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TSUBAMEZ2.0 Nov. 1, 2010

A GPU-centric (> 4000) high performance & low power 2%’?;‘::23)
AHigh bandwi dth memory, optical N et Wa@NenKiem "FaDMddry" SoleO I' @ g

Rack
TSUBAME 2.0 (Serl\lcz)de Chassis)
New Development o

Node Chassis

Compute Node (4 Compute Nodes)
(2 CPUs,3 GPUs)

Chip SUBSWIE? .5
(CPU ,GPU) . . N
D) S .7 SEIEliD DS
(lntel ' ;
NVIDIA it
2.4 PFLOPS
e 4234°GPY
: : S
B : 4 ' \ 16 TFLOPS 67 TFLOPS 536 TFLOPS >600TB/s Mem BW
. R 220 GB/412 GB 1.7 TB/3.2 TB
55 GB/103 GB 220Tbps NW
CPU(Westmere EP) GPUs(Tesla M2050) ~400GB/s Mem W >1.6TB/s Mem BW >12TB/s Mem BW Bisecion BW
76.8 GFLOPS 515 GFLOPS 80Gbps NW BW 35KW Max 1.4MW Max
g2am  3GB  40nm ~1KW max Integrated by NEC Corporation




C@mparmgmw@mputetrotﬁ TSUBAMES2.5
|n| ERIEKAS

Tokyo Institute of Tecl'nu-I-:-gy

RIK=N RIKEN Advanced Institute for Computational Science

'C O i e i

K Computer (201)1

11.4 Petaflops SFP/DFP
~ TSUBAMEZ2:5(2013) i

17.1 Petaflops SFP $1400mil byears
5.76 Petaflops DFP BG/Q Sequoid2011) (Incl. power)

22 Petaflops SFP/DFP
$45mil / 6years (incl power) x30 TSUBAMEZ

TSUBAME2)0(2010)




Tsubamecurrent & future plans

A TSUBAME 2.5 (Production) Sep. 20Mar 2019 (and beyond)

i TSUBAMEZ2.0 Nov. 208@p. 2013, upgrade M2050 GPAK20X
I 1424 nodes / 4224 GPUs, to be reduced to ~1300 nodes upon TSUBAME3 deployment
I 5.7Petaflops (DFP), 17.1Petaflops (SFP)

A TSUBAMIKFC/DL (experimental, T3 Protadct 2013 (Sep 2018 and beyond)
i Upgrade to KFC/DL Oct. 2015 K20X &80 GPU
I 42 nodes / 336 GPU chips, 0.5/1.5 PF DFP/SFP
i Oil immersion, ambient cooling, PUE < 1.09

A TSUBAME 3.0 (Production) Aug 2017 ~2021 (and begdsid)opens Jan 30

I 12~15 Petaflops DFP depending on who wins
i Parallel production to TSUBAMEZ2.5
I Focus on BD / Al workloads, not just traditional HPC => ~100PF max for Al combined with 2.5

A New IDC space construction for Tsubame3 and staggered operations beyond (T3+T

i Power (4MW) + ambient cooling + storage (up to 100PB HDD) + high floor load (> 1 Ton / m"2)
I To be completed March 2017
I Power/Energy minimization for joint op in development



TSUBAMKFC/DL: TSUBAMES3 Prototype [ICPADS?2

Oil Immersive Cooling Hot Water Cooling + High Density Packaging + -Hin
Grained Power Monitoring and Controlipgrade to /DL Oct. 2015
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Container Facility

20 feet container (16m?)
Fully Unmanned Operation




2017%2TSU BAME31(@ading Machine Towarfsa& BI% Data

1.9 OSNE O 2Ré Qa {HighFeKaorance Jjd2+ X e Petaflops, 125~325TB/s Mem,
55~185Thit/s NW), innovative high cost/performance packaging & design, in mere 280m

2.8 9 E G NB Y & ~1D6B®Rs)MEpoweefficient architecture, systerwide power control,

advanced cooling, future energy reservoir load leveling & energy recover T i il
) T n A DEDIgE LU

3.6. A3 5 Ul [ Bxifehe hNgh 8\W &capacity, deep memory |f| if IEI II i H
hierarchy, extreme I/O acceleration, Big Data SW Stack 5543 5 e
F2NJ YFOKAYS fS8FNYAYAS 3N} rdeeamedNR O p H l*} ii
, ~ ., upgrade '-

4.0 / t 2 dzRdynpmiccdeployment, containebased 5 7PF DFP 2016 TSUBAME3.042.5
node colocation & dynamlc conflguratlon resource /17.1PF SFP ~20PF(DFP) 4~5PB/s Mem BW
StlFradAOAle FaaAy = 220% poweldz0 { /10GFIop&M patvel Zfcianey

reduction

56 ¢ N y & uﬁuwﬁqﬁifméwg’ & Plg Dais & Bpud Foriyergence
user visibility of machine
& Job state,

accountability
via reproducibility s

2010 TSUBAME2.0
2.4 Petaflops #4 World -
AGreenest Pr of

= ~ ™ Large cale Simulation
2013 TSUBAME-KFC  Big Data Analytics
#1 Green 500 Industrial Apps

2006 TSUBAMEL.0
80 Teraflops, #1 Asia #7 World | _~
AEverybodyods Su:p8ACKEdR0ONE

oIPPriZe


http://www.new.facebook.com/album.php?profile&id=20531316728
http://www.new.facebook.com/album.php?profile&id=20531316728

TSUBAMES3 (some proposals) Bid open Jan 30t

AExtreme
AExtreme
ANVIDIA

y efficient power, FLOPS/W >@RlopsW
y efficient cooling, PUE = 1.03 (anmangl, hot water cooling

Pascal GPU accelerated architeciUr8 UBAME?Z2 Heritage

ARich system interconnect B@intel Omipath 1-to-1 GPWo-HCA

Injection

BW

ARich accelerated 1/0O hierarclgHigh Cap. / BW locilVMeon every
node,aggregatablento single namespace vizeeGFSstaging froml_ustre

AUp to 1 Petabyte capacity
ANo Burst Buffer but exploits local storage to match performance much cheaper

AFull container based management for resource provisioning, isolation an
execution environment control of accelerated systems

AAccelerated BD/AI/ML Software stack (partially) converged with HPC
AFuture 100 Petabyte object store capacity extensions



JST w9{ ¢ AG9EUNBYS . »Ra8)s
Future Non Sllo ExtremeBrg Data Sc:|ent|f|c Apps

UItra Large Scale
Graphs and Social
Infrastructures

Massive Sensors and
Data Assimilation in
Weather Prediction

Large Scale o
Metagenomics

Given a togclass Issuesegading

esign

supercomputer, - EBD System Software ~SapEmiins ’A}rChIE{ethl:Iral’
how fast can we incl. £8D Object System [0 I aaktln iy
accelerate next system softwar

. . . t)
generation big evolution®

? =
data c.f. Clouds Convergent Architecture (Phas_es 1_~4) Use of GPUSs?
Large CapaC|ty NVM, High - Bisection NW
Cloud 1DC == W et o
Compute&Batch- Oriented

Very low BW & Efficiency | q _
Highly available, resilient More fragile



Extreme Big Data (EBD) Te%m, i

2d EDB Apps-<- »,,....a
gurﬁﬁvsa (Tokyo 5.
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The Grapno0 2015~201a 4 Consecutive world #1
KComputer#l Tokyo Tech|[EBD CRESmIVv. Kyushu [Fujisaw:s
Graph CREST], Riken AICS, Fu18|tsu

8,000 nodes,

73% _total exec 660,000 CPU Cores
1500 Commun+  time wait in 1.3 Petabyte mem s N 3
mComputja communication 20GB/s Tofu NW .,.¥ ..,

=
o
o
o

i

Elapsed Time (ms)
o1
o
(@)

64 nodes 65536 nodes
(Scale 30) (Scale 40)

O: p@mﬁdnama(mfc f.

N Linpaskk
*Problem size is LLNL-1BM Sequoia  TajhyLight
weak scaling 16 millon CPUS 1 milion CPUS
November 2013 5524.12 Top-down of 7 BT acilma s s © JQGrP%{aByHa mem 1.3 Petabyte mem
June 2014 1 17977.05 Efficient hybrid
November 2014 2 Efficient hybrid
June , Nov 2015 Hybrid + Node

June Nov 2016 - 38621.4 Compression




K-computer No.1 on Graph500"£onsecutive Time

AWhat is Graph500 Benchmark?

A Supercomputer benchmark for data intensive applications.
ARank supercomputers by the performanceBoéadthFirst Searctior very huge

graph data.

45000 -=-K computer (Japan) This is achieved by a combination
b Sequoia (USA) =——=  of high machine performance and
< 30000 Sunway Taihutight (China) our software optimization
3 25000 - . o
£ 20000 — 4 A E]_‘flment Sparse Matrix Representation with
$ 15000 Bitmap

10000 / A Vertex Reordering for Bitmap Optimization

5000 - - A Optimizing IntefNode Communications

0 .
Jun 2012 Nov Jun 2013 Nov Jun 2014 Nov Jul 2015 Nov Jun 2016 A Load Balancmg
2012 2013 2014 2015 etc.

A Koji UenoToyotaroSuzumuraNaoyaMaruyama, KatsukiFujisawa, and Satoshi Matsuok&fficient BreadthFirst Search on
Massively Parallel and Distributed Memory Machirdesn proceedings of 2016 IEEE International Conference on Big Data (IEEE
BigData2016), Washington D.C., Dee8 52016 (to appear)



Towards a Distributed LargeScale Dynamic Graph Data Store

Goal:to develop the data store for largescale
dynamic graph analysis on supercomputers

Comp.
Node

Comp.
Node

Comp.
Node

Streaming edges

o)

Dynamic Graph Application

C fmap | fomap [ fmmap

Dynamic Graph Construction (ermemory)

Against STINGER (singi@ode)

STINGER

A A state- of- the- art dynamic graph processing
framework developed at Georgia Tech

Baseline model

A

Boostlibrary (C++) and
the MPI communication framework

Node Level Dynamic Graph Data Store

Follows an adjacencyist format and leverages an
open address hashing to construct its tables

Mid-high degree table
v4

vl

v2

wl
v3

Vertex table
w5 [ wb

Low-degree table (degree: 1~2)
{v2,v4} | {v3,v4}

v3
w2

Edge-list

vl

w3 w4

J

Extend for multi processes using arasync
MPI communication framework

K.lwabuchj S.Sallinen R. Pearce, B. V. Essen@ékhale and S. Mats

mBaseline mDegAwareRHH 212X

o
D 200 ’
g®)

o

o 0 —_— — —
P 6 12 24

Parallels
Multi node Experiment

8 25 e—eo Baseline

& T|e < DegAwareRHH ‘

? — *

L 200 N 2"'b|||I0n””"”"""""‘;

p= o

'-'CJ 15 """""" - l—n—se—rt—lons——~~~~~—+

g 1.0l ]
Do o

-lq—") : : : : : : |

§ 000 —=20 20 60 80 100 120 140

[

Number of Nodes (24 processes per node)
uoka, Towards a distributed lasgale dynamic graph data store. In 2016

IEEHnterna tional Parallel and Distributed Processing Symposium Workshops (IPDPSW)



Large scale GraphColouring(vertex coloring) [/ Qmc
A Color each vertices with the minimal@bloursso that no two adjacent

vertices have the samecolour
A Compare our dynamic graptolouringalgorithm on

1. two static algorithms includingsraphLab
2. an another graph store implementation with same dynamic algorithm (Dynavdd®)

1024

against:

512

N
~X

64

32

Time(s) [Log Scale]

16

8 1 1 1 1 1
1 2 4 8 16 32 64
Nodes

eli==GraphLab sses=Hash l=@=Dynamic-DARHH =é=Dynamic-MAP

Static colouring Our DegAwareRHH Baseline

13

Scott Sallinen Keitalwabuchj Roger Pearce, May&okhale Matei Ripeanu



Incremental Graph Community Detection

ABackground

A Community detection for largscaletime-evolving and dynamic
graphshas been one of important research problems in graph

computing.
At is timewasting to compute communities entire graphs every time
from scratch.

AProposal

A An incremental community detection algorithrbased on core
procedures in a statef-the-art community detection algorithm

named DEMON.
A Ego Minus Egd.abel Propaqatloand erge

Update
grap

nal graph G

Updated graph G’

EgoMinusEgo(v1, G)
“Avp)--

EgoMinusEgo(v, G')

HirokiKanezashand ToyotaroSuzumuraAn Incremental Loc#irst Community Detection
Method for Dynamic Graphs, Third International Workshop on High Performance Big Graph

Data Management, Analysis, and MiniBigGraph2016), to appear

Congress Data

140
120
== 100
£
E 8o 101.0x
2 60
g o faster
(W)
20
o —
e=0.25 £=0.50 e=0.75 e=0.25 £=0.50 £=0.75
Original Incremen tal
HAdd 130.426 130.839 130.548 0.049 0.017 0.02
M Base 1.33 1.32 1.328 1.29 1.293 1.286
IMDb Data
600
500
=
Eg 400 :l()JHES)(
E
& 300 faster
2
S 200
[}
100

= Add 479.48 502.298 494.659 0.938

M Base

=0.50 ==0 €=0.25 =0.50 &=0.75

Original
0.031

4.978 4.913 5.047 4.9 4.968 4.89

4500
4000
E 3500
@ 3000
i= 2500
@ 2000
=1
£ 1500
“ 1000
500
[}

H Add

H Base

Amazon Data

69.2x
faster

e=0.25  e=0.50  €=0.75  £=0.25 £=0.50  £=0.75

Original Incrementa |
3666.41 3900.43 3731.25 9.4371 0.1962 0.2047

35.499 37.276 36.871 44.057 36.367 42.175




GPUbased Distributed Sorting =0 SO Kemes
[Shamotq IEEBIgData2014, IEEE Trans. Big Data 2015]

A Sorting: Kernel algorithm for various EBD processing

A Fastsorting methods \—/“i
v
.

I Distributed Sorting: Sorting for distributed system

A Splitterbased parallel sort
A Radix sort
A Merge sort

I Sorting on heterogeneous architectures
A Many sorting algorithms are accelerated by many cores and high memory bandwidth

A Sorting for largescale heterogeneous systems remaimslear

A We develop and evaluateandwidth and latency reducinr@PUbasedHykSorton
TSUBAME2 ¥da latency hiding

I Now preparing to release the sorting library




GPU implementation of splitter
based sorting(HykSor}

A Weak scaling performance (Grand
Challenge on TSUBAMEZ2.5)

I 1~ 1024 nodes (2 ~ 2048 GPUs)
I 2 processes per node
I Each node has 2GB 64bit integer

A C.f. Yahoo/Hadooperasort
0.02[TB/s]

i Including 1/O
Performance prediction

w
o
'

g\t))illions)

Keys/second

2 pysort read A A A
# HykSort GPU + 6threads
x1.4
x3.61 ||
X389
|

0 500 1000 1500 2000
# of proccesses (2 proccesses per node)

K20x x4 faster than K20x HykSort 6threads .
. 4 HykSort GPU + 6ifreads A PCle#: #GB/s bandwidth
-+PCle_100 of interconnect between
5 PCle_200
PCle 50 CPU and GPU

N

Prediction of our implementation

Keysr()second(billions)
o

o
1

x2.2speedup compared tc
CPUbased

~| implementation when the
# of PCI bandwidth
increase to 50GB/s

8.8%reduction of overall
runtime when the

accelerators work 4 times
faster than K20x

0 500 1000 1500 20000 500 1000 1500 2000
# of proccesses (2 proccesses per node)



Xtr2sort: Out-of-core Sorting Acceleration
using GPU and Flash NVM [ieek Bigbata2016]

How to combine deepening memory layers for future
HPC/Big Data workloads, targeting Post Moore Era?

A Sample-sort-based Out-of-core Sorting Approach for Deep Memory
Hierarchy Systems w/ GPU and Flash NVM

I 1/0 chunking to fit device memory capacity of GPU

I Pipeline-based Latency hiding to overlap data transfers between NVM, CPU,
and GPU using asynchronous data transfers,

e.g., cudaMemCpyAsync(), libaio

800.0 R
‘ 1 |—*— in-core-gpu
S 700.00 ~ii.|—=— in-core-cpu(72)
@ " . |—v— out-of-core-gpu ;
& 600.0‘—34 ii|-¢- out-of-core-cpu(72)+psyncl
_g v | ' |—e— out-of-core-cpu(72)+libaio |
[u] 5000;,37” i |-e- xtr2sort+psync
chunkas6 | RD | ReH [ H2D | Bx | peH [ Haw [ wr | g >mor | e xtr2sort
chunké&5 | RD | ReH | H2D | EX | D2H | Hw WR{ > EEREEE Pl
— 400.0
chunk&4 | RD | ReH | H2D | EX | D2H | H2w | WR X
hunk
chunké&+3 RD R2H H2D EX D2H | H2W | WR 45 300.0 ,,,,,,,,,
chunké&2 | RD | RRH | H2D | BX | D2H | H2w | WR _Ccl
chunk&1 | RD | RH | H2D | EX | D2H | H2W [ WR 2 200.0f i
chunk& | RD | ReH [ H2D | Bx | D2H | Haw | wr o
> -
¢ chunks i) time b= 100.0p bbb T 33:'339
0.0 oo kAT S Y f-—
108 10° 10" 10" 10"

Number of records [records]

CPU + NVM



HierarchicalUseRlevel and OMlemand File systefduronF$
(IEEE ICPADS 2016) w/LLNL

A

Compute Compute Compute Compute
node 1 node2 | "TTTCCC node N node X :
statichash +
s —
----- e I
orode [Tioreee]
SHES Y
’ Parallel File System ‘ C HuronFs )

[ Parallel File system |
AHuronFSdedicated dynamic instancés provided 0 dzNXA (i forccakefir Sawk

Al/O requests fromCompute Nodeare forwarded toHuronFS

A The whole system consists of several SHFSHBnF$
A Workload are distributed among all the SHFS using hash of file path

A Each SHFS consists of a Master and seN@naldes
A Masters: controlling allOnodesn the sameSHF&nd handling all 1/0O requests
A 10nodes storing actual data and transferring data with Compute Nodes

A Supporting TCP/IRfiniband(CCI framework)
ASupporting Fusé,D_PRELOAD




HuronF®asic 10 Performance

800

600

400

Latency (us)

200

IPOIB

Latency

m fuse overhead

B process

m epoll overhead
comm

CCl

Inifinband

4X FDR6
Gb'sec
mellanox

CPU

Intel(R) XeonR)
CPU E2650 v3

@ 2.30GHz

Mem

251G

4000
3500
0
@ 3000
2 2500
5
2 2000
c
S 1500
o
1000
500
0

e
-

m IPolB

write read
Throughput from single client

m CCl

m write IPDIB mread |IPOIB

m write CCI mread CClI | I
=l & II B
1 2 4

# of nodes (8 processes per node)

Throughput fromsinglelOnode



Plans

AContinuing researching on auto buffaitocation

AUtilizing computation power ofOnodes
AData preprocessing
AFormat conversion

Data preprocessing,
format conversion, etc..

I )
-~

Processing

In Memory
on IOnodes

Network Network




Solving the Python Performance Problem
Fortran W

+top performance ‘0(0\‘ Python 100]

+HPC legacy (:(\0 \(’,((\ +ease of programming ‘gizz
-hard to mamtamo\ ‘0 often used in BD/AI g

- Not used in BD/AI Q‘ +generatpurpose tools E -
- big runtime overhead Z rython + Numba

— this work (also f2py) |
! . , | |
Dillema 10%5 50 100 150 300
Matrix size

wPerformance or easef-programming? DGEMM performance the same as

“onran. § beter thanhumba [

900

wPython for development, Fortran at runtime. 800! A
take legacy Fortran migrate to Python translate performance 700
critical kernels to Fortran ¥ 600
3 I
wreuse legacy code whappens once wJIT: at runtime g 500 6l 6l
wkeep battletested wsemiautomatic or wfully automatic % 400+
implementations automatic woriginal performance E 300!
wperformancecritical is retained = 200 v
data is retained (via wdzd SNJ R2Say Qi I
Type Hints) with Fortran 100;
wuser can easily extend ol . . :
functionality original refactored Python this work
- J/ - J/ - J/

Migrated Miranda IO benchmark

[1] Mateusz BysieldleksandDrozdZ { F 12 aKA al G&dz2 1l ® daA3dINI GAy3T [ SHdvédPerf@®@BaNB NI v (2 t &

euf(Z 2 Afsl f Aéa C2MH NI v
ThroughTranspilatiotr Yy R ¢ &8 LIS 1 Ay(Gaé® LyY t NBOSSRA y-Baiforance and ScientificiCompatingl a K2 L) 2y [&L&A OHgla, pﬁ& 0| mance.
PyHPQO016. Salt Lake City, Utah, USA. ACM, 2016 HifRi/fconferences.computer.org/pyhpc/2016/papers/5220a009.pdf



http://conferences.computer.org/pyhpc/2016/papers/5220a009.pdf

Open Source Releasef EBD System
Software (install on T3/Amazon/ABCI)

AmrCUDA AScaleGraphPython
A rCUDAextension enabling remote A Python Extension forScaIeGraEh
to- local GPU migration X10 based Distributed Graph Library
Ahtt?s://ﬂithub.com/EBD— A https://qithub.com/EBD-
CREST/mrCUDA CREST/scalegraphpython
AGPU3.0 A Eclipse Public License v1.0
A Co- Funded by NVIDIA AGPUSort
ACBB A GPU based Largescale Sort
A 1/O Burst Buffer for Inter Cloud A https://agithub.com/EBD-
Environment CREST/gpusort
A https://github.com/EBD- AMIT License
CREST/cbb A

A Apache License2.0
A Co-funded by Amazon


https://github.com/EBD-CREST/mrCUDA
https://github.com/EBD-CREST/cbb
https://github.com/EBD-CREST/scalegraphpython
https://github.com/EBD-CREST/gpusort

Tremendous Recent Rise In Interest by the Japane:
Government on Big Data, DL, Al, aod

A Three projects and centers on Big Data and Al launched by three competing
Ministries for FY 2016 (Apr 20)6

i MEXT¢ AIP (Artificial Intelligence Platform): Riken and other institutions ($~50 mil)
A A separate PosK related Al funding as well.
i METIg AIRC (Artificial Intelligence Research Center): AIST (AIST internal budget + $~8 mil)
I MOST¢ Universal Communication Lab: NICT ($50~55 mil)
i $1 billion commitment on inteministry Al research over 10 years

A However, lack of massive platform and expertise in parallel computin
OdFTd D223fS3E C.Z . I ARdzX

I MEXT attempts to suggest use of K computer A
B O02YYdzyAdé NB@2tG agS sl yd G2 dzasS €210
I MEXT Vice Ministeésadayukilsuchiya himself visits Matsuoka at Tokyo Tech FeB(16.

Aa2KIFG Aa Dt! YR gKé& A& AG a2 3J22R F2N) 5[ K

Ao/ 'y &@2dz YR ¢{! .1 a9 OFy O2ydNAROGdzUS (2 (GUKS a9-¢ LINEZ:
i Similar talks with METI & AIRC

Aal by ¢{} .1 a9 0SS dziAftAl SR G2 O2 JS NISatdslESekifGehiSi

B
&
=
)
S
o
Z
&
A N

Informatics, AIST



esource Requirement

s for Deep Learning -\\
[ Source: Preferred Network Japan Inc.]

To complete the learning phase in one day _
. P:Peta

Bio / Healthcare E-Exa

Image/Video F:Flops

Recognition Tom ™ 5 iy A e % |
F R aG -8 O @ &% §

del bdh]

\ -'T, -T -

10P p Image) O 10Ep Video P Flops 100P ¥ 1E Flops

i AnvK1 ° 10000 N A4 M 4 AA9 . M1 T 10M ~ SNPs

9 Mn1° 644 [Google 2015] 100N A~ 100PFlopsi 1 A~ 1EFlops

Image Recognition Auto Driving Robots / Drones
10P O Flops 1E¥100E Flops 1EO 100E Flops
10 A" 5000A A A AnM 40 & v 14 1TB 1 1TB
NOAT ds N 10nAa A 10 61000 ,1004 4 AANnM i 100 w1

YnM~ 1 [Baidu 2015]

1TFlops

10PF 100PF 1EF 10EF 100EF
2015 2020 2025 2030




Research on Advanced Deep Learning Applications

art of JST Extreme Big Data Project-20138)
Deep Learning IS HPC!

. . Typical scale of training data Baitmm
A Training models; mostly densevatVec S SR
A Data Access for training target data sets g recopin 00O vk o o
A Sharing updated training parameters
in neural networks TR oot G

Projected training data to

A Goals

A Accelerate DL applications in EBD architectures ?
A ExtremescaleParallelization, Fast Interconnects, Storage I/O, etc.

A Performance bottlenecks of multiode parallel
DL algorithm®n current HPC systems ?

A Current Status
A Official Collaborationv/DENSQT Latsigned November D%;%‘LSO % %go
o
o

A Profilingbased bottleneckdentification and performance I
modelir?g & optimization of a rezE}LappIicatl%n on TSUBAME Applications

A Great result, joint paper being prepared for submission

A > 100 million images, 1500 GPU®{®p9 1 week grand challenge run
O 7

A Compete w/Google, MS, Baidu etc. in ILSVRC in ImageNet with shallow netw
A To fit within smaller platforms e.g. Jetson Feed Bac

Many companies (exBaidu, etc.) employ GHyAsec
Cluster Architectures, similar to TSUBAMBRFC

Performance Model

A Got reasonable results, about 10% accuracy withaygr CNN N v\an

P -

A Denso Lab continues to run workloads on TSUBAME2.5 and TSWBANE.
A In talks with other companies, e.g. Yahoo! Japan




Predicting Statistics of Asynchronous SGD Parameters for éscalge

Distributed Deep Learning System on GPU Supercomputers
Background Proposal

A In largescale Asynchronous Stochastic Gradient Desceht We propose a empirical performance model for an ASG
(ASGD)mini-batch size and gradient staleness tend to be deep learning system SPRINT which considers probabil
large and unpredictable, which increase the error of trainegdistribution of minibatch size and staleness
DNN

Mini-batch size Staleness
4 Objective functiore . Nowomen=1] Nowomen = 1
> o 4 nOdeS Subbatch g | Subbatch
Mini-batch size § ° | < il Predicted
Staleness=0 & 16 nodes . Measured
W) , ) 100 200 300 400 500 600 0 2 4 6 8 10
Twice asynchronous | Nsuobarn =11 | ] Nsubbatch = 11
updates within § o Predicted [
gradient computation 8 S \ . 7
WW\t+1) i £ - \ / X °
§ _—#_—'_-3. l g | | | | _ | II
0 100 200 300 400 50 0 2 4 6 8 10
i Staleness:z NMinibatch Measured Nstaleness
DNN parameters sPace (Nsuopacr, # Of Samples per one GPU iteration)

A YosukeDyama Akihiro Nomuralkuro Sato, Hiroki Nishimura/ukimasa&amatsy and Satoshi MatsuokaPredicting Statistics of
Asynchronous SGD Parameters for a Layale Distributed Deep Learning System on GPU Supercomgutarproceedings of
2016 IEEE International Conference on Big Data BEfP@ta?2016), Washington D.C., Dee8 52016 (to appear)



Approach and Contribution

A Approach : Proposing a performance model for an ASGD deep learning system
SPRINT which considers probability distribution of mini  -batch size and staleness

A Takes CNN structure and machine specifications as input
A Predicts time to sweep entire dataset (epoch time) and the distribution of the statistics

A Contribution

A Our model predicts epoch time, average mini -batch size and staleness with 5%, 9%, 19%
error in average respectively on several supercomputers

A Our model steadily choose the fastest machine configuration that nearly meets a target
mini-batch size
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Performance Prediction of Future HW for CNN

A Predicts the best performance with two future architectural extensions
A FP16: precision reduction to double the peak floating point performance
A EDR IB: 4xEDR InfiniBand (100Gbps) upgrade from FDR (56Gbps)

Not only # of nodes, but also fast interconnect is important for scalability

TSUBAMEKFC/DL ILSVRC2012 dataset deep learning
Prediction of best parameters (average minibatch size 138U 25%)

_ N_Subbatch Epoch Time Average Minibatch Size
(Current HW) 1779 165.1

FP16 7 22 1462 170.1
EDR IB 12 11 1245 166.6
FP16 + EDRB 8 15 1128 171.5




. EEUB(?SEd Fast Signhal Processing for Large Amounts of Snore Sound Dat
ackgroun

Snore sound3n9g data carry very important information for diagnosis and —GPU mmmm CPU ===Sped Up
evaluation of Primary Snoring and Obstructive Sleep Apnea (OSA). With
the increasing number of collect8dSdata from subjects, how to handle
such large amount of data is a big challenge. In this study, we utilize the
Graphics Processing Unit (GPU) to process a large amo@ntSdata
collected from two hospitals in China and Germany to accelerate the
features extraction of biomedical signal.

Running Tirmne [Seconds)
=y
Spead Up

A Acoustic featuresf SnSdata ¢ —— = —4' J J ]

we extractll acoustic features from a large amount of SnS data, which can be :
visualized to help doctors and specialists to diagnose, research, and remedy
the diseases efyciently. Results of GPU and CPU based systéon processing SnS data

Data Size (Mumber Of Subjscts)

Snore sound data information

A Result
Subjects | Total Time Data Size Data Sampling Rate : :
-- We set 1 CPU (with PythonZ.ﬁqumpyl.loA andcipy0.17packages) for

processing s ubj ect 6s dReasutshavsthabtherGPhsed el i n
187.75 31.10 16 kHz,Mono systemis almost 4.8 faster than the CPU implementation. However, the
speedup decreases when incsgagthe data size. We think that this result
should be caused by the fact that, the transmission of data is not hidden by othe
computations, as will be a reaibrld application.

(Chlna +
Germany)

* Jian Guo, Kun Qian, Huijie Xu, Christoph Janott, Bjorn Schuller, Satoshi Matdud&®U-Based Fast Signal Processing for Large Amounts of Snore Sourd Dataroceedings of 5th IEEE Global Conference on
Consumer Electronics (GCCE 2016)ctober 1114, 2016.



Hierarchical matrix(atrix) for CNN acceleration

- Hierarchical matrix is an efficient dasparse representations of
certain densely populated matrices.

- CNN(Convolutional Neural Network)

A Back ground
- Hierarchical matrix(Hnatrix) is a an
approximated form represerd € correlations
of € objects, which usually requiressa € huge
dense matrix.

dense matrix Hierarchical matrix
- Significant savings in memory when compresse
6(¢) o(Qd l:g
- Computational complexity
O ¢ 0 Q1 1eC
such as matrematrix multiplication,
LU factorization, Inversiof

The Hmatrix approximation of dense matrix.
Thered blocksare dense matrices. Thigeen block
are lowrank matrices with raniQ



Preliminary ResultsCompression rate of matrices

SDPARA Deep Learning (CNN)
Compression rate(%)
25.00 f
i i Size of matrix
20.23 Size of matrix Soo - 006
4.000 : :
20.00 3.567
7.00
15.80 63 3.500
: 13.96 3.000 6.00 4.717
15.00 :
1281 1239 1185 1188 @ 2500 239 o 5.00 4.338
10.52 s 1.834 s
10.00 o 2.000 T 4.00
: - ® 1.500 N 3.00
: 1.000 0.841 200 1.610
5.00 ' .
. ) 133 0.500 I 1.00 I
0.000 0.00
1632 2673 4150  ofh°f MAFEEE Mio337 16758 22275 29056
® non-compressed ® compressed m non-compressed m compressed
—=o—bemld -—e—sdpara (m, n, k) = (1764, 1350, 178) (m, n, k) = (324, 298, 1908)

Compressive rate = (uncompressed size) / (compressed siZzeé)Matrix A successfullgompressed © Matrix B successfully compress
We can compress the matrix in some applications.
In CNN system applicatioBgemn{(Single precision
- bem1d: IDimention Boundary element method floating General Matrix MultiplicationlC = AB + C

-sdpara A parallel implementation of the intgroint ~ accounts for large part of calculation (around 70%).
method for SemDefine Programming(SDP)



Poweroptimizationusing Deep @etwork

Background

Power optimization by frequency control in existing research

-

Performance counter
Temperature

FrequencyX
N

P=1f(X,X,-..)
Texe — g(X17 X2’ )

U Detailed analysis is hecessary

U Low versatility

Objective
Implementthe computer

control system using Deep-Retwork. Counter

Power

" DeepQ-Network (DQN)

Deep reinforcement learning

N

Calculate action value function Q from neural network
Used for game playing Al, robot cAlphaGO

\ Frequency
Temperature
etc.

J/

KentoTeranishi

—

Frequency

‘ [ Use Deep Learning for analys}s.

Frequency
ole]plife]



Two Al CREST Programs
(20162023) ~$40 mil x 2

Intelligent Information Processing Systems CreatingE@erience
Knowledge and Wisdom with Humanlachine Harmonious Collaboration

Research Supervisdyorihiro Hagita(Board Director, Director,
Intelligent Robotics and Communication Laboratories, Advanced
Telecommunications Research Institute Internatignal

Development and Integration of Artificidintelligence Technologies
for Innovation Acceleration

Research Supervisdwtinoru Etoh(Senior Vice President,
General Manager of Innovation Management Department, NTT

DOCOMO, INC.)




TSUBAMEZ2&3 o e e e
_:—l i |_| !EJ ﬂxﬂl |——| l_
. = B OB B : 2 B E s

- N
« - w1 O0PB+.

Joint Operation Plan
object store
A New dedicated datacenter space (future)
for Tsubame3 => retain TSUBAME? | S0n¥
A Joint operation 2017~2019 h P |
I TSUBAMES: mainline HPC operations 1 | ] L A [ 1]
I TSUBAMEZ2.5: specialized operatigns
Industry jobs, long running, Al/BD.
A Power capped not to exceed power & . . ; — 1

cooling limits (4AMW)

[ T
A Total 6~7000 GPUs, ~70Pflops for Al Tﬁubﬁme?ﬁmﬁagg
I Storage enhanced to cope w/capacity ‘r Wl ¢ l |. e = ‘
I Pending budgetary allocation T Lt AA = . .
A Construction on new IDC space started Wh JNaNe? ?
A Future: TSUBAME3+TSUBAMEA4 joint ops T m T




CompatisonodiMdakcinia & deahngng AL {papiibiiiies
of TSUBAPWEB—B?S 2 rand-ICGmputer

O 1 i ek

In| BRI XS

Tokyo Institute of 'i'ne-|:I11~|:|~I-:n:_;p],|I

RIK=N RIKEN Advanced Institute for Computationa L Science

X~7
| >>
l (effectively more d ‘ 3
. K Computer (2011)
:1_8 U 31@?(537)1:3) GPU) Deep Learning
' FP32 11.4 Petaflops

Deep IL.earning’/ /Al Capabilities
FP16+FP34p to ~70Petaflops Slightly faster than U-

+ up to 100PB online storage Tokyo under this metric




Al Research Center (AIRC), AIST
Now > 300 + FTES

Manufacturing Big Sciences
Industrial robots | Bio-Medical S_cience StartUps
Automobile Material Sciences

Institutions N SeEUS”ty. |
Companies Al |€WOrk Services

— Communicatio

Health Care| Innovative
Elderly Care Retailing

P
A\ -

Technolog fer -Application Domains Standard Tasks 12, o ogyittnsier
Joint res andara-bala Starting Enterprises

Planning/Business Team Planning/Business Team

Ce

Behavior
ining & Modeling

NLP, NLU
Text mining

Prediction
Recommend

Planning
Control

Image Recognition
3D Object recognitio

Matsuoka : Joint Brain Inspired Al Data - Knowledge integration Al
appointment as e ¥

458aA3yl i S Rgmme St
since July 2017

Model of LB S
asal ganglia

Co S

Ontology . N
Knowledge Logic & Probabilistic

. . Modeling‘/
Core Center of Al for Industry -Academia Co -operation

Bayesian neg| bl b|



The current status of Al & Big Data in Japan

We need the triage o&lgorithms/infrastructure/data but we lack the
Infrastructure dedicated to Al & Big Data (c.f. Google)

Machine Learning

Algorithms
Use of Massive Scale Data now
Wasted
Petabytes of Drive FA &0k 20K V2>
DENSG Recording Video FANUC
@ FA&Robots
T% CO;;E\I:% @
Web access and oftBank
Al&DataProces erehandios il
loT Communication,
InfraStrUCt S Daa location & other data



The current status of Al & Big Data in Japan

We need the triage o&lgorithms/infrastructure/data but we lack the
Infrastructure dedicated to Al & Big Data (c.f. Google)

Acceleration & Scaling of DL i : o o
& other ML Algorithms & SW = preferre dMaChm ] Leammg Investigating the Application of DL
pD etworks Algorithms DeNh
. e MIZWHO

\/ FUjiTSU .
b+( q . Chainer HFIFEBET

Many applications in manufacturing § .
Applicatiort based Solution providers  web, pharma, etc. LEl EEE
of ML (e.g. Pharma, Semiconductors) o QD
Custom ML/DL Software m |_V\B \ :

Analysis of automotive cameras ~ Use of Massive Scale Data now
Performance analysis & improvement of DL Wasted

Petabytes of Drive FA&Ofohanmvey
DENSO Recording Video FANUC

w FA&Robots
T})\YO/‘T)-\ —unSEIEFEEJEEH%’%Fﬁ @
Web access and ofBan
Al&DataProces erchandice sorr [RHES
loT Communication,
Infra’StrUCt S \Data location & other data



The current status of Al & Big Data in Japan
We need the triage o&lgorithms/infrastructure/data but we lack the

Massive Rise in Computing
Requirements

|

amazon Windows Azure —
webservices 22 SAKURA Internet

Insufficient to Counter the Giants

(Google Microsoft,Baidu etc.)

in their own game  Al&Dat

Infrastructuresin Training

Infrastructure dedicated to Al & Big Data (c.f. Google)
B P : :
Machin Leammg Investigating the Application of DL
-
Ch HELE
b*( ‘] Man?/”:;)rplications in manufacturing # . -
! W= Panasonic
ML (09 Pharma, Semicanducors) A\
Perfo ent of DL Wasted
DENSO Petabytes of Drive FA&O#Kha0K72>

0 .
Preferred :
pD Networks Algorithms Dot I
Pe
Applicatiort based Solution providers  web, pharma, etc.
Analy 81 Y ~ Use of Massive Scale Data now
Recording Video FANUC

@ FA&Robots

TOYO'fA @ﬁLr\I'_RQI'l ®

—emmz. O BB
SoftBank NTT

Web access and
merchandice

\D loT Communication,
ata location & other data




Al- HPC Infrastructures

A

machines unless we forecast good ROI.

APublic Clouds other than the giants => in Al
machines unlessve forecast good

AlLarge scale supercomputer centers =>
machines unless we forecast good

AThus the giants dominate, Al technologies, big data, and people stay



Leading Al R&D, are they not?

AYes, but that is because their shetterm goals could harvest the
low hanging fruits in DNN rejuvenated Al

ABut AI/BD research is just beginning- if we leave it to the

Interests of commercial companies, we cannot tackle difficult
problems with no proven ROI

AVery unhealthy for research O memtomaton e ot

AThis is different from more mature 0 =

fields, such as pharmaceuticals or =~ -
. oogle Scaled Back Self-Driving Car
aerospace, where there is balanced

Ambitions

- - - -
Investmentsand innovations in both  ~=e = oeoome i -
L] -
aC ad e m I a/ Ove r n m e n an d th e I n d l I E ;t r\ ﬂ Iphabet has backed off plans to develop a revolutionary car without a steering ;
4 wheel or pedals, at least for now, according to people close to the closely-watched
project. Instead, the self-driving car pioneer has settled on a more practical effort to




ABCI Prototype: AIST Al Cloud (AAIC)
March 2017 (System Vendor: NEC)

A 400x NVIDIA Tesla P100s and Infiniband EDR accelerate various Al workloads
Including ML (Machine Learning) and DL (Deep Learning).

A Advanced data analytics leveraged by 4PiB shared Big Data Storage and Apache
Spark w/ its ecosystem.

SINETS

Internet Firewall .
ErrrEcor N A FortiGate 3815D x2 '
) 10-100GbE A FortiAnalyzer 1000E  x2 )
$ oo
Service and Management Network
GDbE or 10GbE t GbE or 10GbE

Al Computation System 400 Pascal GPUs Large Capacity Storage System
Computation Nodes (w/GPU) x50 SIS LEmels; DDN SFA14K
A Intel Xeon E5v4  x2 56TB SSD A File server (w/10GbEx2 ,
A NVIDIA Tesla P100 ( NVLink) x8 IB EDRx4) x4
i Interactive Nodes A 8TB 7.2Krpm NL -SAS . .
Computation Nodes (w/o GPU) x68 X2 HDD x730 =4PIB efiective
A Intel Xeon E5v4  x2 [ Mgmt & Service ] A GRIDScaler (GPFS) RW100GB/s
| A 256GiB Memory, 480GB SSD Nodes x16 \ >

IB EDR (100Gbps) IB EDR (100Gbps)

Computation Network

Mellanox CS7520 Director Switch
A EDR (100Gbps) x216

Bi-direction 200Gbps
) Full bi -section bandwidth




METI AISFAIRC ABCI ®

as the worlds first large scale OPEN Al /nfrastrucf‘ure

AABCE Al BridgingCloud Infrastructure

A Top- Level SC compute & data capability (130200 Al- Petaflopg

A Open Public & Dedicated infrastructure for Al & Big Data Algorithms.
Software and Applications

A Platform to acceleratejomt academlcmdustry R&Dfor Al in Japan

S (A 130-200 Al-Petaflops

A < 3MW Power

A < 1.1 Avg. PUE
(A Operational 2017Q3~Q4

~

gisk  Univ. Tokyo Kashiwa Campus

wstirue o ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (AIST) 12




Extreme computing power
2w/ 130 0200 Al-PFlops for Al, ML, DL

2 x1 millio

ABCI 2 2017Q4~ 2018Q1

n _speedup over high-end PC. 1 Day training for

3000 -Ye
2 TSUBAM

Big Data and HPC converged modern design

2 For advanced data analytics (Big Data) and scientific E\ |
simulation (HPC), etc. i *

ar DNN training job
E-KFC (1.4 Al-Pflops) x 90 users (T2 avg)

2 leverage Tokyo Tech -sTSUBABMEdesign, Dbut
differences/enhancements being AI/BD centric

Ultra high bandwidth and low latency in memory,

network, and storage

2 For accelerating various AI/BD workloads
2 Data-centric architecture, optimizes data movement

Big Data/Al and HPC SW Stack Convergence

2 Incl . res
2 Wide

community  desirable

ults from JST-CREST EBD
contributions from the PC Cluster

amionaL instirute of ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (AIST)
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-SC Accel

Ultra -dense IDC design from ground -up

2 Custom inexpensive lightweight -war e h o bgldrfgy w/
substantial earthquake tolerance
2 Revolutionize traditional IDCs to accommodate

commoditized SCs for Al, x10~x 20 density

Cloud ec