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(DInnovative Drug Discovery

RIKEN Quant. Biology Center

® Innovative Design and Production

Processes for the Manufacturing
Industry in the Near Future

Inst. of Industrial Science, U. Tokyo

@New Functional Devices and
High-Performance

Inst. For Solid State Phys., U. Tokyo
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(@Personalized and Preventive
Medicine

Inst. Medical Science, U. Tokyo

(©Fundamental Laws and Evolution
of the Universe

CCS, U. Tsukuba

®lnnovative Clean Energy Systems

Grad. Sch. Engineering, U. Tokyo

J

(®Hazard and Disaster induced by
Earthquake and Tsunami

Earthquake Res. Inst., U. Tokyo
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J
. . . . \
@Environmental Predictions with
Observational Big Data
Center for Earth Info., JAMSTEC )
(®High-Efficiency Energy Creation, )
Conversion/Storage and Use

Inst. Molecular Science, NINS '
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Exploring and Merging Different Routes to
0O(100,000s) Nodes Deep Learning (SatoK, Matsuoka Teams)

®MP+DP Megatron-LM KARMA (DP Parity) ©ZeRO M KARMA
W MP+DP Megatron-LM (Opt. Gradient Ex.) A ZeRO + KARMA

Qg
8

60 HIDDEN = 3072
YRS 272

38

50

Deep Learning Computational Cost Model

®Mude\ @ Graph 5 — i;’z 40 z \\
= = \240 kd = %

o ;“2 1: " Data-parallel Model-parallel Data-parallel
) e e Hosson ™ e Layer-wise  distribution  and
-~ KARMA: Out-of-core distributed training Data-parallel Model-parallel (K-FAC) inverse-free  design  further

. . (pure data-parallel) outperforming SoTA

Non-intrusive  graph-based | o "\ " Gcpus 2] A model-parallel 2nd-order method ~ accelerate K-FAC [5]
partitioning  strategy  for ;57 atsuoka-lab, RIKEN (K-FAC) trains ResNet-50 on 1K GPUs UT Austin, UChicago, ANL
large DNN models achievin Time - i i i
g . . g ‘UsingGEMM-basedconvqution‘ MOdeI para"ellsm L. n 10 mInUteS [4]
superlinear scaling [1] - ‘ — T ToooT TGonz enables 3D CNN training  TokyoTech, NVIDIA, RIKEN, AIST
Cli o
AT ot N o eessl on 2K GPUs with 64x -

larger spatial size and

e | it | better convergence [3]
Layer-wise loop splitting accelerates Matsuoka-lab, LLNL, LBL, RIKEN
CNNs [6]

Matsuoka-lab, ETH Zurich Porting High Performance CPU-
> based Deep Neural Network

relut
N =256

ki) Merging Theory and Practice

|
4-cUDNN | €OV convt
N=128|N =128

MocCUDA: Porting CUDA-based Deep <

Neural Network Library to A64FX and Engineering for Library ([::j\lltl-s)utoR'lAI?;flxﬂ(\:::\F/l)
(other CPU arch.) ' ’ )
RIKEN, Matsuoka-lab, AIST Performance Foundation

[1] M. Fareed et al., “A Computational-Graph Partitioning Method for Training Memory-Constrained DNNs”, Submitted to PPoPP21

[2] M. Wahib et al., “Scaling Distributed Deep Learning Workloads beyond the Memory Capacity with KARMA”, ACM/IEEE SC20 (Supercomputing 2020)

[3] Y. Oyama et al., “The Case for Strong Scaling in Deep Learning: Training Large 3D CNNs with Hybrid Parallelism,” arXiv e-prints, pp. 1-12, 2020.

[4] K. Osawa, et al., “Large-scale distributed second-order optimization using kronecker-factored approximate curvature for deep convolutional neural networks,” Proc. IEEE Comput. Soc. Conf. Comput. Vis. Pattern Recognit., vol. 2019-June, pp. 12351-12359, 2019.
[5] J. G. Pauloski, Z. Zhang, L. Huang, W. Xu, and I. T. Foster, “Convolutional Neural Network Training with Distributed K-FAC,” arXiv e-prints, pp. 1-11, 2020.

[6] Y. Oyama et al., “Accelerating Deep Learning Frameworks with Micro-Batches,” Proc. IEEE Int. Conf. Clust. Comput. ICCC, vol. 2018-September, pp. 402—412, 2018.



Fugaku HPL-AI Results Comparisons

e Compute units utilized (FP16)
o AB64FX: 32-element vector FP16 & FP64 mixed precision
e GPUs: FP16 Matrix Engine (Tensor Core) & FP64 mixed precision

e FP16 vast difference in efficiency, while FP64 efficiency similar

e See our latest paper “Matrix Engines for High Performance Computing: A
Paragon of Performance or Grasping at Straws?”
https://arxiv.org/abs/2010.1437/3

e We will also release our code as OSS RSN to become a standard like HPL

Main HPL-AI FP16 Peak HPL-AI Top500 /Linpack FP64 Peak
Processor Measured | Performance | Efficiency Performance| FP64 Measured Performance Efficiency
Performance | (full machine) /Chip Performance
1. Fugaku X;ﬂt:; 2.00EF 214EF  93.2% 12.6TF  442.01 PF 537.21 PF  82.3%
. NVIDIA . .
2. Summit V100 0.55EF 3.46 EF 15.9% 19.9TF 148.60PF 200.79 PF 74.0%
NVIDIA
3. Selene A100 0.25EF 2.55EF 9.8% 30.6TF 63.46 PF 79.22 PF 80.1%

Note: Selene node count based on prerelease info
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Fugaku Cloud Platform(FCP)
o EEDRTHI—HFEANIRIS Rik
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o E(I2020FE [EEUSIRY—ER] ©
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(CIRBCENRIAENS]

H#8 : Worldwide Public Cloud Services Spending Will More Than Double by 2023, According to IDC 03 July 2019
nnnnnnnn ional Data Corporation (IDC)

https://www.r-ccs.riken.jp/library/topics/200213.html
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HPCI. High Performance Computing Infrastructure. &(&
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Hokkaido iﬁl

Tohoku
Tsukuba

Tokyo

HITACHI SR16000/M1 (172TF, 22TB)
Cloud System BS2000 (44TF, 14TB)

Data Science Cloud / Storage HA8000 / WOS7000
(10TF, 1.96PB)

High performance inter cloud

Fujitsu CX2550 M4, CX400 M4 (3.08PF, 377TB)
Fujitsu CX1640 M1, CX600 M1 (0.87PF, 32TB)

Fujitsu CX2550 M4, CX400 M4, RX2540 M4 (0.24PF)

4.2PF
1MW

35PF (UCC +
CFL-M)

2MW

LX406e(31TF), Storage(4PB), 3D

SX-ACE(707TF,160TB, 655TB/s)

~30PF, ~15PB/s Mem BW (CFL-D/CFL-M) ~3MW

100+ PF

)

\
/|

Vis, 2MW

SX-Aurora TSUBASA(1.5PF,46.1TB, 910.7TB/s)

LX406Rz-2(278.5TF), Storage(2PB)

) 1-1.8PF, 0.5MW )

(CFL-DICFL-D)
~4 MW

e PPX1
PACS(1166TF) 62TF)

Cygnus 2.4PF (TPF) 0.2MW

)

| COMA (PACS-IX) (1001 TF) >

Oakforest-PACS (OFP) 25 PF >
(UCC + TPF) 3.2 MW

PACS-XI 100PF (TPF)

Post OFP 100+ PF 4.5-6.0MW
(UCC + TPF)

Fujitsu FX10 (Oakleaf/Oakbridge) (1.27PFlops, 168TiB, 460 TBs),

Oakbridge-CX (UCC) 6.61 PF 0.95MW

-

]
Reedbush- U/H 1.92 PF (FAC) 0.7MW (Reedbush-U13:2020%6 A >k % T)

/_mdx 17+ PF (FAC/UCC+ TPF) 2.0MW

)

200+ PF

Hitachi SR16K/M1 (SAQTF 109 TiB, 287 TBls)

Reedbush-L1.4 PF (FAC) 0.2 MW |

BDEC 30+ PF (FAC/UCC+ TPF) 4. 5MW

(FACHTPF)
6.5-8.0MW

/

Tokyo Tech. Nﬁ‘ TSUBAME 3.0 (12.15 PF, 1.66 PB/s) 0.9MW
TSUBAME 2.5
(5.7 PF, 110+ TB, 1160 TB/s), 1.4MW /

TSUBAME 4.0 (30 PF, 4PB/s)
(UCC+TPF+CFL-D) 0.9~1.5MW

Fujitsu FX100 (2.9PF, 81 TiB)

/ 100+ PF (FAC/UCC+CFL-M
Nagoya Fujtsu CX400 (774TF, 71TB) )| o >>> ~20 PF (FAC/UCC + CFL-M)  up to 3MW > +PR(FAC/ o 1o 3I\/Ii/V >
2MW in total
80-150+ PF
Kvoto e Cray XC40(5.5PF) + CS400(1.0PF) 15-20+ PF FAGITPF + UCC) >
y Gl e ) LIS (FACITPF + UCC) 1.7 MW 2 MW
OS aka — NEC SX-ACE NEC Express5800 \J 10~20Pflop/s, 1.0-1.5MW (CFL-M) 25.6 PB/s, 50- 100Pﬂop/s>_>
423TF) (22.4TF \ (TPF) 1.5-2.0MW
- 23T ) | OEUELE 1A88RF (80 /| OCTOPUS NEXT 5Pflop/s
- HA8000 (712TF, 242 TB) M
= SRI6000 (8.2TF, 678) Fujitsu PRIMERGY CX subsystem A + B, 10.4 PF (UCC/TPF) 2.7MW 100+ PF ~3MW
Kyushu ‘ e (FACITPF + UCC/TPF) >
CX400 (966.2 TF, 183TB) FX10 (90.8TFLOPS) >
JAMSTEC TR | SX-ACE(1.3PF, 320TiB) 3MW ~100PF, ~3MW >
ISM UV2000 (98TF,
128TiB) 0.3MW 2PF, 0.3MW
Power is the maximum consumption including cooling 53
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MD software GENESIS(EE s 3R - R Al
H)
» GENESIS has been developed in RIKENE# THRIFEFRD Y 7 k7 7 GENESIS

* |t allows high-performance MD simulations on parallel supercomputers like K,
Fugaku, Tsubame, etc.

e ltis free software under LGPL license. ZJ—V 27 ko x7 & LTAREF

GENESIS developers
History of GENESIS development >

2007 2008 2009 2010 2011 2012 2013 2014 2015 2016 2017 2018 2019 2020 2021

L L L L L L L L L L L L L L > Year

| | 1 | | | | | |T | i IT | T Y T |
Start of the development | Ver. 1.0 | Ver. 1.2 |Ver. 1.4 Ver. 2.0
at RIKEN Wako .

Optimized for Fugaku
Kobe teams started Ver. 1.1 Ver. 1.3 Ver. 1.5

Latest release

GENESIS https://www.r-ccs.riken.jp/labs/cbrt/

i enaerible simulation system




Entry of SARS-CoV-2 into Human Cell

Human cell surface « )4 JLAFKME = Spike protein (S-
U protein)
recepior
(PDB ID: 6M17) - & FHEREZRE = ACE2 receptor
RBD (Receptor Binding

Domain) binds ACE2 strongly.

S protein
(PDB ID: 6VYB)

Docking Model SARS-CoV-2

R. Yan et al., Science (2020); A.C. Walls et al., Cell (2020)



T. Mori, J. Jung, C. Kobayashi, H.M. Dokainish, S. Re, Y. Sugita, Biophys. J. (2021) in press, available ¢

Simulation models of SARS-CoV-2 S-protein

1 us-simulations starting from inactive down and active up forms Predicted glycan-protein interactions

GIcNAc7 Man6
ab
a3
GleNAcS 21.5%

GICNACS/ N
Mans —2¢_
GIcNAC7 10.6%
T385
N343 K378
N343 in Down N343 in Up
Fuc13
a6
a3
N165

R346 Man4
NAgj‘sO@ N343
Fuc13}
340%% 1472
1468
N165 in Down N165 in Up
S459 Q409
| tl D A tl U 0K462 N460 L518
nactive (Down) ctive (Up) / o= o N

RBD in chain A takes up form -

Spike protein & AIED KD FEEHE B L0FRTERADERLRICHE e, N
3, 5] ORERENEF > TESELHEEEHLT-, P e

N234 in Down N234 in Up




Cryptic binding pockets in Spike Protein are
found in Intermediate Structures

H. M. Dokainist
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Dokainish, Kobayashi, Mori, Jung, Re, Sugita, in
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T X)L A & CPS(Cyber Physical System)
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B TR REFEE (20190%)

I Z: LAY — -I NeurlPS Best paper (20_1|_9 Jan)
I+ — Lt Tt
I Lt—1 Lt | t = fe(@e—1) + T¢—1

INTA—BTHf— > ERREL 1V —
(DFY. EhFE) (23

|
| da(t)
|

ZCENNTEFILIE

ODENet = fi(a)
— Jt t
dit

o NEROPBERLES

7EIJ’]€—£§E§I ’Jt;( = /3
I_l Ll Il_l %ﬁEDNN —— }F/E\)j}f
https://www.slideshare.net/DeeplLearning)P2016/dIneural-ordinary-
{I;eﬁs?ﬁei((])zrc')‘]};;b\g differential-equations
= it —
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Motivation — Scalar = Vector = Matrix?

e Vectors units can efficiently
increase performance and

energy efficiency

(2.3x higher energy eff. w/ AVX2) Energy-eff. of Vector Extensions on
a Intel Xeon CPU (measured with PCM)

e (Going from vector to matrix
units seems like a natural

extension (= clear runtime and
power benefit for FP16 GEMM)

e Counter-question: Are MEs
really what we should be spending

our silicon on, given that Moore’s  Power consumption evaluation of GPU
law is dying out? cores and TCs on a single Tesla V100 GPU



GEMM in... Deep Learning Workloads

e How much does DL generally benefits from MEs?

e Identifying TC kernels from

BERT 3.39x 50.86 55.26 197

profiling on Tesla V100 Cosmoflow 16x 0.04 0.05 22.90
VGGI6 [7Ix 12.30 12.74 345

e Avg. 2x (eg. ConvNets) and |—gegesg T97x 16.32 16.78 276
up to 4x (for Transformers) | DeepLabV3 1 75x 1633 | ——H64 0.69
SSD300 [78x 855 8.66 I3

e Not as high as GEMM (7.6x) [ NCF 0.97x 23T | —265 16.50
GEMM 7.50x 20.08 99.90 79.90

e Yet substantial speedup GRU 367X 6.59 748 11.94
(= justifies TCs) LSTM 5.60x I1.63 [3.85 16.03
Conv2D [.12x 0.27 0.32 16.78

e Recall: speedup partially result [ Atention 3.49x 1449 58.19 2355
of lower precision and MEs Throughput Improvement from FP32 to Mixed Prec. + TCs

%TC: percentage of time on TCs (relative to total time); %TC comp: comp. time s
pent on TCs excl. data move.; and %Mem: time for data mov. between host->dev

e Note: assuming Al/ML loads cont. to be formulated as dense matrix ops



GEMM in... 77 traditional HPC Workloads



GEMM in... 77 traditional HPC Workloads
Measurement methodology to identify GEMM kernels

e Created a Score-P library wrapper for all dense compute functions
of MKL ((C)BLAS, PBLAS, ScaLAPACK, etc.)

e TOPS500, ECP, and Fiber proxies:

e Kernel isolation; compiler settings; input selection acc. to previous work [1]

e Link against Score-P wrapper and manual instrument all source-code
location referring to GEMM or Fortran’s matmul intrinsic

e SPEC benchmarks (unfortunately all external libraries striped out):
e Prioritize GNU compilers (with —O3 —march=native) and mtrain input set

e Find compute-intensive kernels with Intel Advisor = Manually inspect
998 source code locations = instrument all GEMM ops (via Score-P)

[1] J. Domke et al., “Double-precision FPUs in High-Performance Computing: an Embarrassment of Riches?” in IPDPS19, 2019.



Summary & Conclusion
We have shown that:

Less than 54% of CPU cycles was consumed by workloads which could have
called GEMM in 1 year of RIKEN’s K computer operation

Less than 9% of Spack’s (scientific) software directly links to BLAS

Occurrence/usage of matrix operations in our experiments is
underwhelming (excluding DL and HPL)

In 77 benchmarks: only 3.4% of time in aggregate spend in GEMM

Typical speedup is =2x in DL workloads (up to 4x possible) despite the 8x
theoretical advantage of tensor cores for GEMM

Lower precision TCs can be used to emulate high-prec. GEMM ops

There are a few opportunities; but no clear evidence signaling that the
future of HPC would be radically transformed by MEs
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Pushing the Limits for 2D Convolution Computation On GPUs "

[Chen et. al., ACM/IEEE SC19]

« Background of 2D convolution Concept adopted fully by
« Convolution on CUDA-enabled GPUs is essential for Deep Learning workload Intel Xe GPU OneAP|
* A typical memory-bound problem with regular access
« Method A CUDA thread A CUDA Warp
pa ey e N e NS TSy
>
3 1 & S S S & & &S
#1 i g i i l . . ;
V2 Sz, = & & &, .
. #2 < \4 Lo 1 . P Y {
: : ) €D ‘\.\.\‘\. : . 230 e3l
#3 g ¥ . . g
o o “sesese ' @ wma,
32 x C Register Matrix \Mstizeinlter SUMye € Vie X S +5UMje—1 Convolution Results
[ (1) Register Cache | | (2) Compute partial sums | | (3) Transfer partial sums )
« Evaluation
a single Tesla P100 and
V100 GPUs
Single precision
Point: Vector lane shuffle
datapath can fully emulate
Systolic Array efficiently Evaluation on Tesla P100 GPU Evaluation on Tesla V100 GPU

[1] Peng Chen, Mohamed Wahib, Shinichiro Takizawa, Satoshi Matsuoka. Pushing the Limits for 2D Convolution Computation On CUDA-enabled GPUs



[FERMIOE1—T1 >0 NRGTEERIF ORE]

((rre=1=2)
o B5=
o 1960 LUEKIEEIRETED M REMm L2 BB UIEl A—T D
EREIEGREITAEFTHISNTLS

o FrBYIRIEREM E(C(EHETEIRIEDHART ) A ZDOFANIAREI R
—IBER(ICEMRERRE /A AMECS W FERICMEEEZSD

PROAFEHBNMFEELLUT MERNIE1I—FT0 201 BBE
o [TERMIADE1—FT1>Y 1581

o FNZRIEICIGU GREZFTFEU D DNE+DIRFBE THENSLL
e 8 E 0 9 IRHRIME T DR L

. STEABCHITBIFBEEEOE SV 1ETE T B 5HM | TS5 F %
STEHBIZOERRRELTBE

o [EIRILIBFER (OGO TIUGR M) - [ —E %] - [#EFR4E | - TR 12 1R
o Z1-0F—JIPEFIOE 1T EEAEH

o MANLA—=7EFZIBSET BRI FARELIZT1I=T1 DB

o EENEXTAORER (BFEYVINIITVRETEE)

- R-CCSOMFREN ORI E] (KR EDFEHIIR-CCSEREBS JUPI)

KRR b LA—T7RARDRIEAETEHAE

AR RO Ed1—F 2D DB

RF RO



FICIEB4THIMIAE : PCI Z{E> 13K ILRD AT HETE

o 7V /OSEB(LLDRT T 1—-VEHBOBR, JL5RAIREEZIRET I HEEU \
o LREBELCFPGAYSATMES AT AZBIFE. EE(CL 2R ERT KN

o PCIzfE>cEEDBRILEDRIHEE 2. $2ilirICSREFL T

o AKHiiF. EEOSEALOHR5TBROBMEEY —FERHARICEEITSZED

o KSR A DIRES 4 K &FPGA_EDsocEdE

o EMERETZZELY . PCleXOyMeAMBICS| H I HLRZIRET
o NADLEBERYNI—IEYINIT 7TV EDEER I DA 2R

o IREP7—FTIFY FPGA (Field-Programmable Gate Array) e
o Society5.0MERZ BAIRIC | o EIISEIEREIAERHEHAT M
MG REREEENIEREZE | o YA/0VIMPAmazon®, F—5z> 45— | ESSPER |
g . D59 RTOEELFIFRNED ., B\ VETEEE
o XS—IVCPULEBBIFIR | | Srhos. pus o mmomii ks
FOFPGAIC L BHLsRZ IR ET

o RIFSATLARFLEELDIEHGRMR
o FPGAJISRAIFIESATL ESSPER =% (X)

FPGA SoC. FPGAREIE A, =Rt 51/ HWIHSRIEL 117,
BREEVINEDI T LRIV ERFE. RPCICLDTAIIFHUZARET

EEAITIE, FPGAZDHAI LEFZIEERIETDITTRT T 1 -k

. ufWE/ZTAtaaléfihz‘mbﬁ§7fr!§ufc%ﬁ(utb etz =5
S8 158Y37 15, FPGAZMAPHYZRIAT0— RHVAIEE

o AIATLAEZFIAULEEE{LAREZTER ErAzcotmmE2SD)

HESREPKIES AT L ESSPER L EE L DIER



FPGAJVSAFHVES AT A ESSPER LIS 1L DI

e Infiniband EDR (100G) 1Y hJ—J(c LD
o [EEITE/—R <-- IB EDR Z1vF --> FPGAYSZR%
o [EE123TNS FPGAN—ROHEREZFFETE]

r

1]

&

100m®
S~— K —T )V TIER /




AMBEBkICE Y $HH



Hif SAERFEMRTE > —DAMBERRA\DHGH

12—V I EDRIL

2019FE(CHIDBEARES GO [ERTNY—RXT—
)L 2020FE T10[E1ZiLlX D [KOBE HPC B~ —
RO—=)V] IR E B ZEEOTTEEBRAEAT—)LA®
D—023vTE ERIDFLESEMRICEHRIRT
005 LAEN.

MRF—LTODEEE - HMZEDZAICINR. EHEX
FIRICKD, RFEEER D U CEEDHFRAEIEE
& HEAE

E5IC, BEEDOHATOTISAICKDA>HF—>
v MTTEBARHEX - SERITTK EDEE(C
KD, #{ERORE (CETF
KOBE HPC B—/XTJU>IRT—)b

PRACE

s el
1=y COERRiit TR

B .M EfFH~Y—XI—=JL
FIR - #PTD ©Supercomputing Contest
https://www.gsic.titech.ac.jp/supercon/main/attwiki/

mSuperCon+ E&1 Gr/ZEGH)

aRE - BEENSINT R —/\—0>
(1995F~HETKEARRKICKBZDTOTS=Z>D
257 RAN) & [EE] EOmbhitEZic(CHEE,
2021F DR —/)\—O>H5 [EE] OAREHHEAH
IAFHDIRET (CBTF.
2020 E (FHLE 1R TEREDSHNF — LAZ TSR
(C20208E9A13~22H(CERE - B84E [EE]
F+ L > Z~SuperConfMEHIZEICKID /N>
HFE! ~. &EUTHHE




