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DNN Circa 2018
Basically achieved w/HPC underneath

hiuman
performance

Image Classification Error Rate
Armatures: 5.1 97.53%
Professionals: 2%

ResNet (Microsoft):3.57%

Facial Recognition
Humans 97.53%

DeepFace (Facebook):97:35%

FaceNet (Google)99.63%
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Game of Go: Human Pro vs Al
AlphaGo (Google DeepMind)h®
4851 B8 H)

(Slide courtesy Naonori Ueda @ Riken AIP)
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4 Layers of Parallelism in DNN Training

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

e Data Parallelism SASSASSESEISANSE

* Copy the network to compute nodes, feed different batch data, — %ﬁ%:‘:gﬁé’ v%::: %:%::; %:%::% :g:%::%

Inter-Node | average => network bandwidth bound ‘;f:gf;*.‘;f:gé §f:§f§ :;f:gf :;f:gf ;f:gf?
e TOFU: Extremely strong reduction, x6 EDR Infiniband PRI IR I

 Model Parallelism (domain decomposition)

e Split and parallelize the layer calculations in propagation => b):ﬁ*: ,
‘v v’ (<X v’r’{

Network latency bound 0 05109 P .‘;252:.1:352:. |,

e Low latency required for (bad for GPU) -> strong latency tolerant zci%}:‘i:{:«t %fé“&%i‘é‘:
cores + low latency TOFU network N S SIS H—

——————————————————————————————————————————————————————————————— ‘\‘ 0\‘ .
* Intra-Chip ILP, Vector and other low level Parallelism
e Parallelize the convolution operations etc. Massive amount of
*SVE FP16+INT8 vectorization support + extremely high memory | lleli
(Chip level) only possible via
supercomputing -

e Post-K could become world’s biggest & fastest platform
for DNN training!
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Data-parallel training with (Asynchronous)
Stochastic Gradient Descent

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

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, x
16 on DGX-2 w/ NVL Switch) =
Node 1 Node n ~100M J
parameters
GP GP GPU
C ! D C, Ve //O e Amount of data
L~y /_3 Loy
O,A\OJ/O Oétj’/‘o _\w/O How do data science techniques scale with amount of data?

Fig. 2: Andrew Ng (Baidu) “What Data Scientists Should
Know about Deep Learning”
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Fig. 3: Simplified DL workflow with ASGD per iteration:
1. Compute gradient
2. Exchange gradients via all-reduce; and

A — Mini-batch A — 3. Update network parameters
L sreor® Jens Domke

2. Compute the sum using all-reduce

Network becomes the bottleneck 5

.




Predicting Statistics of Asynchronous SGD Parameters for a Large-Scale

Distributed Deep Learning System on GPU Supercomputers
Background Proposal

* Inlarge-scale Asynchronous Stochastic Gradient Descent ¢ We propose a empirical performance model for an ASGD

(ASGD), mini-batch size and gradient staleness tend to be deep learning system SPRINT which considers probability
large and unpredictable, which increase the error of trained  (istribution of mini-batch size and staleness

DENSO TTLAB
R ? Mini-batch size Staleness
Objective function E e RomeR e T2 nodes Nowmaen—1 ] " —
Mini-batch size g °© Predicted
Staleness=0 T J%UB&ME & )‘ ﬂlG nodes Measured
okyo Institute of Technology g | I I
o T | | ] ] I | ] ]
W(t) : 100 200 300 400 500 600 0 2 4 6 8 10
Twice asynchronous Nsubbatch — 11 ] Nsubbatch = 11
updates within z _ | Predicted
gradient computation 8 5
W(t+1) | ° |
100 200 300 400 50
i Staleness=2 NMminibatch Measured Nstaleness
DNN parameters >bace (N, ppatch: # Of samples per one GPU iteration)

* Yosuke Oyama, Akihiro Nomura, lkuro 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
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Pursur'nyfxceﬂenceInterconneCt Performance a_S 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

Npite X Tapu
Tepoch = Average .
poc Nyode X Napu X Nsubbatch Nyode | Nsubbateh mini-batch size Epoch time(s] Speedup

— Data measured on T2 and KFC 8 1779
(both FDR) fitted to formulas m 7 79 _ 1462 1.22
— Allreduce time (€ Teru) dep. on 12 R 166.6 1.43
#nodes and #DL_parameters 8 15 1715 1128 1.58
TBarriert

Fig. 4: Oyama et al. “Predicting Statistics of Asynchronous SGD Parameters for a
(ﬂ 1052 (NNﬂde) + :B) X NrParam Large-Scale Distributed Deep Learning System on GPU Supercomputers

« Other approaches == similar improvements:

— Cuda-Aware CNTK optimizes communication pipeline = 15%—23% speedup
(Banerjee et al. “Re-designing CNTK Deep Learning Framework on Modern GPU Enabled Clusters™)

— Reduced precision (FP[16]8|1]) to minimize msg. size w/ no or minor accuracy loss
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TSUBAME3.0 Co-Designed SGI ICE-XA Blade (new)

- No exterior cable mess (power, NW, water)
- Plan to be
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TSUBAME3.0 became the first large production
petaflops-scale supercomputer in the world to
be #1 on the “Green500” power efficiency W
world ranking of supercomputers

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

The

500 CERTIFICATE

Tsubame 2.0, a modified HPE ICE XA System at the
GSIC Center, Tokyo Institute of Technology

is ranked

—— No. 1in the Greenb00 ——

amang the World's TOPS00 Supercompulers
with 14.1 GFlops/Walt Linpack Power-Efficiency
an the Greendd List published at 150 High Performance, June 19, 2017

Congratulations fram the Green300 Editors

| -_ -
et v
‘Wakena =t Kirk Camrsimn

wWiryiren Tuch wrginia lech

Award Ceremony at
ISC2017 @ Frankfurt

Jokyo Tech / HPE
Benchmarking Team



TSUBAMES3: A Massively BYTES Centric Architecture for Converged BD/Al and HPC
Intra-node GPU via NVLink

Terabit class network/node
_20~40GB/s__

Intra-node GPU via NVLink

HBM2
64GB
2.5TB/s '

REENEL . .

‘Big” Data

ny “
DDR4 system can be move
256GB g to anywhere' via
150GB/s
/ RDMA speeds
el oot minimum
ntel Optane
L5TB 12GB/s 12.5§Bytes/s
(olanned) 16GB/s PCle also with Sfream 16GB/s PCle
— Fully Switched Processing Fully Switched
NVMe Flash _ Scalable to all 2160
2TB 3GB/s satie /o GPUs, not just 8
g

~4 Terabytes/node Hierarchical Memory for Big Data / Al (c.f. K-compuer 16GB/node)

13
=» Over 2 Petabytes in TSUBAME3, 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
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PoRs tem can be moved - _

256GB — ‘1% e U

150GB/s to-anywhere via LAV
RDMA speeds ey ) _.

intel Opt minimum

fasig iy 12:5GBytes/s

1.5TB 12GB/s

also with Stream | T¢
(planned) .
y Switched Processing Fully Switched
NVMe Flast “ IScalable to all 2160
2TB 3GB/s &K GPUs, not just 8
w

~4 Terabytes/node Hierarchical Memory for Big Data / Al (c.f. K-compuer 16GB/node) 1

=» Over 2 Petabytes in TSUBAME3, Can be moved at 54 Terabyte/s or 1.7 Zetabytes / year



The current status of Al & Big Data in Japan e

We need the triage of advanced algorithms/infrastructure/data but we lack

@’

the cutting edge infrastructure dedicated to Al & Big Data (c.f. HPC) AiRC
Al Venture Startups
Joint ~auAIST @’ rp( ‘] R&D ML Big Companies Al/BD
RWBC | s soevcs AL JESd ;
Lab (OIL) || RRIEAF tWO"kS SW |'|'|_0\B M,zmo Seeking Innovative
(Director: Matsuoka) T o . .
o (Direct R.It( Al/BD Centers & . — gprllcatlon of Al &
Iken NI = L Panasonic ata
s AP | o e Labe & Universte . M Detl
G UCR/ |

@ Use of Massive Scale Data now

Massive Rise in Computing Wasted

% sakura incernee. Requirements (1 AI PF/person'-’)

Petabytes of Drive FA&OR vk a 0K 7YY
Google  mml
S P%“”” ] DENSO Recording Video FANUC
amazor Windows Azure FA&RObOtS

l I webservices

rovora = QAR
—esmzs [ F BEEEHZA

In HPC, Cloud continues to
be insufficient for cutting

edge research => AI&Dat

dedicated SCs dominate &
racing to Exascale Infrastructures Training

©

Web access and SoftBank ~ NTT

merchandice

Massive “Big” Data in : loT Communication,
& “Big%Data

location & other data



HREXR - BEHEEH - A—T>
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B QQA B C I Al Bridging Cloud Infrastructure

s R MY ITLAILOETELIERE &
> — S IEEE d

m AILEEYIST—AID7ILTVX L VI RDTT,
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HME—oMEE 550 PFlops (RFHE)
37 PFlops (f&¥&HE)
SENERE(Linpack) : 19.88 PFlops (554, EP14I)
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AIST
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AIST

ABCI Procurement Benchmarks

e Big Data Benchmarks
— (SPEC CPU Rate)
— Graph 500
— MinuteSort
— Node Local Storage I/0
— Parallel FS I/0

No traditional HPC
Simulation Benchmarks
except SPEC CPU.

Plan on “open-sourcing”

o AI/ML Benchmarks
- Low precision GEMM

e CNN Kernel, defines “Al-Flops”

— Single Node CNN
o AlexNet and GoogleNet
e [LSVRC2012 Dataset

— Multi-Node Scalable CNN
o Caffe+MPI

— Large Memory CNN
e Convnet on Chainer

— RNN / LSTM

e Neural Machine Translation on
Torch

@

N\ RC

HITITRGENA e P2 T fa e T 2T P
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ABCI Computing Node

“TSUBAME3 Commoditized for IDC” (Fujitsu)

FUJITSU PRIMERGY Server (2 servers in 2U)

Memory

384GiB

104GT/sx3 Fie 128GB/s

DDR4-2666 128GB/s Xeon Gold
32GBx 6
IB HCA (100Gbps) y PCle gen3 x16
PCle gen3 x16

Intel Xeon Gold 6148 (27.5M Cache, 2.40 GHz, 20 Core) x2
NVIDIA Tesla V100 (SXM2) x4

Local Storage 1.6TB NVMe SSD (Intel SSD DC P4600 u.2) x1
InfiniBand EDR x2

DDR4-2666
32GBx 6

oryrrpr ' HCA (100Gbps)

PCle gen3 x16

A 4

x48 switch

a

Xx64 switch

Tesla V100 SXM2

i

nationaL insTirute of ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (

o
Tesla V100 SXM2 » < Tesla V100 SXM2

NVLink2 x2
>

< Tesla V100 SXM2

——




AlIST
e @
P

Cooling Pod IFa—
Implementing 70kW/Rack in Al Cloud Datacenter

front view side view

Basic module
i e

LU .,
s FERAIER FAARCER

Water Circuit S g
etc y

6m

54m

Cat Walk

Commoditizing Supercomputing Cooling
Density and Efficiency
*  Warm water & air cooling in same rack
e 70kW Cooling Capacity: 60kW liquid + 10KW
; air
2 v _ 77 _7 77 = * Structural integrity by rack + skeleton frame
‘ - = ‘ built on high flat floor load
) _ : e Modular design
National institute of Advanced

Industrial Science and Technology

A A

nationaL insTirute of ADVANCED INDUSTRIAL SCIENCE AND TECHNOLOGY (AIST)
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AAIC (AIST Al TSUBAMES3.0O ABCI(AIFEELY | Summit TPU 3.0 Pod
CIoud) _"7|~°)

B 55 4 B

& IR &

/—F#

AIL—TvkTRA

Tyt

GPU%k

HERIEAE(FP64)
smEEE(DL)

TOP500*

GREEN500*

Vel S
GPUEL | 5v¥
KW | 599

DL$8E / 5V

2017
50

NVIDIA Tesla
P100

400
2.2 PF
8.6 PF
287

2

48
22 kKW
0.9 PF

2017
540

NVIDIA Tesla

P100
2160

12.2 PF
47.2 PF
19

6

36

144
64.8 kW
3.1 PF

2018
1088

NVIDIA Tesla

V100
4352

37.2 PF
550 PF

5 (A& —4£L)

8

34
136

67.33 kW

17 PF

ORNL
2018
4608

NVIDIA Tesla
V100

27648

200 PF
3.3 EF
1

5

16

96

45-55 kW (est.)
12 PF

Google
2018
unknown

TPU 3.0

unknown
unknown
100 PF / Pod
unknown

unknown

unknown
unknown
unknown

12.5 PF
(100 PF / 8 rack)

(*2018F6HKFR)



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

Perf >

x400~600

| Power Eff >
x200~300

Traditional Xeon IDC . ol ! .

~10KW/rack PUE 1.5~2 ABk “Open Source” |
15~20 1U Xeon Servers ~70KW/rack PUE 1.0x

2 -
;31343';::;?_(::;;// i‘:‘;‘l’(er ~500 Tera Al-FLOPS(HFP) / server
~17 Peta AI-FLOPs / rack

Low cooling efficiency Inexpensive, very high cooling efficiency (PUE~1.1)



Training ImageNet in Minutes

RioYokota, Kazuki Osawa, YoheiTsuji, Yuichiro Ueno, Hiroki Naganuma,Shun Iwase, Kaku Linsho
Tokyo Institute of echnology +Akira Naruse (NVIDIA)

container ship

I

fireboat

Facebook
Preferred Networks
UC Berkeley
Tencent
Validation Emor : Tokvo Tech + AIQT

A

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




1000 x 1000 1000 x 1000

anlEm [—H ~m_ Parallel Scalability

[I}“_"l'll_ 4% i'r'(\:l-] [ TR, _4:'-:_(;_::] [ i LELE I ] .l_:l PoAR IR |'- ]
'3 g

Reduge; Scatteg___?c_'!‘;g??_Ch layer Cross-over from data-parallel to model-parallel
o,
E A G
rre L
i Kronecker Factorization

Cross-over from model-parallel to data-parallel

3

K-FAC profile
. 2.3 oocraticn
Inter-node Rabenseifner AllIReduce o Bk wand
mam Farward
mm KFAC allgathery kfgrad
. 2.0 - EEE KFAC: cov_sma_updale
Intra-node RingAllReduce m KTAC. cov update
BN KFAC: cOvs_zccumulate
[PcH] om x16 PCle [ OPAHFI m KFAC: grad_accumulate
i o, |5 . W KRAC inv_update
4 PCle xispete [ |16 PCie [ OPA HFI | £ 7w KFAC: kiyrad_update
Ssb 24 ] " - N - o BN KFAC: recuce scattery_grad
«16 PCEJ 16 PCle E‘- mm Loading
Com J—s 0 SPUL] R 1o- | | k,ResNet50
magenet ,ResiNet
or1d ] NVLink Local batch size:32
O] [CPUT |
DA GPU 2 GPU 3 05 -
x16 PCIeI %16 PCle
pLx IKEECIS
x16 PCle a0
¥ S "

x16 PCle .| OPA HFI

1024

# of GPUS
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Sparse BYTES: The Graph500 — 2015~2016 — world #1 x 4
K Computer #1 Tokyo Tech[Matsuoka EBD CREST] Univ.
Kyushu [Fujisawa Graph CREST], Riken AICS, Fu Ojltsu

nodes

73% total exec 660 000 CPU Core
— 1500[ = Communi={ - time wait in 1.3 Petabyte mem &PV
£ m Computati-|-  ~ommunication 20GB/s Tofu NW ., ¥ .cer
< 1000 /—
c = 8 — — =5
E o0 1 3862134 -GTEPS
© { B =
; 47, 10,5 15§ Fop500)
o 0 - 4 -
(%] =
w

64 nodes 65536 nodes
(Scale 30)  (Scale 40) Vv, performance c.f.

LLNL-IBM Sequoia -inPack

BYTES Rich TaihuLight
DEETN TN I IR, Machine + Superior -6 million CPUs 4 5 Ciie o

1.6 Petabyte mem

November 2013 4 5524.12 Top-down oi  BYTES algoithm 1.3 Petabyte mem
June 2014 1 17977.05 Efficient hybrid

November 2014 2 19585.2 Efficient hybrid T ) (FilaOR |
June 2015 Hybrid + Node
June 2018 : 38621.4 Compression BYTES nOt FLOPS’
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PostK Proc: HBM2

o BADAYFI—IN5. BLDHPCTIUT -3V (d AEUEE YS6GB/s x 4
o MRANR : FIBREAZFY—4., DoE ECP RFX—% , _
o XEUIVMI-SOES-mOomE | Pl el |
o NMIYKXeonttBTHRA MRITOEYYHEEIKAEYNY RIF: ‘EC: RN
o Xeon: 6~8Fv>%Jl, DDR4, ~100GB/s (STREAM) Sl I i/ R RECEEY |
o —_ on ! o) | € | pEE |
" 840G (STREAM) o HTB/SATII), {H a8 ]

o CPULL THFAIORA, NV NE-L—T>3 - Jb—LYS BTN

TEEITHFENTISAOATYD NO—5DE5E Skylake Xeon
o ¥ -\NMIYRMIntel Xeon Platinum LET. S1ET2{E, X 6ch DDR4 2666
EUTIIBIEDTEEE, IEEICAHE 21.3GB/s x 6 / chip

e Volta GPUJZAD4EENE I EEELL
o AEBYRAINDEREAL : BEFEICHBMZMNL A UEDOTIEAR)

o RMUEHPCIZITRL, EvIT—4-Al-+1YT1ESociety
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Ab64fx Performance - AO Silicon FUJiTSU

B A64FX 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
A64FX Benchmark Kernel Performance (Preliminary results)

8
Throughput HPC Application | Al 9.4x
(DGEMM [ Stream) Kernel I
I
6 | I
o Xg Memory BIW 512-bit SIMD| | Combined L1$BW DUE
o : Gather dot product
o Xg
O g
Noo |1
g O%
ey
— < =
oQfg
0= 830
2 S| - B
(>90%) (>80%)
0 P
DGEMM Stream Fluid Atomosphere Seismic wave Convolution  Convolution
Triad dynamics propagation FP32 Low Precision
(Estimated)

Baseline: SPARC64 XIfx ( PRIMEHPC FX100)
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R Post-K A64fx AO (ES) performance o

RIK=H

- Performance / CPU Machine Performance (HPC)

Peak TF Peak Mem. Stream th‘:::: DGEMM  Linpack GF/W Network BW
(DFP) BW Triad Efficiency Efficiency Per Chip
B/F
Post-K A64fx

2.764/ 0.37/ 0 0 GPU 40.8GB/s(6.8x
(sgtr)n I;:or;g) 3.072 1024GB/s 840GB/s 0.33 94 % 87.7 % level 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 150GB/s
DGX-1 7.8 900GB/s 855GB/s 0.12 58 % 15.113 6.2GB/s



2 2. ARM #—/\&HPC IIYAThADFEE o
o RN OLYHDEES : x86 3{E{E vs. ARM 30{51El

o H—=NNFYIDIN\—ROTFZIIAIATLADIEL SEIFRTZICSVE (Scalable
_ ~ _ _ Vector Extension)Z itt5}
o Cavium: 20185 (CRBRDEEZFEER MHTIRE - &,
. Competition: Intel(:iﬂ‘@?\?Secondary Choice = EARM vaDIERT
. Sustainability: ARM R>45—MDSecondary choice OJ71J)LTHD, v9T
“ . ‘ s N e
o Y—)\RZH—-0I=yb : HPE, Cray, Fujitsu 348053 CNEER

o XTY—I3DRMIZV : Microsoft, Google, etc. A7 0510 hORED

e HPCYJMNII 7 IS AT LADHEL ﬁ:;?cznz75b;b\b
o HK[EF : DoE Sandia/Los Alamos NL, NERSC I7IRRIZHT—RN
o MM : European Exascale, CEA({A), BSC(#a), EPCC&Bristol (3R)

o F[FE : NUDT-Tianhe 3. BB3EKFE
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(slides courtesy Prof. Simon Mcintosh-Smith)
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o EE(;ARM @*m ‘Isambard’, a new Tier 2 HPC service from GW4.

i, A CIRIEY

o Z{DFIVUPYII
hiHEsh

o W, IRIRWSHH
WCTWBARM Fv)©
(Cavium)TId. 1#
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Isambard system specification (red = new info):

» Cray “Scout” system — XC50 series
+ Aries interconnect

10,000+ Armv8 cores

» Cavium ThunderX2 processors
» 2x 32core @ >2GHz per node
Cray software tools

Technology comparison:

« x86, Xeon Phi, Pascal GPUs

* Phase 1 installed March 2017

» The Arm part arrives early 2018

-"‘f e
|.K.Brunel 1804-1859

Bl University of
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@ Isambard

Elic University of
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GWH#

@ Isambard

* The Isambard project’s focus will be on the top
10 most heavily used codes on Archer in 2017:

* VASP, CASTEP, GROMACS, CP2K, UM, HYDRA, NAMD,
Oasis, SBLI, NEMO

* Note: 8 of these 10 codes are written in FORTRAN

* Additional important codes for project partners:
* OpenFOAM, OpenlFS, WRF, CASINO, LAMMPS, ...

* \We want to collaborate wherever possible!
* Accelerate the adoption of Arm in HPC

Single-socket comparison of Broadwell, Skylake, and ThunderX2

2.22 M Broadwell [18 cores)

W Skylake (22 cores)
W Thurderk2 {32 cores)

Performance (normalized to Broadwell)
[ = [

®

bristol.ac.uk

manmes  hittpyfowd ac.ukfisambard/

@simonmes  httpeifowd. ac.ukiisambard? 7

bristol.ac.uk



Post-K Chassis, PCB (w/DLC), and A64fx CPU Package FUJITSU
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An Overview of Post-K Hardware Gees

e Compute Node, Compute + I/0 Node — "
connected by 6D mesh/torus Interconnect
e 3-level hierarchical storage system
o 15t Layer
« Cache for global file system Compute Node + Compute&IoNode i

. Temporary file systems S R N S A
. s == =
~ Local file system for compute node T S e S

- Shared file system for a job e e e

CN [see CN  ees CH  wes CH e CN [see CHN  ses

I Server = Server ||

® 2nd Layer lsm;m'm_ . sm;cu--- i slo;cu---' o Login Node Login Node
] = |
« Lustre-based global file system ‘ I I ‘
I/O Network
o 3rd Layer [ Maintenance Network
| [
. Storage for archive [ SharedFileSystems ] repos

e >100,000 nodes

e Approaching 10 million
CPU cores
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R Society5.0 : RAMRIDEREEALITE S

Al - #R=EZDEH
SEELERFEOBHASRE SHMOARIBRT — I FBELBEE
¢ S TEBERIEEEE(FP16, INTS) 3 BAREICBNT. HRRYTD
S EAEU/ Y RIF rivieat
oML - R —ST IRy k NZ2ERD !

J—4 O FVITEMADSLY @ BL\RY ND—/@EMNEEICLS
B IHAFHE MRS 2ALBIA 2 D |
FP16+INTS t.‘%‘ﬁ%%')%
uuuuuuuuuuuuu T

/- N . T TOFURBENE

~

ad) +EXEY/ U NIE HEMEEEMEEC 27— STLADMEL -7 SIBIEHRELL T, AR
&0, GPU(CILEROrE X B TEREN R1ADH B, fEREFE(model & data)hRiAH2



2
n
z®

A64fx vs GPU vs TPU
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- A64fx CPU GPU (Volta, Turing)
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e ETHLDOIERBEIBAZE - Micro Batching [Oyama, Tan, Evaluation: WR using Dynamic Programming
HOEfler & MatSUOka, TIEEE Cluster2018] e u-cuDNN achieved speedup on forward convolution of

DNNICHUWT. micro-batchFxZ AV wEY RS
HFAFN—FK) 7z BHENEIR

N —
REEAEIDING > A EiE1 b
GPU_LDOEERT(E. ZLDiHEGEMMTIK

Winog rad or FFTD\\L(i‘ﬂé Evaluation: WD using Integer LP
CUDNNDTY/(—2D T, £TODNNIL—LT—% = [ e

(SFEERY (CE A B EE

MARNRFYI T, (1)ECWinograd/FFTDEIR
DT —-AMEZ 3. (2)TDHBEGPULRE (IR, \
GEMMzZEENICBVTLAIES LhEEERIL

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
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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 
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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
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1K

Earthquake

N

“ [Ichimura et. al. Univ. of Tokyo, IEEE/ACM SC17 Best Poster]  RCS

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

Candidate . mcandsio(;oate
Underground A | Trgined by Simulation Uundergrounc

Structure 1 Structure 2

) to generate candidate
Too Many Instances soft soil structure 47
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