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Abstract

Deep Learning is utilized for many Al technologies using information acquired from various sensors, such as those of images and
sound, and its technological progress has been accelerating in recent years. Reducing the period required for research and development
related to deep learning can contribute to progress in Al technology. This reduction can be realized by using a supercomputer capable
of parallel processing. In this paper, we report on distributed deep learning and its performance using the supercomputer TSUBAME
3.0 at the Tokyo Institute of Technology. In experiments using published learning models and datasets, we demonstrated that a learning
process that required seven days using a I GPU configuration was completed in one hour and forty minutes by using 128 GPUs..

I 1. FUBHIC

NH OO EZ L 2L fb=a—F VA y P T —
7 DFEFHMTA3Geoffrey Hinton 5 12 & o TEE[1]SNT
Dk, WG E AR 3T HTT A4 —
7T == T OG- AT LI T WA R,
{5583 5B Tld, 20124 DILSVRC (ImageNet Large
Scale Visual Recognition Challenge) (Z33V>"C, Hinton® ®
PRSI XPMRREHRD LT —KTALLIT & 10 %LU Lo
RKEZDITTEBLT2LIE, BEORWRY VT =2
ETFTNUDBKA LEFESN, 20158 II2E 25 %5
Residual Networks (ResNet) [2]2SE. &R L T 5.
DL, XV BMETHEORVA Y T =27 EF D
FECTRESI NG G d, HME ST 2009 - FZEA
Y— FOEZEE DR RICE L Ro T 5.

— M, TA =TT == FIIEMER O TH 5 72
OFWHEREFERT L0 IBREFRT—5 & - %
BUEMABLETH L. 7 I A5HOYE, EHLVO
W E 2 RS 5 72012117 7 T 12k L T50007 — %
UEZHCW2HRMEBLEEINTWSE 2D,
ILSVRCTHIH & 1 B ImageNet7T — ¥ #10007 T A 2455
T D6, 50005 7 — & L B & F w728 s gl &
%b. L OE, ¥R PEIEART—
bR LR T — ¥ BHVw O, ThEzilileRe

JAZMNGIZE BT = OB L TbNs. T2, &
I TIXGAN (Generative Adversarial Networks) [3] D & 9
HEMERALEGT— 7 Z0b0FENTH L) T
TNHEZEINTEY, RELGYET— 4§ PRKRICIE
TELBELESTETVAD.

COIIIIBREEDOT—F #FETHITE, 1HOHR
M- D BHBOFEEE 2 EZT 25604, WA
E—FREOR I Ay 7 Lo T0Wh. T, #HiL
2y NI =2 B ETENLERNT X — 5 BHH
M3 2720, FBEFGOZOOFTHEDMMT 5. #
5T, —EOFRIZET ZRHOFMIE, T4 —77
—= Y7 RFAE L7205 - WEE1T) ) A CIHEICEE
GLEFLLD.

FITEELE, TA—TI5—=VIHRICHEDLE
FIVFEERRE T IV /8T A — ¥ OFAT « 57l & 3R
A7) T ERHME LT, HEROFHE ) — FE Wk
GIEEAT e A— 28— v ¥ a—% (DR, A8 )
2, ENEREHLG8GEHREP LT -7 —=>
7 ORFEER ML 7.

AFETIE, HETEKRFO A,82 Y TSUBAME3.0 (LL
R, TSUBAME) D&%/ — K321, NVIDIA Tesla ) P100

(7£1) NVIDIAB & U'Teslalx, KEB X O Z DD EDONVIDIA
Corp. DPGFES X OB ERIGHE.

39



40

Panasonic Technical Journal Vol. 64 No. TMay 2018

GPURF1283E % i \» T, ImageNet® #1200 7 — ¥ %
ResNetS0E 7V THE LK R 2l 5.

VBT, ERLIERDO T A —T 55— 77—
L7 — 7 OFISEREME, BXO, SHGHEIC X %Y
LR RSOV THET 5.

I 2. PRFBRE

ABETIRET, THFEOEARN L TETH S, Data
Parallel & Model Parallel[4]IZD W Tib 5. RIZ, 28
BPERTRE L T4 — TS5 —= T 7L =0T —2712D
WA, kRIS, SHFERRELEET L TRTH S
TSUBAME®D ARy 7 5, BT, #HESHEICED S
TEBEFIZONWTIHRRS .

21 PHFEBDOFE

BIRNCT 4 =TT —= v T OB R HDH Y 8
OENERT. FT, -V -IERLLE=2—7
WAy bT =27 LT, WREEEICILWEY (E
T N) RTEFBRTF—FELTANT S, =a—7
NVAdy MT =7 OO L, EfT L E DS

(loss) ZH 52 LR L= EE W TERT
5. TODlossHWAHT 5 L9, SEMEIE (TAX)
EEHCTRTI A=Y 2 HHT 5. Dhojihz, #E
L7228 T = %Ny F LN L HEAICHE L, loss
DOEAPWORT 5 FT, L IEiE Lz LREEICET
LETHYEBELAETS. (LK 1INy FIHETNLF
Br—s ey FH9 A4 XEMES) EREENL, #EL
Ter—%ty MIHEENDFHAEEHREZ] epoch&
L, epochHf. THRAET 5 Z LH %\,

SRFE AT BRI R ON Y FHAL TS 5.
— NV SN L GG B DT L, KT 5 &, Data
Parallel & Model Parallel D2 D AFHET 5.

T2ty b Ny F

n

= HE |5 puumm

a =l —>
1] ®

EPEBPEP)

loss DEH E/NT 4 — 2 BH

BIR 74 —77—= 7 0EHROWR
Fig. 1 Training flow for deep learning
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Fig. 4 Learning time for ImageNet classification
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