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1. 97 9173

O A4xpatd g e] 458 AF3ATo=z, Ay AFA T wF4A dog=
1457 FE(High Performance Computing, HPC) 7o) aAl o9&

o At Asg EAREY AZAxFe AT F s deATeS dd AR
A7 E Y AAA
- 2 ARl AP HFHE stEdAHW)Y] B, HdolH e tFd, &

o
4y 2

« Wo]El7} A4S H el Afetw, HPC S 4
k<

[e]
o
olH, JAETA T 15 T&F o= HAsr] H3 7=

o HFE MAAYE 2 AFTA T =239 AlphaGow #+HAFEH=T Al
3 &8

r

- AlphaGoell AH&" F3rel= AW 1920719 FLA4EA 2] (Central
Processing Unit, CPU)} 28070<] 12 & 4 4k*] 2] -] (Graphical Processing
Unit, GPU)S R
« o] AR B AWAYSHL A MANA o 38090 AP

THHAFH OIE g4 201569 11€ 7<)
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o A AFASOIE HPCO 87l FFeHUAM Ao Aa7|ee
S43817] 919 AzeE Y=

o HPCE =7} R&D 8L tusis A mazA], Axz
e s g6 B UdAe) R Ak &
S mEe A 20159 79 AA~ALAFE TAEECPHVE BEsol

2020 ) Fu7bA oF 109] e FE Ex
« ECPOI A= 8% S8R0k tole B4z 77 sigol 288 A9
- 3o HPCY AE FRoz A 3dgk AA Hiel #WAEE B

o7 =S

* At 20163 69 15S A FHAFEH A9
TaihuLigh= S5 2A7€2 o|F3 AHA=E 5 7|« 9
- Yt ‘=7 2IASAFH &8 9 sS4 3 W
A3 Eol AT FHAFTE =Y 2IAHATHFE e ;E-'%‘ Sakis ?i
Tl R F
o AT ANAYRA AZYATE AFAS ATl AAHP YFOE HW
= AA
* GPU<] AMA Hoj #til NVIDIAE= He#l'd(Deep Learning)? -8 =320l
DGX-1& &4

0 A3AE0R B A4t sae] gule HPC 87 st s
oF 3H B

o AFHE Avo YHAAHS Bt Al AAHZA Y EF &
o QlFAET AT AFAHE}F AlphaGod] QFAF 71&S ALt ZHoA
A3t HPC 374¢ 484 9

o F2W HPC 538 3l A4 sE S tulg HPC 87 2R ek et

1) Exascale Computing Project, https://exascaleproject.org/exascale-computing-project/
2 YL Azt HNE mAR AFAATAA BAE AF-BF MO A olulA A4, g4 <
2 Sol BgHo AY FET Ve 45 BY
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2. A HFHE #4% AFAF

O do) QA edxe] 8=

o ~HtEZ Y ojZg Aol Aakx] A (Application Processor, AP)2] o] &4
W A MAA 7P ME FHAFE Ao Sk

Flop/s(2 2 5254 Q45 - AMAEe A%

. Flop/s + Floating-point operations per second ¢ A2 2Y HFATH

TE 9|

- J&?ﬂﬂ’“?ﬂ«l A E e FHshe ARE wHAFHY 45 Hlal 5o AR

- 4SS AAE TEYE w A A, E YR

- Al wHAFEHY Ass Uetlie @9 = HgtEF2(TeraFlopls, 2% 1x),
E}Z- & ~(PetaFlop/s, 23 1A =), NAZE~(ExaFlopls, 29 1973) So] <

s HE4 —’F@(Floatmg -Point)

- A4k g A Ve BE Aoy FAl @ Aoy, HZdde sAH FAlS St
o] Ao = 7}-r

- FAAQ] Agbo]l tiREE Al FAlo] FAlY o] FAAERE, o]E FTFIF VT

o] ik g FA (o, FMAY)
* o & Eo, 1002+ ¥WE T JE SAHE tste dalg
- FE5AHprecision)dl] Wl AdFo] FE

* 16-bit half precision, 32-bit single precision, 64-bit double precision

g

o] <A4k4= 100flop

- [29 112 A A" A S7o| &€A4E Mail-T880 MP129] o|&4d 52 265.2
GigaFlop/s, 1996 6<€ AAdA 7Fd wWE FHAAFEVY A5
220.4GigaFlop/s

3) Fused Multiply-Add, https://en.wikipedia.org/wiki/Multiply%E2%80%93accumulate_operation
4) =30 89| Hitachi SR2201/1024, B AUl 3 HFE L] =YHl &2 < 5H T &g
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Performance Development
10 EFlop/s
1 EFlop/s
.
L 0o ®®
100 PFlop/s .
?®
*®
°
10 PFlop/s 3+ x
e
ot
1 PFlop/s e® 2
U]
°®
8 - o? a amu®®
2 100 TFlop/s g . ™
2 0®® .
g 10 TFI o Lh
Flop/s ]
& ® a® o 5 -
06/1996: #1 = 220.4 GFlop/s * " Mali-T880 MP12 GPU :
17F 90 P ot 265.2 GFlop/s (0| 24 5)
2 .
Aaah n® @
100 GFlop/s ** .-'
a -
-t
10 GFlop/s Tl ="
" ="
1 GFlop/s "
un
100 MFlop/s
1994 1996 1998 2000 2002 2004 2006 2008 2010 2012 2014 2016
Lists
® Sum a # = #500

At& : topb00.org, Performance Development https://www.top500.org/statistics/perfdevel/
Samsung Exynos, Wikipedia https://en.wikipedia.org/wiki/Exynos
[22 1] &4M ZAHAIS70 EXf = GPUS| o|E Ms3 wHZAFES v

o ZYAxA A= (Central Processing Unit, CPU)2] 452 WZ4H] & oin]
2k % (Clock speed)7} @Aloll thohEoll weh M2l FE| Zo(Multi-core)3} H

- 1A% CPUDE] 749 22719 7oj9} oF 1.5 TeraFlop/se] o|24% X [19 2]

o 13 A4k 2] % %] (Graphical Processing Unit, GPU)<= 1=
1

hya|

—

Aske FYSHE FAG o Hsol WX FPEe 1YY
T

PUE 4 A 79 Aatm610E A3 njyzoe] Ax8Eoz 2 GPUL
7% <F 10 Teraflop/se] o] &4% RHH [172]

- 2008d Nvidiaz} Clo] 714ke] GPU 218" & CUDA(Compute Unified

Device Architecture)& & 7/13Fo =24 GPU &£9 AJAHS =

* GPU 223 "-& SIMD?D 7|%te] ti = ®HEA g 7|vs F

FaL 3l

o

5) Intel Xeon Processor E5-2699 v4 (http://ark.intel.com/products/91317)

6) GPU Fol= CPUY =84 Fojete T 2A AR =gl d4H+U (Arithmetic Logic Unibell 8 &
RISC =4

7) Single Instruction Multiple Data, 3lue] FHg Azlell AE ohE dHolHE AZste 7M. A& &
|, 1002 HEe 24 3 d4ke Tidlolgls Y A4t A2 OE 100719 dlolHE A
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- AMD®] ATI 138 7t=9] A ¥HE A

T o

(Open Compute Language) &

o 71 o] Intel Xeon Phi, FPGA(Field Programmable
(AcceleratonN® 1175 A4kl &8 F

CPU GPU Accelerator

Intel® Xeon® Processor |
E5 v4

Intel Xeon Processor E5-2699 v4

NVIDIA Tesla P100 Intel Xeon Phi 7120P

22 cores (hyper-threading 44cores) 3584 cores
Clock Speed : 2.2GHz(Turbo 3.6GHz) Clock Speed : 1.3GHz (Turbo 1.4GHz)

Price : $4,115 Price : TBA (around $5000)
Performance : 1549 GFLOPS (single) Performance : 10608 GFLOPS (single)

744 GFLOPS (double) 5304 GFLOPS (double)

61 cores (244 threads)
Clock Speed : 1.3GHz
Price : $4,129
Performance : 2416 GFLOPS (single)
1208 GFLOPS (double)
At& : Intel Xeon Processor E5-2699 v4, http://ark.intel.com/products/91317
Nvidia Tesla P100, http://www.nvidia.com/object/tesla-p100.html

Intel Xeon Phi 7120P, http://ark.intel.com/products/75799
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- HEAFHE e #A S 2EH FHY wHAFHE 8317 g Ao

Ao, ALY AA 7 HEE Holl wet A a8 HFEY A4 Vs

- ¢ s WEste= A Heoly  7|Wk(data-paralleD® Ej== 7|HE

(task-paralleD .2 =0 GPUSF #Z& mjyzo] AlxdoAs UFEE
blolg 7|¥ks F5

o Fixz}l(Roofline) 2dl - dgjEe] WRYASTFH ALY vHeE @

A ks Hol A %(Roofhne):% %3

2048

—Intel Sandy Bridge
——AMD Abu Dhabi /
1024/ — |BM BG/Q
Fujitsu FX10
512/ ——NVIDIA Keple_r
Intel Xeon Phi

256

128+

Double precision performance (Gflop/s)

MM P2P

FMM M2L (Cartesian)
L DGEMM s o

FMM M2L (Spherical)

64r-
32+
16
£ : L
1%16 1/8 1/4 1/2 1 2 4 16 32 64 128 256

Operational intensity (flop/byte)

At& : How will the fast multipole method fare in the exascale era? (2013.07)
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oF Al aksfof dl= AXF 6 PetaFlop (63 =% ¥ A4

H oA 109 JHe] 9o =5 g6 fle) 2a
ARS 209 o2 F A4k 6 PetaFlop

=22 6 PetaFlopS A Elsl=d &85 += Al
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6000

48417
5000
4000
104
3000
2000
1000 7073
0=
; ] =
CPU Accelerator GPU AlphaGo
[O3 4] AR 2d[A[ZF v
- [2Y 44 2 5 dFol AFAF ATlE HPCHA| B5

* AL E A2 o]E4 %59 80%= A4k (AlphaGodt7d-2 17671 GPU)

8) 9 BAE FAoE Y z=x+y, A7IA z,y,2v 12719 &S e WEY. 12719 da
2 z2te A4g WE Y Wxy =27 4bytex 12 = 48byte. Al4tel B 23d WE x,yo A3 e A
Zste WE 27F AMES 98l L&ﬂﬁl%fﬂ-‘ﬂ A 2Hol dEH, A3 g 25 oA Wiy wolok
3t7] WEol 4ol 12349 WE Mol WAl welA v AEFS F 192byteq] wHE AL 12

Hol7] wiol] A EE 1/16
9) AlphaGo?o] A4taFe] #F AAT WEES F=
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AFAT AT HIE #APFEF A5S 2 H4F

o 1-&%ke] tEARl <l
Bl g4 o 2HE AZ
- A BAle AFE AL tops00.0rgld 7]FEo g oF 2~3009 FF <FE D
2z
- CPUY] A%5o] A& o7 g wel, Deep Blueet o] A& A2F
o] o]&3ld Ak A CPU FAlo] ZE 2= W3}
F AlphaGooll o2 GPUSt 2 714717 == wA Bold Aol g

J
@ A% B4 £9

o 3] ATHE HolEe o] FNUFE W% AFY B0 AL
g 5 U

- IBM Watson< 2% 500 Gigabyteol| al@3l= AR E Az

* 500 Gigabytes= ¢f W} Tk o] Ao sjFst= &

- AlphaGo= 169+ 7§¢] Z= nl57|ARe] Z7|RE <ol weh oF 337t 719

H]___,T,q. /\]—EHE xH;LH o].o:] 6]-)\6]-

x ZEZA AR g8 kel vEd HEHe 48719 EAoR FE HEFA
o= 239 HolH o &7 of 1.85 Terabyte
<E 1> 243X s ATt AFE &F
IBM Deep Blue IBM Watson Google AlphaGol1)
30 == 90 L= oF 35~40E=
AAA 2| AHX| | POWER2SC (120Hz) | POWER7(3.5GHz, CPU 1,920 Zo
VLS| ®AZE 4807H 8Z30f, 32 E) GPU 280 Z&t
11.38 GigaFlop/s
MM S o P 80 TeraFlop/s °F 300 TeraFlop/s'2)
(VLSI H <)
0500 &9 2599 1929 3829 $&
(0] ey
P v (1997 6%) (2011 62) (20154 11%)
100 A7 #HAFE A5S 195E 5009744 2rAsts Ao E
SIS E 83ty A4S ] W, AFHoE HEF AFo)

11) AlphaGoe] A ¢ +=
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[] AlphaGo®| QI&A5 digE - FEFA A%

+ AlphaGooll 88 Wy 71%e YuelE SAcA ANFEst 2o ¥
F Aol HRES A

. WUF A4 Ao HPCS) HhAs e BEY F U AOE GPUS M2
& 1% st EgAol

c EF APAA Aol FRF GUY /&S BFF ARs} S Fee
2, ALE £ A% Aze} Fuh AFIAAFL sk )
MEA Aokt A

T (o]
S olmA] A0 E35tH WHE
* Facebooke] @&R14 dug|FL 959 Z=EFA AA"LS R FAFH Y, 490 &
o] A& oluAE 5ol oF Bue] AT <A
- ZEFAHY F£8F ouje= T T S T ASE, dRbFH R =

e : ) | R g | | A0ea under f(vait-<) ]

z 2 H 2 3 : -f(‘,)

ait-x)
(f+axt)

A& : Convolution, https://en.wikipedia.org/wiki/Convolution

(23 5] 228 +38 3

- ol Aol Aol ZEFAHL olu|R 9 HAE FAv(edge detection), & A|
T AWEHA shed AHEEE ZEHE U

7be

12) GPU9| N3F 45 1 Tflop/s2 FAHAS e AAHQA H5A

SSPRI AZEoIyMeITA | 9
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Corder sleemont of tha kernel it plated ovor The
sourcy pood, Th source poosl i then regileood
with @ wighied sum of bsell and nawly poosis

Sourne pioal

Mo pived value {desfinaion poal)

A& : i0S Developer Library - vimage Programming Guide
[O8 6] 22549 Y

* [19 6] olm| A9 ZEFH AAHS Fdsted 3x3 PEE #2739 ZEFA
E7} o|u A& olFstH Z4 A gE FwIA et A= ALHE

s meld ZE2H "Ee oY
Qe AR e ol wheh Hzta)

- ZEFA AAHNAY ZEFAH HH = HolHE Bl S, oA
FZE24 Z(Convolutional Layer) .2 =3
«[O2" 712 2EFA S99 725 UEd. S W(feature map)2 ©|v A 9] &4
S YJehE Aoz, gukA¢l olm oA RGBRed, Green, Blue)e] A 71A <
dol B R AHEH
2Esd gy
=5 TO BE TRAINED Exm
fee o= " |
| s . g | l
..... = N W
Vol " R \\~
,'/’ i . “\‘h‘“u
"‘/ ) ‘M\"‘:.“ e,
1 | i — | i
. — =X RS
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o FRTH AABoIM FRIH AP YUF Aoz T4

- EZRRd "EY A4S 99 EAWS PLolA e F
9, WE ] WHBo] ARGPOR e F SAW] Ak

D[0,0,::] D[0,1,:,:]

N=1

Filter data C=23
H=23

W=3

K=2

F[0,.,::] R=2
5 =2

u=y = 1

pad_h = 0

padw = 0

At&E : cuDNN : Efficient Primitives for Deep Learning, https://arxiv.org/pdf/1410.0759.pdf
(2% 8] 2224l AN - #HF

(29 8114 olmAE D, REFH WEE Fabx 2 W, 0,5 £,S 94 Ho]
HE w3

* kA olnx] A E2EFA FEHE HE&Idte AL dE DA Fol 5o

13) dot product. F WEIS] VA9 F&
14) SEFA42 FAHE A 0}711 M3 7Fe)xrg Fa. htip://cs231n.github.io/convolutional-networks/

e
4]
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el
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3
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_lgl_
N

AlphaGo2] Al4te &4

« AlphaGo9] Al4t<] "41 T2 ZEFA AT ALHY
- [2¥ 912 wifsiA mHAE, 2 PF
Lo t3sk= Do 271+ 9

m

et
I

- AlphaGo9] A W# ZEFH 22 19x19 HSEFHS 48714 BHA EF
Aol 4 o= ALE

2
Ll
il
2
_llo{r
it
o
Ho
' =
it
lo
Ho
R
rE
=
fo
mle]
ﬁ
]
fr
l'i\-ll
i
o
ojf

o

* 3 HA 2EFH PE Y F7]E 5x50la F 192719 AR ©E FEHE ALE3}
o ZEFA S AHSE 192719 54 W AKX

* kA 48702 19x19 ¥ Fholl 192702) 5x5 HEje} ZEFA St o AL
2 ¢F 4.159 GigaFlop!?

- 7 HACAA E A WA FEFA F
Y e =719 M= 4 4 3X 1

it
o
ol
)
W
\]
—
ol
Q
‘%
(]
i)

=3

x

A A ZEFA T sLsHA AME A
- kA 5 visEd AEHVE dg9E A 2 GEEEE AEiAY s4bs Al
AFe ) oF 30 GigaFlope] AlAteFo] H Q19

* NVIDIAA A€ a8 71=2] K409] cuDNN A= 45 9F 1.2 TeraFlop/s20z =
F oF 40W e ZEFA AW At 7t

=

3 AR 0 gl A A SEel BLE A2
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15) Mastering the game of Go with Deep neural networks and tree search, Nature (2016)

16) AAIZE A AW FxE o2 BRuA i AlphaGoo AFAs LugE: B, L2ZEYAAHAAT L
(2016)

17) 19x19 v53 * 487) 549 * 5x5 HE * 25 A (78] ¥3 F gsies 34, -4

S * 19270 EH * 27 A4 (843 Al4D = 4.159 Gflop

18) 19x19 wp= * 19270 549 * 3x3 ZH * 9 g4l (Ha78 53 F gste 34, HdoA 9
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19 5834 F9E AL wes o230 =F 27874 Gflope] Eeosh, &4 o AKXl fully
connected layers< &3 & w] =3 °F 30 Gflope] a3t

20) cuDNN : Efficient Primitives for Deep Learning, https://arxiv.org/pdf/1410.0759.pdf

2D AAg W82 “AlphaGod] QIEFA s &aElF #4" HIA i, https://sprikr/post/14725

22) #Zo] 2ake] = A AREH #4F AlphaGoe] GPU 7<=

23) AAVES A 3t5GF), BAUEN T A3lsts1F), /AU EN A &50F)

24) A7) & FA A7), http://cyber.kepco.co.kr/ckepco/front/jsp/CY/J/A/CYJAPP000.jsp, F81-&(A<H) 715
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26) Reduced Instruction Set Computing, H-& AAFAAX7F ofbd & FZ o oA ke A4HA
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2= -2014d RE Sk 13000 de EAS] dAzALdE HER @
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28) Networking Information Technology R&D : vl=f ARV} AFAFES Y= UEYAH L AR
7l& AT
29) Flaghip2022= W7, https://www.top500.org/news/japan-runs-into-detour-on-exascale-roadmap/

S SPRI AZEoIYMITA | 16



SPRi o|#2|ZE H2016-013% ABX s M el=z - DHdsHFE &

o FHU 25715 o] FstE PRACED Z2AEZ ZHFH Ao o
& FF 2EAA 7=

o o | * AR HE T Z2AEQ] FHBEHQ ¥

L=

23Lﬂ7J}X] ¢k 119 §2E AY

FTHAFE AZEYo Qg ZRAHEJ o 35009 I
f};ﬁ} oF 4979 )& A ¥

55 : FRTEI|EYEALY, HPCI)E oS3}, 2016.

08

[J HPCY F8+= #A87]&= AlEY

]o
Ag B 3T TAZTOR BA
=

Canada Compute
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R&DE 913 AL e A4
- Canada Foundation for Innovation (CFDZX-E] x
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« 1452 "oy, GPU H#H 3 2= A, ®2hdle]E(Tera Bytes) ©]7&
dolH e &7 3 dFe Ad
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30) Partnership for Advanced computing in Europe : %2l #&xte} 7exoA Hi1gd FHHAFH
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31) SME(Small and medium enterprise) HPC Access Programme in Europe
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0.1-1.0 flops per byte Typically < 2 flops per byte 0O(10) flops per byte
A A A

‘_‘tonslty

SpMv
BLAS1,2 Particle
i Methods
Stencils (PDEs) FFTs. anse
Lattice Boltzmann Spectral Methods Linear Algebra
Methods (BLAS3)
\ J o\ > A G J
Y v v
O(1) O(log(N)) O(N)

At& : Roofline Performance Model
https://crd.lbl.gov/departments/computer-science/PAR /research/roofline/
[O3& 11] ciekst e[ &e AMAT

yEa dAHY BES)
o PHF AXS [17 111¢] Dense Linear Algebraol] sidsls Aoz AXTG
SI7F FE Y A7 A-dTE FokF
- GPUE HIE @ tiRE] AMAUA o2 Aee AR DA T

- E3] glo]Ele] AAFEA O] =] w2l A4 uﬂy_alel g8 580 5

- gR sRgelngeel g k] B dmeE
Clm= He), 9 B3, 9o 5o 28)

e B bg (17 1209 2 Ao HYF 5 de®

// C = AxB
/] ZF HBHES nxn XA #H s tu
IEEREERELELS :
3 g
v
forG=0;j<n; j++ ‘gg
forlk = 0 ; k < n; k++) 4
for(l=0;1<n; H+) :
Clillk] += A[j][I] * b[I][K] 2 = 3 .
| wds) -
/| £8 block_size2 d&=& Ht+0f | et -
/] 2 2 =0M s &St blockel S B g
/] B HUAE HA i el 8 =
ridx = my_block_row_id; . - il s A
cidx = my_block_col_id; BLOCK_STZE BLOCK_SIZE BLOCK_STZE
for(j =0;:j<n; j++) A.width b B.width |
Cvalue += Alridx*n+j]*b[j*n+cidx]; e ¥
Clridxxn+cidx] = Cvalue; (22 12] BE Do sl
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o o] TFHFe WHEst a8¢] £ BLAS ¢ug|Fow 74
- NVIDIA®| A= GPU #-§ BLAS?! cuBLAS3E glo]lHejz] Hel2 AlF

+ A4RE 287kl NVIDIA K40m 2ol A precision®® cuBLAS 14%e] 4
5 (@WEF, 4G ) (27 13]

3500
3000
2500
g 2000

=
61500 1B -

£ 2 = x 2 2 = = 2 £ = = 2 2 = -
EEE% EEEEZ E5EZ EEROG
g 4 v g & 8 & ° SIS

Single Single Complex Double | Double Complex

AR : cuBLAS Performance https://developer.nvidia.com/cublas

[23 13] REXAY cuBLASS| M5 AFA

- cuBLASE EUlZ d2id zto]E 28] cuDNN(Cuda Deep Neural Network
libraries)3® = 71 A 8ts FMAZEYo1e ASdte ALE 7%

*x TensorFlow, Caffe, Theano, Torch, CNTK & A ¢

* T49] GPUANAE AHg 7Hs @ 873 AF

33) WHEst HAof dig AAT WE2 o 2 Fa

CUDA Toolkit Documentation, NVIDIA, https://docs.nvidia.com/cuda/cuda-c-programming-guide/
34) cuBLAS, NVIDIA, http://docs.nvidia.com/cuda/cublas/
35) cuDNN : Efficient Primitives for Deep Learning, https://arxiv.org/pdf/1410.0759.pdf
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AFZA %5 A& AFH 374
o At 5¢ F=2 ZIAEEA 53 A4A g% TPU(Tensorflow Processing

Unit)-& 37§36

- A4l 83 fFExANprecisionE HASstY] EMA|AH T ALEe] EE&S
=3k

- 729 AML =2l RankBrainy} Street Viewel &

- 29 71AgE FMAZEYS|Q TensorFlowet Fe+¢= Aju]22l  Cloud
Machine Learning¥} AA|Ste] Av]2 o7

e AlphaGo 7H%2 Deepmind: " &7}53F 217 73 E (Differentiable Neural
Computer, DNC) 7|&& 4/isted 71& AF3AEHE M= st WHES

Ak
AFANFYe Al PR AR A5 FE
A FEIFE AT H9 J15T O AR

s
o
B
=
ol

AR HET & Uk 7]
A

lllustration of the DNC architecture

Controller Heads Memory Links Usage

Write '

l Read
' Read

Qutput

4@

*

Input

At= : Differentiable neural computers, Deepmind (2016)
(28 14] #+=2 TPU(F), DNCY 7i1g (%)

36) Google supercharges machine learning tasks with TPU custom chip (2016. 05)
https://cloudplatform.googleblog.com/2016/05/Google-supercharges-machine-learning-tasks-with-custom-

chip.html
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) AYD AFAS A

[J (1997, IBM Deep Blue) AlAl A2 oA 78] 7lx3t2 29} 25t 52
o Deep Bluew 1985 7hdl7] ®E st ChipTestd? ZZAEZRE A%}
gom, A2 Ade s3] A AFEE HARlSE Zlo] B
o 1996 2¢ A Ae] thAoA 4-22 st o), 1997d AulF A
Vo212 ] (B A7+ = 24
o Deep Blue«] 74]3: 371 A brute forceZ A|FAIZE kol Hfgk ©@e
5 23
- A2 Ago i o BV (EYR AZA3TE H|nzt 35, Z o)z} 80)

HQl ZWnc PFE B9o] o|E4o] F. Deep Blued] A4+ 4
5% g

At= : Deep Blue https://www-03.ibm.com/ibm/history/exhibits/vintage/vintage_4506VV1001.html

http://stanford.edu/~cpiech/cs221/apps/deepBlue.html
[22] 15] Deep Blue ZFEl (%) Deep Bluelt stamz=o| A ()

37) 1985 VLSI(Very-Large-Scale Integration) 7]&S 83t A~ Z2IHS /. 29 57 HY

g ANT e 59 we
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[1 (2011, IBM Watson) ‘#HZ£ AFHYP oA 374 52 oA 5

_]
o IBM Watson& Aol zgs =i Ao o3&
o

AFE AzHoR
‘Az AN A $5e7] AT ATAEL VBEE Ao| BE

o 20113 IBM Watsone 34 9<%l Brad Rutter, Ken Jenningse} t)Z23}
of Wigl 9 E 7MY WA ST EN oS AAF
- IBM Watsona ¢F 4 Hgiulo|Eo) ddsle= 29 o HRE(S7]9H o} £
HE S5, dE EFole JdHUE AR HE
- Ken Jennings 305+ €& (291), Ban Rutter 209+ &2 (39))
o Watson2 Ado] A g](natural language processing), X 7 A(information

retrieval), X]2] 3 & (knowledge representation), ”7]Agt<(machine learning)
7IHe &8st TAY B % (¢F 100714 o)/ 7I'H<s AHE-3h

f Question / PreEry Candidate Supporting Deep

1 answer evidence [—| evidence
generation retrieval scoring

Y

Question Query Hypothesis Soft Hypothesis and Final merging
analysis > decomposition > generation > filtering > evidence scoring Symthesls and ranking

A
Trained
Hypothesis Soft Hypothesis and models
generation g filtering [ evidence scoring L

N

Answer
and
confidence

At= : Watson (computer) https://en.wikipedia.org/wiki/Watson_(computer)
[2& 16] Watsone SW &12|F 7l

o
B STOERT

$17,973 45600

At= : IBM Watson, https://wﬁw—03.ibm.com/press/uk/en/presskit/36929.wss
[ 8 17] IBM Watson ZFE (&) =4 M ECO[ i (

X
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[J (2016, Google AlphaGo) AlAl H A 2] ulE7]A Al 412 ¢

o AlphaGo+ HI5 QA5 T2 2 I FGA| TRFFO] npEAE S
Hasta glsleon, xd 349 AlA Bda 7141 olHlE 9ol A =%

—

o 71 Ay} AlphaGoe 4:10)8t= A O 2 o|AE IdoA S8 S AECEH
A

AFAF hFH S o

o MphaGos| SHARE 2 MR/ S0E Ao SR e
A

|
=
o)
=
o
o
o
rr
r
e
Sl
2
2
o
&
flo
gt
ofo
p|£
£
g
fru
jur]
I
4
N
>
1o
N
fz
—
D
o
=
il

H =

o EH7IEZ EY @A (Monte Calro Tree Search, MCTS)7]HH-S
&

o AlphaGoe= 72 ZTHr=E 283ty 71ERE SEdla, Al d=oA =
= Ao S5 ArH F&ste] ArE ¥

- iy =] Al2=EQl GPUE v &&
- T2 FHFEAA AR FAFHR AAY BEE FANEHA &

Output Layer

Probability distributions
far all legal next moves

Input Layer Feature maps Feature maps Feature mags

Fenture maps )
: Policy Netwark
Raw Go Status oy
— b P T | o — — | ]
i comvolution convelution i \
— X
Feature selection —— 13t =
comiolution
3x3
L. Output Layer
E—
A8@ 1519 192@19x19 192@15x19 1318018 Value of the game state
Value Network (one scalar value)
L ] (Tanh)
' O
13 Convelutional Layers
Fully connected layer
(Rectifier unit)

1

1% 18] AlphaGoe| elasAlAdZ =

AFE : AlphaGod] 9134l 21e% A, ALELoYAMATL (2016)
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1. =953

Silver, D. et al.,, “Mastering the game of Go with Deep neural networks and tree
search,” Nature vol 529, pp. 484-489, 28 Jan 2016.

cuDNN : Efficient Primitives for Deep Learning, https://arxiv.org/pdf/1410.0759.pdf

Barba, Lorena A., and Rio Yokota. “How will the fast multipole method fare in the
exascale era.” SIAM News 46.6 (2013): 1-3.

AlphaGo9] AFAs ¢1eF 4, 2ZEJAH AT (2016)

3. 7IEHA &4 5)

Convolutional Neural Network, http://cs231n.github.io/convolutional-networks/

cuBLAS, NVIDIA, http://docs.nvidia.com/cuda/cublas/

CUDA Toolkit Documentation, NVIDIA,
https://docs.nvidia.com/cuda/cuda-c-programming-guide/

Deep Blue https://www-03.ibm.com/ibm/history/exhibits/vintage/vintage_4506VV1001.html

Exascale Computing Project, https://exascaleproject.org/exascale-computing-project/

Fused Multiply-Add, https://en.wikipedia.org/wiki/Multiply%E2%80%93accumulate_operation

Top500, http://[www.top500.0rg

Intel Xeon Processor E5-2699 v4, http://ark.intel.com/products/91317

Intel Xeon Phi 7120P, http://ark.intel.com/products/75799

Japan Runs into Detour on Exascale Roadmap
https://www.top500.org/news/japan-runs-into-detour-on-exascale-roadmap/

Nvidia Tesla P100, http://www.nvidia.com/object/tesla-p100.html

Roofline Performance Model

https://crd.Ibl.gov/departments/computer-science/PAR/research/roofline/

Samsung Exynos, Wikipedia https://en.wikipedia.org/wiki/Exynos

Watson (computer), Wikipedia, https://en.wikipedia.org/wiki/Watson_(computer)
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