000
;)fJJ)))J)J))J)))JJJJJJJJJ\WV 0 .o.oooooooooooooooidiooooooooooooooooooooooooooooooooo M«&«O O\WVJJJJJ)))
,)JJJJJJJJJJQJ%Wu 30 I ~7

) 9/00000/0.60.0006060

X A Y '/.
210100.00.9 ) Q" 00000000000
9100/00'010010/0.0/0/0.0/0/00/0.0000 : % oo.ooooooooooooooaMa.Qo%ooooooooooooooooooooooooooooooooooooo 0000000000

@ o0 0000
55555555‘55JW
000000

0000000
0000 ﬁ?&$ﬁ5@i£ii
QNI

\ymwmy ;o,wyma my.oyxxymy



nallenges of Implementing Graph Algorithms on
—C SX-Aurora TSUBASA Architecture

<o)

1. Optimising effective memory bandwidth during graph traversals (while
loading both vertices and edges data)

® |oading information about vertices implies indirect memory
access pattern

x |oading information about edges implies direct memory access
pattern

x poth should be executed with high efficiency!
2. Traversing graphs using vector instructions of maximum (256) length

3. Efficiently balancing parallel workload between 8 vector cores

14



Challenge 1: Optimising Effective Memory
Sanadwidtn

x (Graphs algorithms are typically memory-bound

= [hus, it is important to maximise effective memory bandwidth during graph
traversals

= |n order to achieve high memory bandwidth on SX-Aurora TSUBASA:

1. all required data should be loaded either from LLC cache or sequentially from
Memory

2. vector cores should load data with a specific pattern
» [hus, a specific graph storage format should be used

= |deally, this format should also e helpful with 2 other problems (utilising vector
instructions and inter-core load balancing)

15



Graph Algorithms Classification (Active-Based)

= [terative graph algorithms can be classified into 2 groups:
1. All-active (all vertices of input graphs are traversed on each iteration)

2. Partially-active (only specific «active» vertices of input graph are traversed
on each iteration)

x [ypically «partially-active» graph algorithms have lower computational complexity,
but are significantly harder to implement (especially on vector systems)

x All listed problems (SSSP, PR, CC, SSWP) can be solved with all-active
algorithms rather efficiently

«partially-active» algorithm
gl FVSR BV Vo V6 teration 1

- )
vo V6 iteration 2
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Graph Algorithms Classification (Direction-Based)

= Another possible classification of graph algorithms is based on direction of traversals:

1. pull-based (each vertex updates it’'s own value)
2. push-based (each vertex updates values of it’s neighbours)

= \Ne use pull-based traversals, since they don’t require atomic operations support and
typically allow to obtain higher effective bandwidth

= On SX-Aurora Gather operation is faster compared to Scatter operation

» Pull-based traversals require transposed (reversed graphs)

«Pull based»

«Push based»

“update v2, v3,

update current \ 3

vertex data

ather data from
idjacent vertices

», vertex value
through edges to

. adjacent vertices i



Developing Graph Storage Format...

x «All-active» graph algorithms allow to perform efficient vectorised graph
traversals and support efficient memory. access pattern

x \\e use an approach, when each vector instruction processes 256 different
graph vertices in parallel

®x \We propose VectCSR graph storage format, which is optimised for
supporting vectorised graph traversals and efficient memory accesses

18



vertices with many

connections count

(first group)

VectCSR Graph Storage Format

long long* first_part_starts

------------------------ > int* dst- ids_first-part

vertices with few
connections count

(second group) long long* segment_starts

int number_of _vertices_in_first_part = 4

segment Ne1

» Original graph is reversed to
support «pull-based» traversals

= All graph vertices are sorted
— | segment Ne2 based on the out-degree

= \ertices are split into 2 groups

= Edges are appended with loops
for vectorised graph-processing

— segment Ne3 igt* dst_ids_second_part

e

-
-
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How much extra space VectGCsSH for
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Graph Traversals in VectCSR Format (First
Cigelle)

® [ach vertex of the first group Is processed collectively by all 8 vector
cores with vector instructions of 256 length

® #pragma omp for schedule(static, 1) is used

corel ~core?2 cored

Oo 8 8 899 9 10 12 14 15 NS

0 0 1 1 2 3 3 10 11 12

5 6 7 9 10 12 13 14

21



core 1

core 2

Graph Traversals in VectCSR Format (First

Cigelle)

each 256 sequential vertices from the
second group are processed by a single
vector core

#pragma omp for schedule(static, 1) is
used to process different groups of
vertices

22



Memory Access Patter in Social-Network Graphs
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Indegree distribution

= Social-network graphs have power-law properties, which:

1. Allow to efficiently cache most frequently accessed graph
vertices (+)

2. Create a lot of cache-conflicts when accessing these vertices
)

x Ve implement 2 optimisations, aimed to improve accesses to
these vertices:

1. Storing information about most frequently accessed vertices
IN private copies of arrays, located in different areas of LLC

cache (eliminate inter-core conflicts)

2. Storing information about most frequently accessed vertices
with intervals of 3 elements

= [hese 2 optimisations allow to achieve similar performance when
processing power-law graphs compared to random-uniform
graphs

23



2 Memory Access Pattern Optimisations

#ifdef __ USE_NEC_SX_AURORA__-
#pragma _NEC retain(private_src_array)
#endif

for(inti=0;i < CACHED-VERTICES;i++)
private src_array[i * CACHE _STEP] = _src arrayli]; // copy data about most frequently accessed vertices to private
arrays

#ifdef _ USE_NEC_SX_AURORA_
#pragma _NEC ivdep
#pragma _ NEC vovertake
#pragma _NEC novob
#pragma _NEC vector
#endif
#pragma omp for
for(long long int i = 0; i < edges. count; i++)
{

T dst_value = 0;

int dst_id = outgoing_ids]il;

if(dst-id < .CACHED>VERTICES)

{

dst value = private src_array|dst id * CACHE STEP]; // store data about most frequently accessed vertices with
intervals

}

else

{

dst_value = _src_array[dst_id];

}

_dst_array]i] = dst_value;

}

24






Performance (MTEPS)

Performance of Graph Iraversal in VectCSR

-ormat

® SX-Aurora (Random-Uniform) @ SX-Aurora (RMAT)

® soc-pokec soc-lj » Performance on RMAT scales
wiki-en-hyperlinks Y- soc-twitter . R
W SX-Aurora (RMAT, unoptimised) well since most indirect
Sies Memory accesses are
43750 - directed to the first vertices
with large connections count
37500
5asess = Performance for Uniform-
s Statacasaes R.an'dlom Graphs dropg
faster! significantly when vertices
18750 data can’t be stored in LLC
Data about vertices '
3atese (indirectly accessed) cache
|  doesn’t fit into 16 MB LLQ.Egche
SERe S pBanamssy soatatst vt 4\\._____./a~<i_______=. » Real-World graphs have
«middle» performance
s (e 0] (@) (@) — Al (4p)] < O ©
T T N > o N N N X
(Q\} Al (QV Al Al Al A Al Al

number of vertices in graph
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Performance (MTEPS)
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Page Rank (PR) Performance

® SX-Aurora . P100 GPU (NVGRAPH) 4 |ntel Skylake

Performance scaling on synthetic RMAT graphs Performance on real-world graphs
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Effective bandwidth (GB/s)

What about bandwidth’?

= For RMAT graphs we obtain about 40-50% of theoretical peak bandwidth

»  Bandwidth for Random-Uniform graphs drops significantly when indirectly accessed
vertices data can not be placed inside LLC cache

® RMAT (bandwidth) #® Random-Uniform (bandwidth)
S10[0

x  Higher effective memory bandwidth
(80-90%) can not be obtained in

| B58Tsey sossmsas sestass : programs with gather/scatter

[ ) o \ ' ' ' '
Sa: Instructions when working with 4-
byte data, since:
250 = gather/scatter instructions load
25674=1024 bytes of data
= |oad/store instructions are

125

capable of loading 2048 bytes of
data, which effectively doubles
achieved bandwidth

0
18 19 20 21 22 23 24 25 26

Graph scale o



S It Possible to Improve Performance tor Large
Random-Uniform Graphs (and other real-world
graphs)?

= |n order to improve locality of indirect memory accesses, cache-blocking
technique can be used (similar to CPU, unlike to GPU)

® \ectCSR (Random-Uniform)
® VectCSR + segmenting (Random-Uniform)

50000
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0 31950 Data fI'I-ZS into LLC,
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: i 3
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12500

e

6250
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Conclusions

= \\Ve presented world-first attempt to implement vectorised graph algorithms for
NEC SX-Aurora TSUBASA architecture

= \\Ve discussed techniques, which can be used to implement «all active» «pull-
direction» graph algorithms, including VectCSR format

x4 fundamental graph processing algorithms (SSSP, CC, PR, SSWP) have been
implemented, significantly outperforming similar GPU-based implementations

x Developed implementations allow to achieve 40-50% of theoretical peak memory
bandwidth on several power-law graphs

= Possibility of using cache-blocking technique was investigated

= Future works includes developing more algorithms for SX-Aurora architecture, and
Investigating approaches for developing different groups of graph algorithms
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