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Tokyo Tech. TSUBAME Supercomputing History

World’s Leading Supercomputer. x100,000 speedup in 17 years developing world-

2000 leading use of massively parallel, many-core technology
Matsuoka
GSIC

r Appo!ntment |

2008 TSUBAME1.2 o
170 TeraFlops 2010 TSUBAME2.0

|

|

|

2000 '
128 Gigafl I 1.3 TeraFlops 80 TeraFIops Word’s first GPU 2.4 Petarlops No1 World

\gatiops . \ No.1 Asia, No.7 World No.1 Production G
Custom First “TeraScale 10.000 cores Supercomputer o.1 Production Green
Supercomputer :JP Univ. Supercomputer ’ ACM Gordon Bell Prize
32 cores | 800 cores General Purpose CPU & Many Core Processor (GPU), Advaned Optical

Networks, Non-Volatile Memory, Efficient Power Control and Cooling

R e T

2013 TSUBAMEZ2.5 = 2013 TSUBAME-KFC '
4118 GPUs Upgraded . TSUBAMES3 Prototype 2017 TSUBAME3.0, > 10 million cores
5.7 Petaflps, No.2 Japan - OilImmersive Cooling 12.1 Petaflops (Al Flops 47.2 Petaflops)
Al Flops 17.1 Petaflops Green World No.1 Green World No1

2015 Al Prototype Upgrade (KFC/DL) HPC and Big Data / Al Convergence



Towards 2.0: Biggest Problem is Power...

Machine CPU Cores
TSUBAME(Opteron) 10480
TSUBAME2006 (w/360CSs) 11,200
TSUBAME2007 (w/648CSs) 11,776
Earth Simulator 5120
ASCT Purple (LLNL) 12240
AIST Supercluster (Opteron) 3188
LLNL BG/L (rack) 2048
Next Gen BG/P (rack) 4096

TSUBAME 2.0 (2010Q3/4) 160,000

Watts

800,000
810,000
820,000
6,000,000
6,000,000
522,240
25,000
30,000

810,000

Peak
Peak MFLOPS/
GFLOPS

Watt

50,400 63.00

--------------------

79,4300 98.06

Watts/
CPU

Core
76.34

72.32

102,200} 124.63
40000 o
77824  12.97

14400  27.57
5734.4 229.38

16384 546.13

--------------------

. 69.63

[ ]
¥

1171.88
490.20
163.81
f12.21
: 7.32

Ratio c.f.
TSUBAME

1.00
0.05
0.10
0.22
1.84
4.38

10.14
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		Machine		CPU Cores		Watts		Peak GFLOPS		Peak MFLOPS/Watt		Watts/CPU Core		Ratio c.f. TSUBAME		Linpack FLOPS/W

		TSUBAME(Opteron)		10480		800,000		50,400		63.00		76.34

		TSUBAME2006 (w/360CSs)		11,200		810,000		79,430		98.06		72.32

		TSUBAME2007 (w/648CSs)		11,776		820,000		102,200		124.63		69.63		1.00

		Earth Simulator		5120		6,000,000		40,000		6.67		1171.88		0.05

		ASCI Purple (LLNL)		12240		6,000,000		77,824		12.97		490.20		0.10

		AIST Supercluster (Opteron)		3188		522,240		14400		27.57		163.81		0.22

		LLNL BG/L (rack)		2048		25,000		5734.4		229.38		12.21		1.84

		Next Gen BG/P (rack)		4096		30,000		16384		546.13		7.32		4.38

		TSUBAME 2.0 (2010Q3/4)		160,000		810,000		1,024,000		1264.20		5.06		10.14






MegaProto [SC2005]

“‘MegaScale” HPC power efficiency project w/H.Nakashima,
H.Nakamura, T.Boku, M.Sato... (2002-2006)

=  Custom node w/IBM, custom PCl-e backplane MB
= 17 nodes in 1U, power, HDD, ...

= Embedded Dual Rail GigE switch, direct chassis-chassis | EE

= 10W/ node, < 300W chassis ' ah& " DA mw._iaﬁ:mmwﬂ-
= Faster than 1U Xeon servers in many apps ey

m But largely ignored... (though predating HPE Moonshot
by 10 years)

CEffecion TM8800
«2.4GFlops@5W

= 480MFlops/W

\« 512MB DDR-SDRAM

A WA T
- 1 g

[ 256MB SDRAM

. 512KB flash
\

HE UNITEDSTATES OPAMEIR!



JST-CREST "MegaScale” [2003 2007]

« "Embedded tech. meets HPC"

 Increased importance w/emphasis
on mobile/ubiquitous computing

e Attain ~x2 with effective DVS
=> 2004 CTWatch J. (Matsuoka ed.)
* Can't attain x10 tho...
— Low hanging fruit
achieved with simple DVS  JsT- gQSES'IZ Ai\segEc}I:cr'eoc’ro rf/SICUZOO5)
OCKe 10
e s
— S|mp|e SlOW cores | Watcn QUARTERLY
limited to weak scaling ":'.j'.:ir'l"
— Conclusion: new devices, new i

architectures, cooling, apps need to
be exploited and optimized as a whole




Aggressive Power Saving in HPC

Server Consolidation GOOd NG'
DVFS

(Dynamic \/Socl'crlclxign;;Frequency GOOd P Oor‘

New Devices Poor Good

(Cost & Continuity)

New Poor
Architecture (st & continuity) Good

Novel Cooling Limited Good

(Cost & Continuity)  (high thermal density)



JST-CREST “Ultra Low Power (ULP)-HPC” Project
2007-2012

Auto-Tuning for Perf. & Power

EFILEERID Bayes fFta  ABCLibScript: 7L X LER

Vector 4
EITEHAMHHF1—=JHEE.
— FYAN IABCLIbS static select region start.— 7 /43" iE
. []
(G PG PU' etc-) Bayes :ET }bt$ ﬁ J 7] ﬁ 2 EFIIZED 1ABCLibS$ par: viﬂ TC) A EBBUTEDND
v ~N(,07) FERMO#E IABCLIDS b
1ABCLib$ ted
2 2
— S— | B.o; NN@U, /Ky) HABCLIBS _(2000"CachoSNBYGOSO'NPIO)_ _ { s e
Y 2 _.2 2 RMEV(FLTYXLT) —/
3 o; ~Inv-x*(vy,04) IABCLIbS  select sub region end /{
| -
»

== 3[4 p PAS = PREFHMORIAT—S | 1ABCLIbS  select sub region start / .
« n ARBEOERT DA 1ABCLIbS  according estimated e

2
- 2 1ABCLI % . X
VG yias s Vi)~ b, (i O 1 5,) IABCLIbS _ (4.0d0"ChcheS*dlog(NB))/(2.0d0"NPrc)

HE2(FLTYXL2) —

- - - T - IABCLIbS select sub region end
th_V0+n’ Ktt_KO+n’ Alln_(K()xl ﬂ+ny1)/’(n 9

Low Power 1ol =+ L0 R -
High Perf Model

ptimization
int

Power Optimize using Noel Components
in HPC

)

Perf. Model
Algorithms

C

Power-Aware and Optimizable Applications Improvement in 10 years





モデルと実測の Bayes 的融合

		Bayes モデルと事前分布







		n 回実測後の事後予測分布





モデルによる

所要時間の推定



所要時間の実測データ



*
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!ABCLib$  static  select region start

!ABCLib$  parameter (in CacheS, in NB, in NPrc) 

!ABCLib$       select sub region start

!ABCLib$       according estimated

!ABCLib$          (2.0d0*CacheS*NB)/(3.0d0*NPrc)

           　　　　対象１（アルゴリズム１） 

!ABCLib$     select sub region end

!ABCLib$     select sub region start

!ABCLib$     according estimated

!ABCLib$         (4.0d0*ChcheS*dlog(NB))/(2.0d0*NPrc)

                        対象２（アルゴリズム２）

!ABCLib$     select sub region end

!ABCLib$  static select  region  end

*





実行起動前自動チューニング指定、アルゴリズム選択処理の指定

コスト定義関数で使われる

入力変数

コスト定義関数

対象領域1、2











ABCLibScript: アルゴリズム選択



*












Slide from Circa 2004 My Prediction for a Petaflops
Machine (as TSUBAME 1 was being designed)

“Future AV Vector-Parallel” “Future PC Vector—
Graphics™

OR

GPU or DSP,

Cell (Chip Vector) + NVIDIA

e | ector ~

- SMT/OMT 256G~ | 1TFlops @ 0.045 C(LEJ-II;);\B?;OF?U
o PSR Multicore SMT/CMT, (Nov. 2006)

PlayStation3 "50Gflops@0.065 L '

(Nov. 2006)

100CPUs/Rack => A 100 Teraflops per Rack



Power efficient GPUs for
HPC? (What? Gaming stuff
for HPC? — at DoE meeting)

2007 GPU-Heavy Proto
Cluster ($$9% by Microsoft)
128 GTX9800 GPUs, 32 nodes

Fantastic perf/W Proteomics
docking app [Y.Akiyama] /w
GPU-optimized FFT [SCO08]
~= 4-rack BG/L, x4 perf/W




TSUBAME 1.2 Experimental Evolution (Oct. 2008) Iml

“Retrofitting a production machlne (live!)” Storage

1.5 Petabyte (Sun x4500 x 60)
0.1Petabyte (NEC iStore)

Voltaire ISR9288 Infiniband x8
10Gbps x2 ~1310+50 Ports"

~13.5Terah ‘ ) Lustre FS, NFS, CIF, WebDAV (over |
(3Tbits bigeGks = 60GB/s aggregate I/0 BW
10Gbps+Externat-Ni [ e 10,000 CPU Cores un x4600 (16 Opteron Cores)
Ahified INfIRTOANC fg%%{"f”v’?hf"wzs 32~128 GBytes/Node
Hiion reads
network ~900TFlops-SFP. ~170TFlops-DFP _ 10480core/655Nodes
80TB/s Mem BW (1/2 ES) 21.4TeraBytes

o . . 50.4TeraFlops
OSL Su 9.10)
!' i il
= PCl-e ClearSpeed CSX600
SIMD accelerator
648 boards,

170 Nvidia Tesla 070, ~680 Tesla cards 52.2TeraFlops
W High Performance in Many BW-Intensive Apps SFP/DFP
: \ ASUCA Weather app [Shimokawabe&Aoki, SC10]
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TSUBAME2.0 Nov. 1, 2010, world 4t" fastest Nov. 2010

3

1€ o CI1C JUL olf 1015 JITIPULE N the VYWOricC
«  GPU-centric (>4000) high performance & low power 232’3;‘:8?5)
« Small footprint (~200m2 or 2000 sq.ft), low TCO 1408 GPU Compute Nodes,
* High bandwidth memory, optical network, SSD storage... 34 Nehalem "Fat Memory" Nodes

Chip
(CPU ,GPU)

Rack ! —_—
TSUBAME 2.0 (8 Node Chassis) . ' 1
New Development *b
201 ACHD
Node Chassis Al
g%?gu;eaggc;e (4 Compute Nodes) U pgigdae
S S
| TSUBBME?2.5

5.7 LEIEHD PS

2.4 PFLOPS

- ”\\} : 4234 GPUs
I3 WL 1.6 TELOPS 6.7 TFLOPS 53.6 TFLOPS >600TB/s Mem BW
: R 5f5 GB/103 GB 220 GB/412 GB 1.7 TB/3.2 TB 220Tbps NW
CPU(Westmere EP) GPUs(Tesla M2050) _ -0 0o oy >1.6TB/s Mem BW >12TB/s Mem BW Bisecion BW
76.8 GFLOPS 515 GFLOPS 80Gbps NW BW 35KW Max 1.4MW Max
32om 3 GB  40nm ~1KW max Integrated by NEC Corporation




TSUBAMEZ2.0=>2.5 Power Improvement
(GPU Update Fermi->Kepler

W23 x

The Green500 List

2012/06 ~ 2012112 U<l <<l L) B8 > ] L>>) Lol
Listed below are the November 2013 The Green500's energy-efficient supercomputers ranked from 1 to 10. masn ®e | [oowos| [202/07] | (2012008 | |20wa09] | [2owzso] | [zovaian] [zowzaz
e o @ oo oo oo oo cwsioo) csronco) 4400
whnon i @ 7issssoo® 7osisico® siasssoo 75720000@) 77013100 76236500 76175800
( teenauu
Rane | MFLOPS/W ‘
an 76425200 756995.00  657893.00  763672.00  818915.00 80905400  828207.00
1 4503147 GSIC Center, Tokyo Institute of TSUBAME-KFC - LX 1U-4GPU/M04Re-1G Cluster, Intel Xeon E5- 2778 =
T Technology 2620v2 6C 2.100GHz, Infiniband FDR, NVIDIA K20x 3000000
I — | B - 11
. . . Wilkes - Dell T620 Cluster, Intel Xeon E5-2630v2 6C 2.600GHz, 25000.00
2 3631.86  Cambridge University P bR ViDL 1oh 52.62 I I I I I I I I I I I I I I I I
3 3517.84 Center for Computational HA-PACS TCA - Cray 3623G4-SM Cluster, Intel Xeon E5-2680v2 10C 7877
T Sciences, University of Tsukuba 2.800GHz, Infiniband QDR, NVIDIA K20x : 1500000
! r
Swiss National Supercomputin Piz Daint - Cray XC30, Xeon E5-2670 8C 2.600GHz, Aries interconnect , 10000.00 2 0 1 2/ 1 2
4 318591 (0o Cecs) PErcompuing  NvIDIA K20x 175366 i ‘
Level 3 measurement data available soeeoe I I I I I | I I I I I I I I I I I
—
5 313095 ROMEO HPC Center - romeo - Bull R421-E3 Cluster, Intel Xeon E5-2650v2 8C 2.600GHz, 8141 5 5
T Champagne-Ardenne Infiniband FDR, NVIDIA K20x ’
G5 enter, |okyo Instiuie o - Cluster Plattorm S 2on
6 3.068.71 Technology 2.930GHz, Infiniband QDR, NVIDIA K20x 92254
. ) . iDataPlex DX360M4, Intel Xeon E5-2650v2 8C 2 600GHz, Infiniband
7 2,702.16 University of Arizona FDR14, NVIDIA K20x 53.62
8 2,629.10 Max-Planck-Gesellschaft MPI/IPP iDataPlex DX360M4, Intel Xeon E5-2680v2 10C 2.800GHz, Infiniband, 26994
NVIDIA K20x
9 2,629.10 Financial Institution iDataPlex DX360M4, Intel Xeon E5-2680v2 10C 2.800GHz, Infiniband, 5562
NVIDIA K20x .
EEHE-S5 x
10 2.358.69 cSIRO CSIRO GPU Cluster - Nitro G16 3GPU, Xeon E5-2650 8C 2.000GHz, 74 2013/06 ~ 201312
30 Infiniband FDR. Nvidia K20m HE & mE [ 2013/06 | [ 2013/07 | 2013/08 | 2013/00 | | [2013710] | [2013/11 ] | 2013/12 |
Py wh @ sszss.00f)  s7ese.oo)  seosc.oof  ssr.oof)  desssoof)  37sss.oof  sss3s.0n
wRE-DN kv @ 7so110.00@ 716679.00@) ssasa.00@ 610408008 es3001.00@) 631956.00@) 637484.00

2013/11 Green 500 #6 in the world .. () N I 7/ . S —
« Along with TSUBAME-KFC (#1) ™= =
« 2014/6 #9 .IIII||

15000.00

10000.00

5000.00

12 3 4's s 7'8'9 10 11 12 131415 16 17 1819 20 21 22 23 24 25 26 27 28 29 30 31

WS — HRiEso0s



TSUBAME2.0=>2.5
System-Wide Power Capping via Scheduling

« 2.0: After the Fukushima accident, turn off 1/3 nodes during summer daytime
« 2.5: Dynamic power capping via power monitoring and resource scheduling

TSUBAMES 2 &rompyig Resources

il ) H ’ "]r-,,_,//,] L— Dynamically

20 k control # active
nodes according
to power cap

Load/Procs

18 k

1]

Mon Tue Wad Thu
O1-min Load O Modes B CPUs B Funning Processes
TSUBAME2.5 Power Profile Yellow=Summer Daytime
TSUBAMEZ Grid Power last 4days
800 k Power capped to
o 800kW during
= am0 k . .
s S oo o o s daytime via

= e - . dynamic power-

Mon Tue Wed Thu

W ALl O 104 W 105 W 114 W =203 W chiller Capped SCheduling
we developed




TSUBAME-KFC/DL: TSUBAMES3 Prototype [[CPADS2014]

Oil Immersive Cooling+ Hot Water Cooling + High Density Packaging + Fine-
Grained Power Monitoring and Control, upgrade to /DL Oct. 2015

High Temperature Cooling Cooling Tower:
Oil Loop 35~45°C Water 25~35°C
= Water Loop 25~35°C = To Ambient Air
(c.f. TSUBAME2 7~17°C) N’

Container Facility |
20 feet container (16m?)
Fully Unmanned Operation




Modern Al is enabled by Supercomputing

e 25 years of Al winter after failure of symbolic logic based methods
(e.g., Prolog, ICOT) -> resurrection by DNN, basic algorithms in the
1980s but too expensive -> HPC made machines 10 million times
fasterin 30 years -> expensive training now possible

* Recenttrendsrequire more supercomputing power
— Deeper, more complex networks (Capsule Networks)
— Complex, multidimensional data (e.g., 3-D Hi-Res images)

Why deep learning

@
o
=
(4]
£
o
=
L]
[a

— Increasing training sets (incl. GANSs) R e
b Cou pl i ng With h igh—fi del ity Si m u I ations How do data science techniques scale with amount of data?
Fig. 2: Andrew Ng (Baidu) "Wh?t I?’ata Scientists Should
— EtC. Know about Deep Learning
g g0 Egﬂmﬂgﬂagﬂmﬂ
g g 1 gdanandiiennins
oaafan]ul TRyl lyn gt O T g g
T




what is meant by Convergence of HPC & AI?

e Acceleration of Simulation (first principles methods) with Al
(empirical method)
e Interpolation & Extrapolation of long trajectory MD
e Reducing parameter space on Paretho optimization of results
e Adjusting convergence parameters for iterative methods etc.
e Al replacing simulation
e When exact physical models are unclear, or excessively costly
to compute
e Acceleration of AI with HPC
e HPC Processing of training data -data cleansing
e Acceleration of (Parallel) Training: Deeper networks, bigger
training sets, complicated networks, high dimensional data---
o Acceleration of Inference: above + real time streaming data
e Various modern training algorithms: Reinforcement learning,
GAN, Dilated Convolution, etc.



4 Layers of Parallelism in DNN Training

 Hyper Parameter Search
* Searching optimal network configs & parameters
e Parallel search, massive parallelism required

‘
)

N/
A\

SE SE

* Data Parallelism
* Copy the network to compute nodes, feed different batch data,
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* TOFU: Extremely strongreduction, x6 EDR Infiniband
* Model Parallelism (domain decomposition)

* Split and parallelize the layer calculationsin propagation :' _’
* Low latencyrequired (bad for GPU) -> strong latency tolerant — —
cores + low latency TOFU network ) ::
* Intra-Chip ILP, Vector and other low level Parallelism —, JZaSZa (NG
e Parallelize the convolution operations etc.
* SVEFP16+INT8 vectorization support + extremely high memory Massive amount of
bandwidth w/HBM?2 .
Intra-Node total parallelism,
o only possible via
* Post-K could become world’s biggest & fastest platform .
supercomputing 17

for DNN training!



TOKYO INSTITUTE OF TECHNOLOGY

TOKyO TIECFF

« Data-parallel training with (Asynchronous)
Stochastic Gradient Descent

— Replicate network to all the nodes, feed different data, average the
gradients periodically

Why deep learning

(4]
— Network All-Reduce Reduction in Megabytes~Gigabytes becomes %
the bottleneck at scale g
— NVIDIA: NVLink Hardware + NICL library (up to 8 GPUs on DGX-1, o
16 on DGX-2 w/ NVL Switch) B
G% Node 1 G% _ Node n pa:;:-g:lrg JI
C L ~ C L A C L 5 C L ! / Amount of data
£ q/_oaﬁ L~y L~y
Y150 150 Y~1%0 Y~10 How do data science techniques scale with amount of data?
o’ ool A5 A5
Fig. 2: Andrew Ng (Baidu) “What Data Scientists Should

Know about Deep Learning”

3. Update
parameters
3. Update
parameters

S —
1. Compute

w
frar]
=
@
=
@
-
Bo

T

gradients
3. Update
parameters

—_
S ——
1. Compute
—_

3. Update
parameters
gradients

I

gradients

|

Fig. 3: Simplified DL workflow with ASGD per iteration:
1. Compute gradient
2. Exchange gradients via all-reduce; and

A L) e A — 3. Update network parameters Jens Domke
Dece mber 4, 20 1 8 y 2. Compute the sum using aII-redulce - = 1 8

.




Predicting Statistics of Asynchronous SGD Parameters fora Large-Scale

Distributed Deep Learning System on GPU Supercomputers
Background

In large-scale Asynchronous Stochastic Gradient Descent
(ASGD), mini-batch size and gradient staleness tend to be

Proposal

large and unpredictable, which increase the error of trained

DNN

DENSO ITLAB

4 Objective function £

DENSO IT LABORATORY, INC.

Mini-batch size I m l
Staleness=0 TSUBAME
Tokyo Institute of Technology
W |
Twice asynch.ror'wous +3)
updates within
gradient computation
W(H—l) i
Stal =2
/ VEz' aleness
DNN parameters space

>

We propose a empirical performance model for an ASGD
deep learning system SPRINT which considers probability
distribution of mini-batch size and staleness

Mini-batch size Staleness
o n 4 nodes Nsubbateh = 1 7 Nsubbateh = 1
g e Predicted
T ‘ 16 nodes Measured
o
S T4 T T T I I ] T |!
100 200 300 400 500 600 0 2 4 6 8 10
Nsubbatch = 11 7] Nsubbateh = 11
£ o Predicted
8 o]
e
n_ p—
S _
o

100 200 300 400 50

Measured

NMinibatch Nstaleness

(Nsubbatch: # of samples per one GPU iteration)

*  Yosuke Oyama, Akihiro Nomura, Ikuro Sato, Hiroki Nishimura, Yukimasa Tamatsu, and Satoshi Matsuoka, "Predicting Statistics of
Asynchronous SGD Parameters for a Large-Scale Distributed Deep Learning System on GPU Supercomputers”, in proceedings of
2016 IEEE International Conference on Big Data (IEEE BigData 2016), Washington D.C., Dec. 5-8, 2016



TOKYO INSTITUTE OF TECHNOLOGY

_I'EI?’H /EE FF—

Pursur'ngfxceﬂencf«’InterconneCt Performance as important

as GPU Performance to accelerate DL

« ASGD DL system SPRINT (by DENSO IT Lab) and DL speedup prediction
with performance model

The Optimal Predicted Configurations of CNN-A on TSUBAME-KFC/DL

Nrie X Tgpu
Tepoch = Average .
poc Niode X Naprv X Nsubbatch Nyote | Nsubbaten mini-batch size Epoch time[s] Speedup

— Data measured on T2 and KFC ) 1779

(both FDR) fitted to formulas m 7 7 1462 1.22
— Allreduce time (€ Teru) dep. on 12 1 166.6 1.43
#nodes and #DL_parameters 8 15 1715 1128 1.58
Tparriert Fig. 4: Oyama et al. “Predicting Statistics of Asynchronous SGD Parameters for a
(ﬂ ]0g2(NNode) + .8) x i}'FPm‘am Large-Scale Distributed Deep Learning System on GPU Supercomputers

 Other approaches == similar improvements:

— Cuda-Aware CNTK optimizes communication pipeline = 15%—23% speedup
(Banerjee etal. “Re-designing CNTK Deep Learning Frameworkon Modern GPU Enabled Clusters”)

— Reduced precision (FP[16|8]|1]) to minimize msg. size w/ no or minor accuracy loss



Overview of TSUBAMES.O
BY TES-centric Architecture, Scalaibility to all 2160 GPUs,
all nodes, the entire memory hiearchy

.

== Full Operations
= Aug. 2017

Full Bisection Bandwidgh

Intel Omni-Path Interconnect. 4 ports/node
Full Bisection/ 432 Terabits/s bidirectional
~x2 BW of entire Internet backbone traffic
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DDON GRIDScalar
BDM EXAScaler

Intel Xeon CPU x 2+NVIDIA Pascal GPUx4 (NV-Link)
256GB memory 2TB Intel NVMe SSD
47.2 Al-Petaflops, 12.1 Petaflops




TSUBAME3.0 Co-Designed SGI ICE-XA Blade (new)
- No exterior cable mess (power, NW, water)
- Plan to come a tuture product
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TSUBAME3: A Massively BYTES Centric Architecture for Converged BD/Al and HPC

Intra-node GPU via NVLink Terabit class network/node Intra-node GPU via NVLink
20~40GB/s_ 800Gbps (400+400) 20~40GB/s
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itched

AEIRENL 3, . i 7

ny “Big” Data in theilll

A

DDR4 system can be movec
i 2 gg g /s to anywhere via
RDMA speeds
Intel Optane minimurm
1.5TB f 2GB/s 12‘5(.58" tes/s
(planned) 16GB/sPCle also with Sfream 16GB/sPCle
Fully Switched Processing Fully Switched
NVMe Flash Scalable to all 2160
2TB 3GB/s tie GPUs, not just 8

—J
~4 Terabytes/node Hierarchical Memory for Big Data / Al (c.f. K-compuer 16GB/node)
=» Over 2 Petabytes in TSUBAMES3, Can be moved at 54 Terabyte/s or 1.7 Zetabytes / year



TSUBAME3: A Massively BYTES Centric Architecture for Converged BD/Al and HPC

Intra-node GPU via NVLink Intra-node GPU via NVLink

20~40GB/s 20~40GB/s

HBM2"

64GB
2.5TB/s. . > - - . .
ny “Btg Data in th - ' — . '
DDR4
stem can be mo
256GB o PN . 2% 3
150GB/s &\ L) JOSINNETe vio e
— : RDMA speeds -
| e e
. minimum

Intel Optane 12.5GBytes/s

1.5TB 12GB/SE—== T

(planned) I\ also with Stream

. y Switched L Processing Fully Switche -
NVMe Flast IScalable to all 2160 ;

83y 44 — .
2TB3GB/s it/ GPUs, not just 8

26

e

~4 Terabytes/node Hierarchical Memory for Big Data / Al (c.f. K-compuer 16GB/node)
=» Over 2 Petabytes in TSUBAMES3, Can be moved at 54 Terabyte/s or 1.7 Zetabytes / year



Tsubame3 Highly Efficient Datacenter
Machine PUE ~=1.03 (~1.1 w/storage)

Space Efficient

Power, water, and cablingare all
B  abovewith ceilingsupport, for
. space efficiency and freedom of
|ayout o [ 1
Over 100t total floor Ioad IDC space ~= 130 m2 Max 32 degrees Celsius water

Low Electrical

Distribution Loss

420V High Voltage to minimize
electrical distributionlossand
cheapercabling

Reinforced “Slab-Like” flat floor
surface.
Over 1t/m?floor load

Ultra High Density

Year-round free “warm-water”
cooling with coolingtower, PUE
= 1.03, machine power ~=
facility power

Efficient Warm-
Water Cooling

Plplng and cabllng hang from the

420V Tri-Phase AC Power
ceiling




Warm Water Cooling Distribution in T3

On the ground chillers

Rooftgvp free cooling tower (shared with Tsubame?2)
Il - 1MB Cooling Capacity 2MW Cooling Capacity
Eetum 40 degreesC Return 24 degrees C
]
¢ - _ y
Outgoing 32 degrepsC Outgomg_i? degreesC
| > |

In-Room Air-Con
for Humans

| A
o | ]
.:] ‘ Storage

Compute Node
HPE SGI ICE XA Backup Heat Exchanger Interconnect SW 100KW Max

A4
1




TSUBAME3.0 became the first large
production petaflops-scale
supercomputer in the world to be #1
on the “Greenb00” power efficiency W
world ranking of supercomputers

14.1 Gigaflops/W is more than x10
more efficient than PCs and
Smartphones!

500 CERTIFICATE

Tsubame 3.0, a modified HPE ICE XA System at the
GSIC Center, Tokyo Institute of Technology

is ranked
—— No. 1 inthe Green00 ——

amang the World's TOPS00 Supercompulers
with 14.1 GFlops/Walt Linpack Power-Efficiency
on the Greenhll List published at 1SC High Performance, lune 19, 2017

Congratulations from the Green300 Editors

........
firgir wrginia Tech

i
L

Award Ceremony at
ISC2017 @ Frankfurt

Jokyo Tech/ HPE
Benchmarking Team



The current status of Al & Big Data in Japan e
We need thetriage of advanced algorithms/infrastructure/data but we lack C’

the cuttingedgeinfrastructure dedicatedto Al & Big Data(c.f. HPC) AiRC
Al Venture S tartups
Joint @@L AIST @ b < ‘] R&D ML Big Companies Al/BD
RWBC | sstiibiiiisanee | A IES *
Open Innov. _ AIST-AIRC | ATRC P efereL(l;Fl Alg orithms R&D (also Science)
Lab (OIL) || RRLEAE Nr tworks SW ITI_9\B M,zmo Seeking Innovative
a (Director: Matsuoka) S

Al/BD Centers &

Riken
NICV:E Labs in National
E _AIP (ICV == NicT-

RIKEN ucrl Labs & Universities
C‘z_/ucm |

Massive Rise in Computing
% SAKURA Internet Reqwrements(l AI PF/person’)

. . Application of Al &
Data
. ABEIJA DeN

@ Use of Massive Scale Data now
Wasted

Petabytes of Drive _FA&Ofvha ORIV
Google
Cloud P%“”” ] DENSO Recording Video FANUC
amazor Windows Azure e FA&RobotS

l 7 webservices v @m
TOYOTA
—esmzs, (524 B BB A AT Y,
Web access and
merchandice

Massive “Big” Data in ; loT Communication,
g “Big%Data

location & other data

In HPC, Cloud continues to
be insufficient for cutting
edge research =>
dedicated SCs dominate &

racing to Exascale Infrastructures Training

O,

SoftBank NTT




ABCI: Al Bridging Cloud Infrastructure
"Architecting Ultra Efficient AI-HPC IDC"

« Open, Public, and Dedicated infrastructure for Al & Big Data d ABCI

Al Bridging Cloud Infrastructure

Algorithms, Software, and Applications

« OpenInnovation Platform to accelerate joint academic-industry R&D
for Al, international collaborations are also welcome

« Top-level compute capability: 0.55 EFLOPS (DL), 37 PFLOPS (DP)
« Top-level energy efficiency: lower PUE
« All design and implementations will be open-sourced

Universities
Research Institutes

aiie
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b 381
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Companies

({™@N Autonomous
S cars

Manufacturing

Open InndVéflon P-I.é-t'fofm'fbr AlIR&D
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AIST ABCI Hardware Overview

High-Performance Computing System
550 PFlops(FP16), 37.2 PFlops(FP64)
476 TiB Memory, 1.74 PB NVMe SSD

Computing Nodes (w/ GPU) x 1088

£X GpPU NVIDIATeslaV100SXM2 x 4

'n,,o CPU Intel Xeon Gold 6148 (2.4GHz/20cores) x 2
B Memory 384GiB

= | ocal Storage Intel SSD DC P4600 (NVMe)1.6TBx 1
r’ Interconnect  InfiniBand EDR x 2

Multi-platform Nodes (w/o GPU) x 10

* Intel Xeon Gold 6132 (2.6GHz/14cores) x2
+ 768GiB Memory, 3.8TB NVMe SSD

Interactive Nodes x 4 Management and Gateway Nodes x 15

Interconnect (Infiniband EDR)

* Mellanox CS7500 x 2
* Mellanox SB7890 x 229

Service Network (10GbE)

—

Large-scale Storage System
22 PB GPFS

DDN SFA14K (w/ SS8462 Enclosure x 10) x 3

* 12TB 7.2KrpmNL-SAS HDD x 2400
»« 3.84TBSAS SSD x 216
* NSD Serverx 12

Protocol Nodes, etc x 8

!

Gateway and Firewall

* Nexsus 3232C x2
* FortiGate 1500D x2
+ FortiAnalyzer 400E x1

100Gbps

32



AIST

= ABCI High-Performance Computing System

0.550 EFlops(FP16), 37.2 PFlops(FP64)

19.88 PFlops(Peak), Ranked #5 Top500 June 2018 Systely

Rack (32 Racks)

Node Chassis
(2 Compute Nodes)

Compute Node
Chips (4GPUs, 2CPUs) i :
(GPU, CPU) —
e

PRIMERGY 1088 Compute Nodes

4352 GPUs

PRIMERG X400 M4

Tesla V100 Skylake-SP  (x2570 M4
GPU: CPU:

7.8 TFlops(FP64) 1.53 TFlops(FP64) 34.2 TFlops(FP64) 68.5 PFlops(FP64)  1.16 PFlops(FP64)  37.2 PFlops(FP64)
125 TFlops(FP16) 3.07 TFlops(FP32) 506 TFlops(FP16) 1.01 PFlops(FP16)  17.2 PFlops(FP16)  0.55 EFlops(FP16)

(=3 | coEinmrool o)

~3.72TB/s MEMBW ~131TB/sMEMBW ~4.,19 PB/s MEM BW
NVIDIA Tesla V100
(16GB SMX2) 384 GiB MEM Full Bisection BW within Rack  1/3 of Oversubscription BW
200 Gbps NW BW 70kW Max 2.3MW

1.6TB NVMe SSD



AIST

= ABCI Computing Node

FUJITSU PRIMERGY Server (2 serversin 2U)
CPU Xeon Gold 6148 (27.5M Cache, 2.40 GHz, 20 Core) x2
NVIDIA Tesla V100 (SXM2) x4

384GiB DDR4 2666MHz RDIMM
Local Storage 1.6TB NVMe SSD (Intel SSD DC P4600 u.2) x1

CPU blade

Skylake-SP Skylake-SP

128GB/s 128GB/s

DDR4-2666 Xeon Gold IRSsAIERE] Xeon Gold

32GB x 6

IB HCA (100Gbps) PCle gen3 x16

PCle gen3 x16

DDR4-2666
32GB x 6

TPYTTRL] B HCA (100Gbps)

GPU blade

PCle gen3 x16
. X48 switch x64 switch |

NVLink2 x2
TeslaV100 SXM2 X 4 TeslaV100 SXM2

-

TeslaV100 SXM2 » < TeslaV100 SXM2



AIST

= ABCI Computing Rack / Interconnect

SPINE#1| |SPINE#2

CS7500| | CS7500 n Dense -packaged rack: 34 nodes, 136 Tesla V100
‘ ‘ Theoretical peak performance per rack :
13 OVEF_SEUSECQF;LW‘ BW 1.16 PFlops (FP64), 17 PFlops (FP16)

c.f. Google TPU 3.0 Pod (>100PFlops)
« Power consumption per rack: 67.33 kW

FBB#1 | FBB#2 | FBB#3 FBB#1 | FBB#2 | FBB#3
SB7890|SB7890|SB7890 SB7890|SB7890|SB7890 B Interconnect
Full bisection BW Full bisection BW * Fat-tree topology
IB-EDR x 72 IB-EDR x 72 - Intra-rack: full bisection BW
« Inter-rack : 1/3 over-subscription (2400/6800)
LEAF#1|LEAF#2|LEAF#3|LEAF#4 LEAF#1|LEAF#2|LEAF#3|LEAF#4 R _ . ‘
SB7890|SB7890|SB7890|SB7890 SB7890|SB7890|SB7890/SB7890 La rge scal_e storage system: | ' ‘ / S ‘,’
full bi-section BW m .‘-,,7 rlI'\
............ )\7/
7~ N 7= Y v ] 1] Sl 5
59 lex [2lg 3|3 =92zl lglg 3|3
Sloll|oS| oo 3|8 Slol| oS |o|o S8
N[N NN NN Nl Nt N[N N[N NN = [
Lo e Lo LA | 0|0 L L0 Lo [ AR | ‘el
SILKIR| KRS S SILUKLIK| KRS sy
olo|||o]al] [o]o SIS Slof||o|a]| |o]o SIS
CX400 | CX400 | CX400 CX400 CX400 | CX400 | CX400 CX400 InfiniBand EDR x4
#1 #2 #3 #17 #1 #2 #3 #17 InfiniBand EDR X6

Rack #1 Rack #2 InfiniBand EDR x1




@ @Y
e ‘

ABCI Procurement Benchmarks AT RC
e Big Data Benchmarks e AI/ML Benchmarks
— (SPEC CPU Rate) - Low precision GEMM
— Graph 500 e CNN Kernel, defines “Al-Flops”
— MinuteSort — Single Node CNN
- Node Local Storage I/0 * AlexNetand GoogleNet
— Parallel FS 1/0 e [LSVRC2012 Dataset
— Multi-Node Scalable CNN
_. e Caffe+MPI
NO trad|t|0na| HPC - Large Memory CNN
. . e Convnet on Chainer
Simulation Benchmarks _RNN / LSTM
except SPEC CPU. e Neural Machine Translation on
) Torch
Plan on “open-sourcing”

FTTTROEA P et i R =S T Z P 36



AIST

Container is critical for AI R&D

e |ang2program (referred in ACL2017) s e e 3 20

<> Code Issues 1 Pull requests © Projects O wWiki Insights -
. .
https://github.com/kelvinguu/lang2program =
—
u u ® 8 commits 11 branch < O releases 22 3 contributors Apache-2.0

- - Branch: master ~ New pull request Create new file Upload files | Find file | [ Gll b el
I OV I e a S a O C e I I e £ kelvinguu add a gitignore Latest commit 85a@f97 on 7 Jun

configs/rieng Add all files 3 months ago

dependency Remove obsolete code 3 months ago

— Bunch of software needed to be run

w

months ago

3 months ago

third-party/gtd Add all files 3 months ago

- -gitignore add a gitignore 2 months ago

=1 Dockerfile Add all files 3 months ago

e Tensorflow, PostgresQL, Python Pip Packages, etc. -

= README.md Merge remote-tracking branch ‘origin/master’ 2 months ago

- - L] - - = gtd Add all files 3 months ago

= launch _docker Add all files 3 months ago

o IS NOT possible To run It on traditiona
£ scone.md added program syntax documentation 2 months ago

large-scale HPC systems

Introduction
- - - Authors: Kelvin Guu, Panupong (lce) Pasupat, Evan Zheran Liu, Percy Liang
— I I I I I I I I I I I I W I Source code accompanying our ACL 2017 paper, From Language to Programs: Bridging
Reinforcement Learning and Maximum Marginal Likelihocod.
Also see:
—
— ® An introduction to SCONE, the context-dependent semantic parsing dataset that we evaluate

on.

= Reproducible experiments on our worksheet at CodalLab.org.

— Docker
=> Security reason

git clone https://github.coms/kelvinguu/lang2program.git

mkdir —p lang2program/data

<d lang2program/data

wget http://nlp.stanford.edusdatasglove.6B.zip # GloVe vectors

unzip glove.6B.zip —d glove.6B

wget https://nlp.stanford.edu/projects/scone/scone.zip # SCONE dataset
unzip scone.zip

R )

The resulting data directory should look like tF

« data;/
© glove.6B/

e We're developing an easty—to-ma nage and
rm

flexible-to-use platfo or deploying Al FEFIU
apps as “modules” .

This script will download the appropriate Docker image if

nationaL nstirute o ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (AIST)


https://github.com/kelvinguu/lang2program

AIST

Al Frameworks & Modules

e Host OS only provides the minimum
set of software including:

Caffe | Chainer | TensorFlow || MXNet || Torch

. . . DL
_ Base dr|VerS, |Ibrar|eS Images for Deep Learning Frameworks
Y7, " - . based HPCB
e “Base” modules provide customized R
OS images including: [Ubuntu }[Debian]{ CentOS ]{Fedora]{ SUSE ]
— CUDA, cuDNN, NCCL, MPI, etc. Base
7] 17 . . Base OS Images
e “DL" modules provide deep learning incl. CUDA, CUDNN, NCCL, MPI, Infiniband
frameworks and apps, which extend
”Base” images. MPI GPU Infiniband GPFS
e We mainly employ Singularity as the Host OS

incl. Base Drivers, Libraries

basis of our Al platform.

nationaL nstirute o ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (AIST)



AIST

2% ABCI Software Stack
& Software

CentOS, RHEL

Univa Grid Engine

Docker, Singularity

OpenMPI, MVAPICH2, Intel MPI

Intel Parallel Studio XE Cluster Edition, PGl Professional Edition, NVIDIA CUDA SDK, GCC, Python, Ruby, R, Java, Scala, Perl
Caffe, Caffe2, TensorFlow, Theano, Torch, PyTorch, CNTK, MXnet, Chainer, Keras, etc.

Hadoop, Spark

& Container support

« Containers enable users to instantly try the state-of-the-art software *
developed in Al community
. ABCI supports two container technologies docker
* Docker, having a large user community
« Singularity, recently accepted HPC community
« ABCI provides various single-node/distributed deep learning framework
container images optimized to achieve high performance on ABCI

El The image part with relationship ID rId5 w.




AIST

22 ABCI Cloud Services

& Service Types

_ Batch job service 1/512
Interactive job service 1/32
Advanced reservation service 1/32
Shared storage service N/A

Applications

Job Bootstrap
Service Type

Resource Alloc.

Compute Nodes

Natively installed System-provided / User-defined
software User-defined containers ~ containers
[ Singularity M Univa Docker Docker
+ -
Spot / On-demand J[ Reserved Dedicated
A v
Univa Resource Allocation ex-Univa allocation
Shared Dedicated

X ABCI provides batch and interactive-type job execution service for maximizing throughput,
advanced reservation service for dedicated use of nodes, IDE, and storage services.



AIST

22 ABCI Cloud Services

& Resource Types
X Users can choose the most suitable computing instance from five resource types.

Tvoes #CPU core #GPU Memory (GB) | Storage (TB)
yp Assign / Total | Assign / Total | Assign / Total | Assign / Total

F (Full Node)

C.small

40 / 40
20 / 40
5/40
20 / 40
5/40

4/4
4/4
1/4
0/4
0/4

360 / 384 1.4/ 1.6
240 / 384 0.7/ 1.6
60 / 384 0.175/ 1.6
120 / 384 0.7/ 1.6
30 / 384 0.175/ 1.6

G.small




AIST

100% Free Cooling over the Entire Year

e Free cooling using a passive

§ Warm.and Wet

cooling tower Ai om<

— © Low OPEX. No active chiller g | ot weter
(mechanical refrigeration) = n

- X Generated water temperature is é- Cold Water
depended on the external weather s #%. | Cold and Dfy
(temp. and humidity) Air In {

e Hybrid water/air cooling with :

h I g h - te m pe ra tu re CO O | I n g Wa te r https://www.sinko.co.jp/pro;uct/technical-column/09/
(32°C)




AIST

AI Datacenter
“Commoditizing supercomputer cooling technologies to Cloud
(70

®m Single floor, cost effective building

B Hard concrete floor 2t/ m2 weight
tolerance for racks and cooling pods

Outdoor Faciliti
= Number of Racks

High Voltage Transformer « Initial: 90 (ABCI uses 41 racks)
« Max: 144

® Power capacity: 3.25 MW
« ABCI uses 2.3MW max

m Cooling capacity: 3.2MW
« 70kW/rack: 60kW water+ 10kW air

Passive : 3 = Wit - ’,
Chillers Cooling T L adSE f
Tower . -
Cooling Cooling
capacity: capacity:
200kW 3MW

72 Racks




January 16, 2017




October 30, 2017
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AIST

Cooling Pod

e Modularization of DC facilities:
rack space, water/air cooling
and power equipment

e No raised floor and skeleton 1
frame built on concrete slab IO OO T

e Effective air cooling by hot
. . ] | «—Water Circuit .
aisle containment @
e Ease of maintenance J AL Lo [}

Hot Aisle 48U Server Rack

Front view Side view



AIST .

Inside Cooling Pod

Hot aisle




Jan 20718
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AIST

3¢ Hybrid Water/Air Cooling System

Cooling Pod / Rack

Computing Node

1st closed
circuit

2nd closed
circuit



AIST

Survived the extreme heat this summer!

Water Temperature [*C]

40

35

25

N
o

Free cooling is possible during
the first grand challenge on 22-

15

32°C ooy b LW _______i_______'___’
gl W et YA

26 July 2018.

10
7/22/2018 0:00

7/23/2018 0:00

Cooling Water (To ABCI):
<32°C

Max./min. temperature in Kashiwa in July 2018

| L

- 10

7/24/2018 0:00 7/25/2018 0:00 7/26/2018 0:00
=L

nationaL nstirute o ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (AIST)
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ABCI (Al

AAIC (AIST Al TSUBAME3.0
Cloud)

Institution
Deployment
#Nodes

Throughput Al
Processor

#GPUs
Peak FP64
Peak DL
TOP500*
GREENS500*

Nodes / Rack
GPUs / Rack
kW / Rack
AI-FLOPS / rack

AIST
2017
50

NVIDIA Tesla
P100

400
2.2 PF
8.6 PF
287

7

48
22 kKW
0.9 PF

Tokyo Tech
2017
540

NVIDIA Tesla
P100

2160
12.2 PF
47.2 PF
19

6

36

144
64.8 kW
3.1 PF

Bridging Cloud)

2018
1088

NVIDIA Tesla
V100

4352

37.2 PF

550 PF

5 (#1 Japan)
8

34

136
67.33 kW
17 PF

ORNL
2018/2019
4608

NVIDIA Tesla
V100

27648

200 PF
3.3 EF
1

3)

16
96

45-55 kW (est.)
12 PF

Google
2018
NA

TPU 3.0

NA
NA
100 PF / Pod
NA
NA

NA
NA
NA

12.5 PF
(100 PF /8 racks)

(As of June 2018)
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TOP500 List (June 2018)

| seen | e oy iy it

1 Summit, ORNL

2 TaihuLight, NSCW Sunway, SW26010

3 Sierra, LLNL

4 Tianhe-2, NSCG

5 ABCI, AIST

6 Piz Daint, CSCS

7 Titan, ORNL

8 Sequoia, LLNL

9 Trinity, LANL/SNL

10 Cori, NERSC-LBNL

IBM, POWER9 + GPU(GV100) USA 122,300.0

China 93,014.6
IBM POWER9 + GPU(GV100) USA 71,610.0
NUDT, CPU + Matrix-2000 China 61,444.5
Fujitsu, CPU + GPU(V100) Japan 19,880.0
Cray, CPU + GPU(P100) Switzerland 19,590.0
Cray, CPU + GPU(K20x) USA 17,590.0
IBM, BlueGene/Q USA 17,173.2
Cray, MIC(KNL) USA 14,137.3
Cray, MIC(KNL) USA 14,014.7

187,659.3

125,435.9
119,193.6

100,678.7

32,576.6

25,326.3
27,1125
20,132.7
43,902.6

27,880.7

8,806
15,371

18,482
1,649
2,272
8,209
7,890
3,844

3,939

nationaL nstirute o ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (AIST)



Comparing ABCI to Classical IDC
Al IDC CAPX/OPEX accelerartion by > x100

Perf >

x400~600

| Power Eff >
x200~300

= A
= 0

Open Source” IDC
~70KW/rack PUE 1.0x
~500 Tera AI-FLOPS(HFP) / server
~17 Peta AI-FLOPs / rack
Inexpensive, very high cooling efficiency (PUE~1.1)

Traditional Xeon IDC . e
~10KW/rack PUE 1.5~2 ABCI “
15~20 1U Xeon Servers

2 Tera AI-FLOPS(SFP) / server
30~40 Tera AI-FLOP / rack
Low cooling efficiency



Fusion Recurrent Neural Network (FRNN)

Alexey Svyatkovskiy, Julian Kates-Harbeck, Bill Tang | Alan lam] e
2 Tmesmc? j_ ;
[Qutput: Dierupion coming? | [ ouput | loupw| - |output|
Objective Rt oo [ mL
Master DI L ey LT "
Use machine learning to predict dlsruptlons / |_J \ S0t
parameier |.I:I Vi ." Signals: Sigrals |S|g'mh| Sigrals
in ITER class fusion reactors \ L Loomahcss mpiide f
V) R . mﬂmrm [oe sigmais] a2 Lesgua]c]  [50smmate] 0|
] fuimas : Bt fon o\ [fony
M |, : | |, ) | - | - T;.LT::;-[.E::WJ" [ seran [ signa ] Ll ]
Mo (v Moo (W hiooe (W lemparatura, dancily| wes
3 layer LSTM inlensorflow - | EllE — Toomms (7= Tet
300 cells per layer In»m- IH_“ IM R
Mata Mala Mtz Mol
Contributions i .
Prediction 30ms before disruption is 96%
which is much better than SVM and RF
0.8
- oot RNN 0.96
. |
=== |deal saling j 5
o SVM (fine tuned) 0.89
W 1 2
et -
& 0.4
& Random Forest (.88
~ 10
2.2
10°
10 10 10° 20

N 0.c 0.2 0.4 0.b 0.3 1.0
GPU FP rare
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ABCI-PRP: Grand Challenge Project

e Gerald Pao, Salk Institute; George Sugihara, SIO

e Creation of nheuromorphic deep learning

architectures by large-scale dynamic modeling of
transparent fish brains on ABCI

ABCI is ideally suited to perform the convergent cross
mapping (CCM) to interrogate the relationships
between the ~120,000 neurons of the larval zebrafish
brain during exposure to various stimuli

‘ CheCk Wassaponas POSter (PP25)' ‘ Fror:ePao, 2018. Green are neurons, red are active

urons responding to hypoxic environment.

wstrrute oF ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (AIST)



Traning ImagelNet in Minutes
RioYokota, Kazuki Osawa,6hei Tsuji, Yuichiro Ueno, Hiroki Naganuma,Shun Iwase,Kaku Linsho
TOk)’O Institute ofTechnoIogy + Akira Naruse (NV|D|A)

Facebook 512 30 min
Preferred Networks By 15 min
UC Berkeley 2048 14 min
Tencent 2048 6.6 min
Tokvn Tech + AIST 4096 ? min

Validation Error

A

Source Ben-nun & Hoefler https://arxiv.org/pdf/ 1802.0994 | .pdf

Minibatch Size




ImageNet/ResNet-50 Training in XXX Seconds (world record)

Yoshiki Tanaka, Hisahiro Suganuma, Hiroaki Mikami, Pongsakorn U-chupala, Yuichi Kageyama  Sony Corporation

Successfully trained ImageNet/ResNet-50 in XXX seconds with Neural Network Neural
\

o : T Network
Libraries developed by Sony without significant accuracy loss on ABCI Libraries

Issues of Large-scale Distributed DNN training with a massive GPU cluster

Issue 1 Issue 2
Communication overhead of gradient Accuracy loss with large mini-batch
synchronization among GPUs training
. .
Approach Approach
2D-Torus topology comprises of multiple Increase batch size in response to the
rings in horizontal and vertical orientations progress on DNN training
10
X RING Vo RING T RING Vi : o Smallerbatchsize for
v I | 1 2 sharper losslandscape  Larger batchsize for
FING Ho & e GPU(O,00H (1,0) Ja=zxd (x-1,0) |» 2ol NO e ~ flatter loss landscape
R S 0, 1) M (@,1) Jeee{OCLD) | ol — .
- - - = e
. . u 0
RING Hy_, _ : - : - ! 11 21 1 41 51 61 71 81 epoch
_(O';'l) R T Batch size : 34K 68K 85K M9K
N of GPUs: 1088GPU 2176GPU 2720GPU 3808GPU



Apr 1 2018 Became Director of Riken-CCS: S

Science, of Computing, by Computing, and for Computing RCCS

Riken Center for Computational Science (R-CCS)
World Leading HPC Research, active collaborations w/Universities, national labs, & Industry
Sci. of Computing Sci. by Computing
Foundational research on computing in high Breakthrough Science & Technology using high

performance for K, Post-K, and beyond towards the | performance computing capabilities of K, Post-K
“Post-Moore” era, including future high and beyond to address the issues of high public

performance architectures, new computing and concern, in areas such as life sciences, climate &
programming models, system software, large scale | environment, disaster prediction & prevention,
systems modeling, big data analytics, and scalable advanced manufacturing, applications of machine

artificial intelligence / machine learning learning for Society 5.0.

H.|gh .Resolutlo.n, High sl Smar A Novel Future High |
Fidelity Analysis & Performance Computing
Simulation Sci. for Computing Architectures & Algorithms

New Materials & Electronic Devices e.g., Photonics,
Neuromorphics, Quantum, Reconfigurable




¥ The K computer & the facility 1

RIK=H “Mm - d{cs

* The K computer:
e Computing Capability 10.51 PetaFlops (HPL score)
* Power Consumption 12-15MW
*  Water/Air cooling ratio 70 : 30

* Operation start 28 September, 2012
* Facility:
¢ Gas Turbine Power Generator 5MW x 2 Electric power source balance
e |Chiller(absorption) 1700USRt(5.98MW) x 2 Provider: Generator = 70 : 30
«  Chiller(Centrifugal) | 1400USRt(4.93MW) x 2, 700USRt(2.46MW) x 2
 Air handlers, voltage tra anormers, etc.
Gas Co-generation System (CGS) energy reuse
Gas turbine Electricity

power generator

Absorption chillers
~30% >& Chilled water

RIKEN ADVANCED INSTITUTE FOR COMPUTATIONAL SCIENCE

Gas |:>




* Electric power
A private contract with a regional power supply company until FY2016.
A competitor appeared for FY2017 supply contract renewal, then we
introduced competing bidding.
e -—->The challenger beat the champion then the electric power cost
decreased by 10% and no minimal consumption constraint is included.

fixed rate

rasssne

e ---> No quality degradation observed so far.
¢ Gas ot fixed rate
« A contract based on a floating gas rate until Jun.2015. ST s;j;tggla;
A fixed rate service has started since Aug.2015. |
* Inour case, a fixed rate, which is determined 6 month ago, “ >
is applied for 1 year. © L:J{;
 ---> Consequently, the fixed rate level was higher than the é

floating for 2 years, but the trend was reversed recently.

.:‘_“..'
. L floating rate
e --->|f the fixed rate contract needs more cost, it is

beneficial for us because no shortage/residue is guaranteed. 5015 201

6

2017

2018

RIKEN ADVANCED INSTITUTE FOR COMPUTATIONAL SCIENCE



KN Lessons learned for CGS operation  cm

1. Generation efficiency of gas turbine

power generator increases when it is

driven at higher output level.

 ex.when generator is driven at 50%
output level, efficiency decreases by

30%.
2. When power generator is driven at
higher level, richer steam is also

generated then power consumption of

chillers can be saved.

 ex.when generator is driven at 50%
output level, power consumption of

chillers increases by 30%.

ower generator should be driven at higher output level.

D ngeration [evel vs eﬁlciencv

4.

Higher is bette

=
tn

Generation efficiency
(kWh/m3)

| 50% 100%
Generation output level TkWY
Generation level vs power consumption of ¢

0.5

0.0

g 2100 *
— — »
+ “»
o E 1900 g * * . *
E ~— :. Tl @ hd ° -
3 4 170 o ® .
G 30%| “ oo tuel °
8 E 1500 LXY . .l' ®e .
g "'L—, 1300 B
; o v - ! .y
o - E . |
Q 1100 g B ;
(] ! L 3 1
! (0] | (0]
900 g :50/0 ' 100%)
2500 3000 3500 4000 4500 5000 5500

Generation outEut level ‘sz

RIKEN ADVANCED INSTITUTE FOR COMPUTATIONAL SCIENCE
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CGS operation impr
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=e=normalized electricity rate —s—normalized gas rate

—&tcs

In actual operation, optimal
operation could not be
achieved for some periods
due to higher gas rate or
constraint from contract (ex.
minimal power
consumption)

New power supply contract
including no minimal power
consumption and gas
supply contract with fixed
rate also help us to improve
energy efficiency.



70%

50%

30%

Reduction of power consumption of air handlers contributed to decrease PUE.

Power consumption and PUE
——d{cs

Monthly power consumption and PUE (Sep.2012-M

ARG

L Computing resources mm Cooling{chillers, etc.) i Cooling(air handlers, etc.)  =PUE{}49)

RIKEN ADVANCED INSTITUTE FOR COMPUTATIONAL SCIENCE

ay
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R Japan Flagship 2020 “Post K” o
JepL Supercomputer

* Many core, Xeon-Class ARM v8 cores + 512
bit SVE (scalable vector extensions)

e Multi-hundred petaflops peak total

* Power Knob feature
v'"Memory

v'3-D stacked DRAM, Terabyte/s BW /chip
v'Interconnect

* TOFU-D CPU-integrated 6-D torus network
* |/O acceleration with massive SDs
e 30MW+ Power, liquid cooled

* Riken co-design with Fujitsu oo oon | ouz 2022 |

Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q3 Q4

* ? Million cores in system [ == S > 69

installation, and Tunin




R Post K The Game Changer n

e 1. Heritage of the K-Computer, HP in simulation via extensive Co-Design
“ - = . High performance: up to x100 performance of K in real applications
 Multitudes of Scientific Breakthroughs via Post-K application programs
* Simultaneous high performance and ease-of-programming

2. New Technology Innovations of Post-K Global leadership not just in

High Performance, esp. via high memory BW
Performance boost by “factors” c.f. mainstream CPUs in many
HPC & Society5.0 apps

Very Green e.g. extreme power efficiency
Ultra Power efficient design & various power control knobs

the machine & apps, but as
cutting edge IT

L

Arm Global Ecosystem & SVE contribution _

Top CPU in ARM Ecosystem of 21 billion chips/year, SVE co- ’ e o i
design and world’s first implementation by Fujitsu (

High Perf. on Society5.0 apps incl. Al Ui

Architectural features for high perf on Society 5.0 apps based CPU

on Big Data, AI/ML, CAE/EDA, Blockchain security, etc. BB

Technology not just limited to Post-K, but into societal IT infrastructures e.q. Clouds



3 From K to Post K LS

K computer Post K
Voltage 3-phase AC 200V ->
Peak Power 15MW 30-40MW
Idol Power ~10MW >10MW
Fluctuation width ~5MW 10~18MW
Rack weight ~1t ~2t
Cooling ratio(water:air) 65:35 90:10
Water supply 441/rack/min 1171/rack/min




RIKEH

power consumption (MW)
& o o ©o N » o ®

N

o

Power consumption fluctuation on K

Typical power consumption history (4/14-15, 2016)

—Site total ——K computer only

\

Al W II Ll

' A 1

' (1
I

|

—

Nl M&« ,Jlll

\
4 ’: >

Large scale job mode I Normal mode

* Inthe normal mode, the power consumption changes gently due to mixture
of many jobs which have different power consumption profile.

_* Inthelarge scale job mode, the width of fluctuation become wider than that

of normal mode because thereis only one huge job.

4/15 14:00
4/15 20:00

4/14 0:00
4/14 2:00
4/14 4:00
4/14 6:00
4/14 8:00
4/14 10:00
4/14 12:00
4/14 14:00
4/14 16:00
4/14 18:00
4/14 20:00
4/14 22:00
4/15 0:00
4/15 2:00
4/15 4:00
4/15 6:00
4/15 8:00
4/15 10:00
4/15 12:00
4/15 16:00
4/15 18:00
4/15 22:00

_* The power consumption trend of the K computer dominates that of site total.

@) ||
R-CCS



2 Cooling in the idle and peak (in future)

peak (??MW)

<>

=

peak is too higher %
without 3rdand 4th (A
absorptionchillers |&
operation mv

idle (??MW)
idle is too lower for 3rd
and 4th absorption
chillers operation y

1~ 2hours
< > ,
------ > —terTrChiter—y
4 ~4.9MW
/7
, / Electric chiller
/7 ~4.9MW
Absorption
Electric chiller chiller
4.9MW ~5 MW
] ] ] ] Absorption
Electric chiller Electric chiller chiller Electric chiller
~4.9MW ~4.9MW ~5 OMW ~4.9MW
Absorption Absorption Absorption Absorption
chiller chiller chiller chiller
~5.9MW ~5.9MW ~5.9MW ~5.9MW
Absorption Absorption Absorption Absorption
chiller chiller chiller chiller

~5.9MW ~5.9M ~5.9MW ~5.9MW
3 ate 2% ge ator & 3™ and 4™ absorptia <

* Ifthe gap between the idle and peak become huge, cooling supply might not in
time due to the activation latency of absorption chillers.
* How can we bridge the gap?

@) ||
R-CCS



2 Thermal storage tank (long duration pea

E—

k o
R-CCS
'@ : ";‘ = AR T

BT

* Specs
* Water capacity : 210 tons
* Charge/Dischargetime:
e charge : 200 min.
* discharge : 40 min. (2.9MW) — 80 min. (1.4MW)
* Water temp. : 8~18C

* Cost : 2 million USD (approx.)



@ Supercapacitor (short duration peak) ® ||

RIK=H R'ccs
A
S
AC > 5
S
a : )
capacitor
A
narrower
_AC Ipeac - pcoc | BS width lower peak
\_ N
e —————————{bcu el - : )

| “
 Capacitor is expected to work to suppress the sharp fluctuation.

* height of peaks will be lower
e width of fluctuation will be narrower



A - ] ARM 64fx
= Post K Fujitsu A64fx Processor iS::* ~3TFDFP/~1TB/s  wdcs

e a Many-Core ARM CPU::: 160W TDP incl mem, HCA

e 48 compute + 2 or 4 assistant (OS) cores e | [

e Brand new core design U N1 R S \

e Near Xeon-Class Integer performance core = EEE): i cae =

e ARM V8.2 --- 64bit ARM ecosystem BE Ry s o W o Sacil N gl
o Tofu-D + PCle 3 external connection Sl e | S el
f aoe)! | © | [ \

e ---but also a GPU-like power efficient processor ! § > gﬁ{gi:c:,[ic:—ﬂ»%:gﬁ: AN §
e SVE 512 bit vector x 2 (ARM & Fujitsu) L= B0 § \ [EEE =1
. Integer (1, 2, 4, 8B) + Float (16, 32,64B) = —~—"TtY—me——-J"""""

o Shallow cache + localization (sector cache) Skylake Xeon

e HBM2 3D memory — Massive Mem BW (Bytes/DPF 6¢ch DDR4 2666
~0.4), 840GB/s _ 1.7TF DFP/21.3GB/s x 6 / chip
. Streaming access, strided, scatter/gather etc. 250~300W TDP incl mem, HCA

e Intra-chip barrier synch. and other memory enhancing 5

features

e GPU-like High performance in HPC, AI/Big Data, Auto

DI‘iVin e 3x16
20018/3/13 9 o 10



R Post-K A64fx AO (ES) performance cm

RIKEH

- Performance / CPU Machine Performance (HPC)

Peak TF Peak Mem. Stream Et‘i(:::: DGEMM Linpack GF/W Network BW
(DFP) BW Triad B/F Efficiency Efficiency Per Chip

Post-K A64fx TOFU-D
ng. S S 6 7% > . S

(AOE 2373;14 1024GB/ 840GB/ 0(')3;; 94 % 87.7% 15 40.8GB/
Sample) ' ' (6.8x 6)
Intel KNL  3.0464 600GB/s 490GB/s 0.20 66% 54.4 % 4.9 12.5 GB/s
Intel Skylake 1.6128 127.8GB/s 97 GB/s 0.08 80 % 66.7 % 4.5 6.2GB/s
NVIDIA V100 0 160GB/s
(DGX-2) 7.8 900GB/s 855GB/s 0.12 76 % 15.113 6.2GB/s



Performance

e
FUJITSU

B A64F X boosts performance up by microarchitectural enhancements,
512-bit wide SIMD, HBMZ2 and process technology

« > 2.5x faster in HPC/Al benchmarks than SPARC64 XIfX (Fuijitsu’s previous HPC CPU)

* The results are based on the Fujitsu compiler optimized for our microarchitecture and SVE
AB64F X Benchmark Kernel Performance (Preliminary results)

Normalized to

SPARC64 Xlfx

(PRIMEHPC FX100)
N

2 2.5TF
(>90%)

d
0 . —
DGEMM

Baseline FX100 ($parc 64 fxIX)

830

8
Throughput HPC Application | Al
(DGEMM / Stream) Kernel |
|
6 |
Memory B/W/|  [512-bit SIMD| | Combined L1$B/W L2$ BIW b
: Gather dot product

GBIs
(>80%)
Stream Fluid
Triad dynamics

Atomosphere

Seismic wave
propagation

—L,

Convolution
FP32

Convolution

Low Precision
(Estimated)

But how fast is that c.f. Xeon?

Baseline: SPARC64 Xifx ( PRIMEHPC FX100)

14

All RightsReserved. Copyright © FUJITSU LIMITED 2018



NAS Parallel Benchmark of FX100,;,

[Slide by Ikuo Miyoshi, Fujitsu, SSKen2015]
B OpenMPERER VT ./ — R NEE AR ST
FX101=33 9 % /— st YitgEm FEE

9
8
7
j_l..:’\ 6
& 5 |
i 4 |
#Hi3 1 — — i
) [ I - I i
1+ I |
Note: Haswell: 0 1 . T. T. T.
1 node =2 chips
32 threads&cores S’E*%?'f 7\737353 ﬁﬁﬁﬁfﬂka ] "97\ ;&‘J N 7 Ovh = E CG,% E’Jitﬁll
FX100: 1 node = tAEVIVIN [D— UIT?@ F4 7 SAYVIVIN| A=)
1 chip L FX1'6 16 ALY F) FX1 00(327\ Ly k) ®Haswell(32A Ly I* )T
32 threads&cores + I5—NN—IFCPURIKE%E1.9CGHZC EELBIMEGEDEREERT

FX100(% . FX10t F1493.9/% . Haswelltt 8 1.312D ) — FH1=DE & 4 g

{# 31— F: NAS Parallel Benchmarks Ver. 3.3.1 OpenMPhR 75 AC

79 Copyright 2015 FUJITSU LIMITED




Fiber ( Post-K) MiniApp on FX100:jisu
LS*I&@;&W lkuo Miyoshi, Fujitsu, SSKen2015]

774& EREYA X FT4h X ALy R8I x TOTA%
(ZEMBFX10., FX100. Haswell)

CCS QCD 32%x32%x32x%32 BiCGStab 16txX2p 32tx1p 16tx2p

NICAM-DC-MINI  gl05rl00z80pe10 Dynamics 3tx 10p

FFB-MINI 1,048,576 &% MAIN_LOOP 1tx32p 8tx4p 1tx32p

FFVC-MINI 256 x 256 X 256 Total 4t x 8p 16t X 2p

NTChem-MINI taxol RIMP2_Driver 1tx32p 16tx2p 2tx16p

B AIERGR

FX10I1=X39 % /— Rép 7= Uit aEm EEE

6
5
== FX100I% . FX10EL 143,315,
:E-I 3 Haswelltt E1#591.42 D /— F
Note: Haswell.: g 2 Hi=Ditge
1 node=2chips # 1 -
32 threads&cores 0 -
) FFVCIZ (X BAFERRI YV )N1 5. NTChemlC
FX100:1 node = CCS NICAM-DC — FFB FFVC  NTChem (& FRAFREFESITIVEER., QCDTIE
1 chip QCD -MINI ~ -MINI  -MINI  -MIN| %0y 2 FE.
32 threads&cores  mFX10(2/—F) ®mFX100(1/—K) mHaswell(1/—F) FFBTIZL—-7")0-Yv) Da-F EEEE

Fin

no

80 Copyright 2015 FUJITSU LIMITED




Power Management (Cont.)

B “Power knob” for power optimization

A64FX provides power management function called “Power Knob”
Applications can change hardware configurations for power optimization

O
FUJITSU

— Power knobs and Energy monitor/analyzerwill help users to optimize power consumption of

their applications

<A64FX Power Knob Diagram> _ .
Decode width: 2 EX pipeline usage : EXA only Frequency reduction
B ?etc_h _E Issue Dispatch '\ Reg-Read | Execute E Cache and Memory E Commit |
| \:/ : . > CSE |
| e
| N <J, e > RSA B Perr \[ % B Store —L ) | Pe |
NG — E: EXA 3| Port L1D
o = oexe | = o
| ! > RSEO | ! gre— ’:\ — | b Wite . |
I Predictor | —3 PPR % PrRX A~ i I
| > RSET [T il ! |
| Ay px— I
I 52 core4
: ———,

FL pipeline usage: FLA only

Tofu controller

16

! 1 1
; :
| ! !
~HBM2 Controller ;| PCI Controller

HBM2 B/W adjustment (units of 10%)

All RightsReserved. Copyright © FUJITSU LIMITED 2018



Post-K Chassis, PCB (w/DLC), and A64fx CPU Package FUJITSU

|
i
|
4
A

,,,,,,

/if i a
Y [ @) | CPU mm
| ¥ | 280 |
; mm | v
¥ - R
= ¥ 60
1 mm
W 800mm E Pl |
D1400mm ey B CPU Package
H2000mm v v : :
384 nodes W om @0 Chip Boo_ted in June
CMU Undergoing Tests
B0 unde
FUJITSU CONFIDENTIAL u rway

Copyright 2018 FUJITSU LIMITED



Higher-density Node Configuration FUJITSU

B The CPU is smaller and the off-chip channels are halved
¥ The number of 3D-stacked memories was halved from 8 to 4
W Each Tofu link was reduced from 4 lanes to 2 lanes

B More resources are integrated into the CPU

® The number of CPU Memory Groups (NUMA nodes) doubled from 2 to 4
® The number of Tofu Network Interfaces increased from 4 to 6

e e e e e —— ==y —— ==y

( I / 1! I
' HMC| HMC | HMC | HMC ! CPARGES i ' |HBM2| |1 HBM2| ! .
— > enel——+eNe
: 'r—__ PCle |« ! ! ' —__PCle
I o S —— R BEIRICIECINEBIEIR I S I
: | gl BT 2! | i | i BT 2!
' [ S5 | X A ST 5.
l —a—_ || S 81 |- f--- -4 ||Ne @ T S
_________ I_“ ———INIT 2 [0 20 [ £ NOC £ et I TNIZ £ L =
ettt Aatal y=3—-- | O[T « _f__. __*___ | ST «!
S 4 4 = >
| [Nz §l L g0 |ieooe) ! goee) [Too S g
I ! «—> C [ (eR (o35 (o3 A (o3 N WA (031 (03 (03] (05 _’"IEIZE"’ > C
: Lo 8 S ! | - Lo 2 &
I L e Y | Hy by — » G9!
;! | I [ |
CMEI— — 2 —— ! eMei——6eM | )
I 1 TTTTTT T T T T T I ' Tt TTm T T T
' HMC| HMC | HMC | HMC ! ' HBM2| |' HBM2 |
] \ Iy !
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Injection Rates per Node FUJITSU

B Simultaneous Put transfers to multiple nearest-neighbor nodes
W Tofu1 and Tofu2 used 4 TNIs, and TofuD used 6 TNIs

_ Injection rate Efficiency

Tofu1 (K) 15.0 GB/s 77 %
Tofu1 (FX10) 17.6 GB/s 88 %
Tofu2 45.8 GB/s 92 %
TofuD 38.1 GB/s 93 %

B The injection rate of TofuD was approximately 83% that of Tofu2

B The efficiencies of Tofu1 were lower than 90%
M Because of a bottleneck in the bus that connects CPU and ICC

B The efficiencies of Tofu2 and TofuD exceeded 90 %
M Integration into the processor chip removed the bottleneck

September 11th, 2018, IEEE Cluster2018 84 Copyright2018 FUJITSU LIMITED



An Overview of Post-K Hardware .
e Compute Node, Compute + I/0 Node |
connected by 6D mesh/torus Interconnect

e 3-level hierarchical storage system

o 1%t Layer
. Cache for global file system
. Compute Node + Compute&IO Node
. Temporary file systems e e e e W
- Local file system for compute node o mm b
- Shared file system for a job i s i s =i =

SIO&CH[***| ON ese  SID&ECN***  CN  |ess s loes
- - . . . Frontend

. Ismicul---' N T [S08GNRwe ON s slof&CN_"" N e bl b b
. Lustre-based global file system @I |
o 3rd La yer 1/0 Network ‘
[ Maintenance Network
| |

. Storage for archive

] Shared File Systems | Pre/Post

|
1 Archive Archive | Node
I Server Server ||

N —
ool P>

-3" Y -_;"""‘-‘

e >100,000 nodes
e X100PF, >100PB/s mem BW

R o Approaching 10 million
s 200@RPYU cores




R Massive Scale Deep Learning on Post-K ¢m

R-CCS

Post-K Processor

@ High perf FP16&Int8 Unprecedened DL scalability
€ High mem BW for convolution .
@ Built-in scalable Tofu network High Performance and Ultra-Scalable Network

, . for massive scaling model & data parallelism
High Performance DNN Convolution

~ | TOFU Network w/high
injection BW for fast
reduction

Low Precision ALU + High Memory Bandwi ynprecedented Scalability of Data/
dth + Advanced Combining of Convolution

Algorithms (FFT+Winograd+GEMM)




R Selecting the Optimal Convolution Kernel a

e NEW! Micro Batching: Tokyo Tech. and Evaluation: WR using Dynamic Programming
ETH [Oyama’ Tan’ Hoefler & MatSUOka’ * u-cuDNN achieved speedup on forward convolution of
IEEE Cluster 2019] exNetcomz
e Use the “micro-batch” technique to select

the best convolution kernel
. Direct, GEMM, FFT, Winograd . —
. Optimize both speed and memory size ctadnnConvolut ionForward of AlexNet convz on NVIDIA Tesla P100-5XM2

e On high-end GPUs, in many cases Winograd
or FFT chosen over GEMM

. They are faster but use more memory
e Currently implemented as cuDNN wrapper,

Evaluation: WD using Integer LP

oS B IMPLICIT_GEMM

O IMPLICIT_PRECOMP_GEMM
@ GEMM

© = FFT
B FFT_TILING
o B WINOGRAD_NONFUSED

size [MiB]

0 20 40 60 80 100 120

applicable to all frameworks s
e For Post-K, (1) Winograd/FFT are selected e
more often, and (2) performance will be

A desirable configuration set of AlexNet conv2 (Forward)

SI m I I a r to G P U S I n S u Ch Ca Ses Each bar represelrtisir;?:;gr:t?ci;fg:;?csr:f;gtoc-:)s(iz“lzs and algorithms



Evaluation: WD using Integer LP



A desirable configuration set of AlexNet conv2 (Forward)

Mini-batch size of 256, P100-SXM2

Each bar represents proportion of micro-batch sizes and algorithms 

1
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Evaluation: WD using Integer LP








Evaluation: WR using Dynamic Programming

μ-cuDNN achieved 2.33x speedup on forward convolution of AlexNet conv2

cudnnConvolutionForward of AlexNet conv2 on NVIDIA Tesla P100-SXM2

Workspace size of 64 MiB, mini-batch size of 256

Numbers on each rectangles represent micro-batch sizes

2.33x

2.09x

1
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Evalation: WA using Dynamic Programming






Large Scale simulation and AI coming together S|
w  [Ichimura et. al. Univ. of Tokyo, IEEE/ACM SC17 Best Poster] RCCS

130 billion freedom
earthquake of entire Tokyo
on K-Computer (ACM
Gordon Bell Prize Finalist,
SC16,17 Best Poster)

Candidate Candidate
Underground A| Trained by Undergrounc

Structure 1 Structure 2

e Simulation to generate
Too Many Instances candidate soft soil 88

PN

Earthquake




Cutting Edge Research Al Infrastructures in Japan |,
Accelerating BD/AI with HPC (w/accompanying BYTES)

(and my effort to design & build them) | Al-ExaFlopera
In Preparation i : 2020 Post-K
. ? | )
In Production Aug 2018 i Multi Al-
Aug. 2017 x11.7 ABCI (AlST-AlRC) : EXGfIOpS
In Production 47.2 AI-PF (65 8 Al-PF I
raer
Mar.2017 %5.8 w/Tsubame?2.5) : orde Ofd
In Production AIST Al Cloud I magni tude
B - x5.8  (AIST-AIRC/NEC) | over ABCI
8.2 Al-PF |
S| 1
[ S
QO
: 6@( Q\a
B | I
LS ' R&D Investmentsinto world leading
Oct. 2015 AI/BD HW & SW & Algorithms and their || .o
TSUBAME-KFC/DL co-design for cutting edge Infrastructure|| ==
(Tokyo Tech./NEC) absolutely necessary (just as is with o
1.4 Al-PF(Petaflops) Japan Post-K and US ECP in HPC)




	Green Computing Involves  a lot of Innovations but also a lot of�Sweat
	Tokyo Tech. TSUBAME Supercomputing History�World’s Leading Supercomputer. x100,000 speedup in 17 years developing world-leading use of massively parallel, many-core technology�
	Towards 2.0: Biggest Problem is Power… 
	MegaProto [SC2005]
	JST-CREST “MegaScale” [2003-2007]
	Aggressive Power Saving in HPC
	JST-CREST “Ultra Low Power (ULP)-HPC” Project 2007-2012
	Slide from Circa 2004 My Prediction for a Petaflops Machine (as TSUBAME 1 was being designed)
	Power efficient GPUs for HPC? (What? Gaming stuff �for HPC? – at DoE meeting)��2007 GPU-Heavy Proto Cluster ($$$ by Microsoft)�128 GTX9800 GPUs, 32 nodes��Fantastic perf/W Proteomics docking app [Y.Akiyama] /w GPU-optimized FFT [SC08]�~= 4-rack BG/L, x4 perf/W
	TSUBAME 1.2 Experimental Evolution (Oct. 2008)�“Retrofitting a production machine (live!)”
	TSUBAME2.0 Nov. 1, 2010, world 4th fastest Nov. 2010�“The Greenest Production Supercomputer in the World”
	TSUBAME2.0=>2.5 Power Improvement �(GPU Update Fermi->Kepler)
	TSUBAME2.0=>2.5�System-Wide Power Capping via Scheduling
	TSUBAME-KFC/DL: TSUBAME3 Prototype [ICPADS2014]
	Modern AI is enabled by Supercomputing
	What is meant by Convergence of HPC & AI?
	4 Layers of Parallelism in DNN Training
	Deep Learning is “All about Scale”�Massive Parallelization is the key
	Predicting Statistics of Asynchronous SGD Parameters for a Large-Scale Distributed Deep Learning System on GPU Supercomputers
	Interconnect Performance as important as GPU Performance to accelerate DL
	Overview of TSUBAME3.0�BYTES-centric Architecture, Scalaibility to all 2160 GPUs, all nodes, the entire memory hiearchy
	TSUBAME3.0 Co-Designed SGI ICE-XA Blade (new)�- No exterior cable mess (power, NW, water)�- Plan to become a future HPE product
	Slide Number 23
	Slide Number 24
	TSUBAME3: A Massively BYTES Centric Architecture for Converged BD/AI and HPC
	TSUBAME3: A Massively BYTES Centric Architecture for Converged BD/AI and HPC
	Tsubame3 Highly Efficient Datacenter�Machine PUE ~= 1.03 (~1.1 w/storage)
	Warm Water Cooling Distribution in T3
	Slide Number 29
	Slide Number 30
	ABCI: AI Bridging Cloud Infrastructure�“Architecting Ultra Efficient AI-HPC IDC”
	Slide Number 32
	Slide Number 33
	Slide Number 34
	Slide Number 35
	ABCI Procurement Benchmarks
	Container is critical for AI R&D
	AI Frameworks & Modules
	Slide Number 39
	Slide Number 40
	Slide Number 41
	100% Free Cooling over the Entire Year
	Slide Number 43
	Slide Number 44
	Slide Number 45
	Slide Number 46
	Slide Number 47
	Slide Number 48
	Slide Number 49
	Slide Number 50
	Slide Number 51
	Slide Number 52
	Slide Number 53
	Slide Number 54
	Survived the extreme heat this summer!
	Slide Number 56
	TOP500 List (June 2018)
	Comparing ABCI to Classical IDC�AI IDC CAPX/OPEX accelerartion by > x100
	Fusion Recurrent Neural Network (FRNN)
Alexey Svyatkovskiy, Julian Kates-Harbeck, Bill Tang
	ABCI-PRP: Grand Challenge Project
	Training ImageNet in Minutes
	Slide Number 62
	Apr 1 2018 Became Director of Riken-CCS: �Science, of Computing, by Computing, and for Computing
	The K computer & the facility
	Efforts for better contract
	Lessons learned for CGS operation
	CGS operation improvement
	Power consumption and PUE
	Japan Flagship 2020 “Post K” Supercomputer
	Post-K: The Game Changer
	From K to Post K
	Power consumption fluctuation on K
	Cooling in the idle and peak (in future)
	Thermal storage tank (long duration peak)
	Slide Number 75
	Post K Fujitsu A64fx Processor is…	
	Post-K A64fx A0 (ES) performance
	Performance
	NAS Parallel Benchmark of FX100�[Slide by Ikuo Miyoshi, Fujitsu, SSKen2015]
	Fiber ( Post-K) MiniApp on FX100�[Slide by Ikuo Miyoshi, Fujitsu, SSKen2015]
	Power Management (Cont.)
	Post-K Chassis, PCB (w/DLC), and A64fx CPU Package
	Higher-density Node Configuration 
	Injection Rates per Node
	An Overview of Post-K Hardware
	Massive Scale Deep Learning on Post-K
	Selecting the Optimal Convolution Kernel
	Large Scale simulation and AI coming together�[Ichimura et. al. Univ. of Tokyo, IEEE/ACM SC17 Best Poster]�
	Slide Number 89

