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Abstract In the contemporary era of high cancer, prostate cancer is a unique disease for men,and the incidence is in-
creasing year by year. Convolutional neural networks have attracted much attention due to their powerful performance in
the field of image recognition,and are also very suitable for computer-aided diagnosis. Training a convolutional neural
network is time consuming because neural network models often contain a large number of parameters. How to accele-
rate the training of neural networks has become a very important issue in the field of deep learning. To solve this prob-

lem, a multi-GPU parallel scheme is generally adopted. Among them, data synchronization performs better when the

GPU performance is balanced. Therefore, this paper draws on the algorithm based on data parallel to accelerate the

three-dimensional convolution network of prostate.

Keywords

1 3l

il

S R J 2 55 R W PR A B AR 0 O A i S R o 2
— o DR PR AE A T 3 I e I R 410 R O A T A E T =, K
] T 210 R 9 s 8 IR TR SE L (T ARk 2 B | b A
FET B Ry T SRR BE AR BT DR AT A T A R A T
B3 T7  IF BN 23 52 B B3R Cng 55 AV 260 (9 52 L B i
CAD & H T iy 51 B Ji 12 W

ST, B2 A 2 P DI R BRI T vk R A AP DAL AL
PR s O RE A I, O A A B B335 S Bn b X I R e 3 10
FETE oA B HH REAR A B R B A S ] ok 3R LA 1k, T
BHEMERZE, HELZ T, BT EIE &I (Graphic Processing
Unit, GPU FE AT AR 2R 3% 5 5 LA 5 25 J7 T A9 00 R 45 4
GPU & 2 B A g 4b B 88 (Central Processing Unit, CPU) Ji{

A7 E K A RBR 24 (61803035) ¥ B,

Convolutional network,Deep learning, Multi-GPU parallelism,Data parallelism, Neural network

N SRR 2 R i) B

ASCE X B A MK T 2 TR T £ GPU
BRI T A7 7 52 5 DR Ak D 100 45 A6 78 )1 0 2003 A1 o i) f, 52 O
AL £ GPU 47,

2 % GPUTHMEERWHITEE

2.1 % GPU H#17T

FEAG GRS AL o, CPU Y5 P8 17 76 44 1 b J& A L 57
19, CPU i 3 N A7 b ik >F 17 1) 50308 55 L 3% i R BR A FE SRl £
FOXEE RIBMIEZ CPUE XML k— k£ £ GPU)
LT AR CPU AJ LA B B2 U 1] 7] — B Py #7455 [1] , 35X F 1 1)
T AT LA M S B[R] CPU Z [ i {5 . {55 CPU AR
52, GPU 14 2 57 38 B A7 f v B AE 2 1) ,GPU 5 GPU

TR (1980 —) , Lo, i+, W B4 , EFHF5E 7 1) 0 & ~F5 AR 4b B, E-mail : qinghuasu@126. com; & #1(1978 —), B, +, Bl # 4% . CCF & 17,
FEEHFIE DT 1A W R B 2% 2] E-mail : zhaodi@ escience. en GEAE/EZE) .



5 11A

S DRAE A A IR B2 B GPU IR AT 3R it 525

Z A TEvk B A R X B £ GPU IR 471l 2%
i 7 B AL B 490 S 1 B [ Sk 14T AR 4 DLIRAE .

% GPU |[u) 3 {7 i of 528 0k 1% i, 0k 22 ok 5 HA% il
RZRT HLWTE., L PCIES. 0 Jy i, 16 3 i i 59 B35 3
)4 55 & 32 GB/s, M Tesla K80 W fF4F 9 & 480 GB/s, M It
ZF PCI-E 42 fit /9 %048 1% i e ) 32 3 7 + GPU M 31 8%
et

RS UL, GPU IR AT 0] DL At 443 5 K Mg TH 5 AE s, B
% GPU M 0y 15 A B m . Wk, 7246 £ GPU I 47
i, 7B E N GPU 4B 2 8% 1935 &, DL = GPU 1% Fl
E
2.2 HIEHFT

R IEAT LR AE R W GPU b i A [ 4 ) 2% 455 50, ¢
o £ R FR A GPU b, S [ B B 78 2+ B2k
AR 7 B0 9 5 A5 700, B GPU #B BBk 57 58 SR AT IS i T8

— e i, B0 R AE B b AT RSB — s 4 BN 45 L
AT 3 3 1 B A AR 3R BT 3R T B O 3K K I T 45 B R LA
BRIt X EE 2k L. Bk, A A 50 4T L A
AT A R A AT

EARFE B GPU R AR B I 5 4 A, 77 2 5% A A
GPU ISR AT S 800 8 . BT LA, 78 55 30404 I 47 i e i
4 ] A 2 A0 o] 7 (R IR A A SR A T S8 B S 8K
T
2.2.1 ARLEH

AR R A 1 R B R L K 2 A GPU K

s A 2

Bl RS R 7R B8 T

TE—BROE A I LM b I 5 BBk 2 BRI D7 . JT IR
PP A A A A e — R L A AR LSk BB AR T SR A
. g ZUARER A5 U ER IR 4 15T P PR L 98 IS
K g — X B SR RN AR R A — B R T R R e T
S JE AR B — Ul X A R RSO BB TR
W EATE— R LRSS T H AW B T, T A AR
TR B R 36 7 X 7 — A I AR G T U 24 A D A AL
ZIE AR — RO A, R EE 22 MEL 2
Jri B RT LUK BT B RO D 2 SR TS 5

LAY 24 48 235 40 52 BUECHE 747 ORI ST 46 453 050
T BT A O 45 A58 00 e 6 4y A R AT A B Y 2 B
B SE I — YT IS 1 3T FE AT T A A 50 3 o AR B
TS B A 45 50 20 LARE B e b s 8 i Bl R 4
TR B AR AR T AR S B TR . S D
7 GEAE B VA 249 1) B AR 3 1T IR 28 SR R AR RO O B A

5 UK AR I e AL HE AT R 45 40 Y I 0 D logl ™
AFISE R o W5 50 A SR A N o 5 AR T S R AT [ A5 L 3 £ R
W38 2 logr ™ o FEIRBLIE T, — N7 A1 B YR AL A I [

t=t, +log; " +log " (D

TEH 2o R RIR BE 1 00, 2 5 14 ik B R [ .
Bl W EABFESS - RBEA, MR EFTESY log
W2y, %0 20 B2 2 b, iy R GPU R 205 i —
W Aw, AN EFEAT R BRAE MR T S0 GPU 7 24T logs
UEHT . T LA, I3 20 45 4 A 0T 1 RO ZE R T SR R AE 4
B2 1 [ 48, I 3% A AR A B e & GPU i i 2 R 1Y
A B 1)
2.2.2 C/S&M#

C/S #5# (Client/Server #5 #4) B 2 7 %y / [z 55 4% 45 14
GPU # Client,CPU } Server,

C/S &5 A P A 2B 7 36 D BWE [ 2 9F 47 . in &l 2 B
7R 5 2) Bl S AL IR AT I 3 PR

B3 s S LI TR A

B W LI AT RIS TE — R ERTFWR 5 8 GPUC Y
FOFENES A (i CPUD 3R B 57 1 I 26 B8, fili S
) B B0 AT U 5, SR R A3 B Aw (BB 958, M E
FOR A GUE ) Aw #E R B Z 5, RE M — K&
R 58 18 o TS 2D f) — YR BB 58 . B GPU & M 3271 s 3K
BUEB G M4, Bk RE DA m A GPUL AW
mini-batch K/N Ry N, W EE B T F H 54~ GPU Xt KNy m =
N B9 mini-batch #4711 % .

i 55T RIS ES — SR IF IR JE . 84 GPU W
2 A5 A I 5 AR L I AN [ A B0 R AT I 2 of 45 1 A B
B Aw 4% B 3295 &5, Sz BR800 30 SR Y Aw XX
GPU " Y FT M 4 AT 58, T EA GPU R 5 77 &k
IR TR 26, i A GPU Mg 22 R KR LR, Bl =
LIATA A HAF N E ek,

BT A SE 5 T F B9 GPU B S A6 8], B 7E 76 0 B % A=
B OL R AT A PE R AR IR . 7 DI 2R B0 4t vk KN LGPU g
HOAH F B £ 2 GPU B0 [F] 25 9147 38 S & 38, ik 4% 508
[l 25 IR 47 5080 C/S G544, T LLTH 47 b 42 Tl 4k 6



526 B N N = R

2019 4F

3 XBESH

3.1 XBRFREXWEIT

S92 56 AR 45 #5 T8 & 45 2% Ubuntu 16, 04. 1 LTS (GNU/
Linux 4. 4. 0-96-generic x86 64), % 2 ik 55 %% BY ssh ¥ H
putty, BE {4 E N 40 B Intel Xeon E5-2640 v4 CPU, KL K
NVIDIA Tesla K80 GPU,

SR B AESL R P BT 2 GPU Bl R B IR AT Bk
A B GPU RN B R &ML, id 37 GPU
B AN (A A A Y i ad B AR I B0 DL S i A . £
GPU Jin i Bl di 252 70 o 1 5 B9 A~ O 1T, 3 M 26 2 GPU
B 720 AT Ak i 9 Rk
3.2 ProstateX #IEE FHILIE
3.2.1 ProstateX ## %

SPIE-AAPM-NCI Prostate MR Gleason Grade Group
Challenge J&: fi 3¢ [H 5 # ¥ #i 2= K Ph & (AAPMD 55 SPIE(The
International Society for Optics and Photonics) A1 3¢ [# [# 5% &
AEBF 0BT (NCD B & SR 1 — A~ BB 22 AR R L 38 .

BB MG E T 162 A MRI 6], &4 5% 14k A
T AR EH . RO 4 0 MRT #8080 8. 7
20 T2 AL P & Ci Bl A2 4 P DICOM A 30D Ktrans 3
CH1 B8R g 58 (DCE) &5 3158, mhd #% 20 R4 1R 3L
(ADC) & (it ™ UM AL (DWD & 3155 DICOM A% 20 . 3%
S 191 S 4 182 A kL IR AR A 112 ANkt it 3k
BRI 70 kL. A KRR AR A T RS 5 G e Y
F1% , A A B89 3 E LAY Gleason FE 4,

DICOM ## 3 B2 24 52 2 W A A% 50, S0P A&/ DICOM
SR AE A RediAnt DICOM Viewer,

P B0 S 3k /N 4 T R I 25T R B i 48 ) 46 W BB 4
Az b AU o PR O AT A 5 15 T A L B MR L B Mg A Dy
X HHR Y BB T 16000+, BAFIREDMAM DAL, A
FIJH dropout 55 1E W 4k 77 1 W] LAAT 2% B 1E A5 3 (4 3o 485 T

JEHEMRIE %

P4 AR DX P AR

HIFURR X35

3.2.2 WA HK

AlexNet F— > ELA R 10 25 B 28 I 45, LB 1 B
TR E SR W A, AT AE YT AlexNet,

YNGR R i A R BRI 4 % 1 % 25 % 224 % 224
(mini_batch_size * channel * deep * height * width), 2§ 1 2
HERZ BB 3«11 % 11, BREBESH L KN 2
4o 4, 0 AR IEAT AN TE i 32 NRAEE 3T ReLU %L
PE R s AR . 45 2 B AR 2 CRFEE LAY KN N 2 % 3 »
LEOMEI KN 2« 2% 2, b Rk, B 32
HERE BT AR/NR 35 x5, BRBBAIEKE R 1+ 1 *
16 B EAT A0 B th 64 SRR B, IF 6 ] ReLU oA £ 1E
AR, B4R AR, 58— kR S B E —

H, B5 2 RERZE BREKANN 233, EHEBI L
Kl 1= 1 1, % S A7 40 58, il 128 AN FRAE L O fi A
RelLU pREL/E NG B, 5 6 RN B2 BB /N A
333, BREBIERK N 1«1« 1,0 Ak 47 40 75 . 4
128 MRAF I, Il RelLU BREU/E RIMIE Rtk. 857 2R
BRZ BBERANN 3% 3% 3, BREBALERK 1511,
X B AT AN TS B 64 A AFAE L T A ReLU pRELIE A
PSR, B8 RN 5 — LR SRR B
99 ZNAEREZ AN 2048 A4S, ReLU o651
Sk BT BREL, L dropout 7 kAT IE ML, 25 10 B A4
R E i 1024 AL EH RelL U s B0VE A 30T s 5. H.
i ] dropout Jr ik 47T IE M Ak, )5 — 2 A &2, b
N 5 Al softmax PRELSZEE 32,

Hop ReLU sR 80 =X (2) fr R . iR B0 A = )5 .
MEGAMH = KTENHELETHRA o YWAEH o N THT
0, W% > o,

x, x>0
RelLU(x)= (2)
0, x<0
ReLU pREEG AN IE 5 FTow .
f(y) A
f()=y
(=0 v

Kl 5 ReLU %1%

Hod, softmax pRE L X (3), softmax B ELH T £ 70 2%
R A A B W B 2 A A ST 3 0, 1)
DX Ji) R, DT SE R 32

o(2), =& (3)

e

ANl B2 ZEAR 30000 K, B fith % 2 #6240, 01, I 78
I Ziod 72 v B A AR R B I s s R ER S 11070,
3.3 SKBHH

T 3 kERAR T EZ GPU B8R IAT £ M
AR GPU I 54 B 25 160 2% 1 9 1L e

K6 iR R, TR T -8, 9B B TR
TR ST U R e B A R A T S E R Ak T BE L
B BETF B R I 25 B AT B B B R HME I R IR TR 72,50
LR B AR T 12 A GPU #4720, e AL 1Y

W R ILT R,

7256

7254
R
N
#7252
€ Q\\\o/o
#7250

7248

0 5 10 15
GPU¥ &

6 GPU it 5 i i % i 6 &
K7 R T 2R p s . X T8 7 B9 s
LU 15 5 ROOR B R R (LA A



% 11A M JRERAE A5 05 Bl Bh 2 W GPU IR AT Rk 527
15 [3] ESTEVA A,KUPREL B.NOVOA R A.et al. Corrigendum;
IO Dermatologist-level classification of skin cancer with deep neural
¥ i networks[ ] ]. Nature,2017,542(7639) ;115-118.
[4] GULSHAN V,PENG L,CORAM M,et al. Development and
- : » - Validation of a Deep Learning Algorithm for Detection of Dia-
GPU# i betic Retinopathy in Retinal Fundus Photographs[J]. Jama,
Pl 7 GPU Uik 5 i B iy 5 2016, 316(22):2402.
RATH0 ST R % GPU IR 3645 5 %8 1 L 26 4% [5] LITJENS G,KOOI T,BEJNORDI B E,et al. A survey on deep
] learning in medical image analysis[J]. Medical Image Analysis.
JE B R AN B R A7 2t 0 P Bk 2 4% 1 N g D017 1209 6088,
7 R B T B N 45 1 I ELL A 7 4 R e e s o
B A BT A OB T BB G e T O BRI M AIEL L AL
,2017,40(6):1229-1251.
B (R 4 Y VI AR ST M B s T U AR [7] LECUN Y,BOTTOU L,BENGIO Y.et al. Gradient-based
VI8 Y 36 g2 AR W L GPU BCRE RY 32 71 JF BUAT 03 learning applied to document recognition[ JJ. Proceedings of the
fics GPU % . IEEE, 1998,86(11) :2278-2324.
il [8] KRIZHEVSKY A,SUTSKEVER I, HINTON G E. ImageNet
% ;: classification with deep convolutional neural networks[ C]// In-
S e ternational Conference on Neural Information Processing Sys-
0o tems. Curran Associates Inc. ,2012:1097-1105.
’ PR " [9] HSU K L.GUPTA H V,SOROOSHIAN S. Artificial Neural
Network Modeling of the Rainfall-Runoff Process[J]. Water Re-
K8 GPU it 55 GPU i IR X R
sources Research,1995,31(31) :2517-2530.
EWIE ALHXZ GPU LERMAMK ML/ [10] RUMELHART D E.HINTON G E.WILLIAMS R J. Learning
BT T A4S A 47 R RO 5 47 3 19 A 2 B2 0 AT R B L IR TR AN 4 representations by back-propagating errors] M7 // Neurocompu-
Br T8 IR C/S S5 W) 25 0F 47 7 38 BE X0 W 25 1)1 25 ting: foundations of research. MIT Press,1988:533-536.
BOEAR AL 4R T £ GPU B4R R 26 9047 7 Bk 9L M [11] BOUVRIE J. Notes on Convolutional Neural Networks[J].
BRI GR . SCE6 A5 R R T, MR T 2 GPU, R B ik vl LU Neural Nets,2006.
UG ARG A FEAT IR B . (RS IR AR B AT — 8 1 JR BR A [12] #hEdE. GPU 55 CPU i e 4h b7 [ . $2 R 517 35,2009, 16(9) .
GPU &4y 8 2k 18 A% iy 3 0w i /b T Hotk 5 6e . 18 13-14.
GPU g RAKHIE S T - T GPU [a] 38 15 (4 i 18] BF o5 b & [13] RAMPASEK L,GOLDENBERG A. TensorFlow:Biology’s
HE— B3R T, B0 5 v 2 1] 2k SR [ RS L 3% 4] 9 ) Gateway to Deep Learning? [J]. Cell Systems,2016,2(1);12.
ST RE Ml GPU 1 % i 2 ok, %540 Bl GPU (9314 f [14] ROSSUM G V,DRAKE F L. Python 3 Reference Manual[J].
1. [RIEE AT DA% e S 2 R At 5 4 4T S 86 38 o o B Department of Computer Science,1995,111(254) :1-52.
Y25 A3 AT LA A5 0] O 07 0 43 5 [15] XU AR I B AL (9 GPU i s B 52 [ D], b 1 if 5258 K
%,2014.
2 % X W [167 SRAEIE A4 0, 400 26 SR B F 26 UMD 22 60 26 51 7 0 o
C1) MR 0 B BUR S5 T RAE 6377 5 D). 46 B L) ARATREEA2017,55(8) :1-7.
2 2017(2) ,277-281. [17] LIAO F,LIANG M, LI Z,et al. Evaluate the Malignancy of Pul-
[2] SHIN H C,ORTON M R,COLLINS D J et al. Stacked Autoen- monary Nodules Using the 3D Deep Leaky Noisy-or Network
coders for Unsupervised Feature Learning and Multiple Organ [J]. arXiv:1711. 08324,2017.
Detection in a Pilot Study Using 4D Patient Datal]]. IEEE [18] ABADI M,AGARWAL A,BARHAM P.et al. TensorFlow:

Transactions on Pattern Analysis & Machine Intelligence, 2013,

35(8):1930-1943.

Large-Scale Machine Learning on Heterogeneous Distributed

Systems[ ] ]. arXiv:1603. 04467,2016.





