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Abstract: Population based intelligent optimization algorithms have been widely used in a variety of fields such as
agriculture, transportation and industry. However, their iterative search based behavior makes them inefficient in address-
ing large-scale, high-dimensional and complex optimization problems, especially with high real-time requirements. With
the development of parallel and distributed technology, many scholars in lots of countries began to study the parallel of
intelligent optimization algorithm. In this survey, we first introduce the basic concepts of parallel intelligent optimization
algorithms. Second, several types of common parallel intelligent optimization algorithms are summarized from the per-
spectives of coordination mechanism, parallel models and hardware structure. Also, their advantages and disadvantages are
discussed in detail. Finally, some future research on the parallelization of intelligent optimization algorithms is prospected.
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BICFNEE, SR G PAT A X A 57 VPAL S I B E HRE,
23t 2 UGE IR 2R R B B AU AH EL TR Skl
R BEARAL T V2, R RE AR B AS 7 n) 8 H A pR AL
P EARE 2RI, Bt s, HAe R REe 58,
T RSN A T A R S A ARAY o] R A 25 V.

[FJ IS, AR 22 S B T n) 2 e 22 [m] IR A 1 1> B
AL ER H bR R, SRR 2 B s L oA H
b BRI (A BAA — @ B 5%, RIS —AN HbReR
EPERE A 2 FRAK 55 — > B AR R E M RE, RIANAE
FE— MBI A H AR R S B A, R AR E—
2HH AR AIfRLE, FRONParetos LRI . A E A1
W ER I —ig AT R BB — M, Rk 2
H bR AL ] B 2R 5. 28 T A AR 1 2 B Fr
ATk, AE— IR FARIEAR S R a] DA 3 2 A
Paretofift, 321y ik 22 B ARILAL IRl K 32 07 1.

S R R A B AEAR A AR B S o TR
v AR RIS 3 T RN, (H R B KR AR
Bk, B 7] R RS RN 2 25 MR AN e 39, x4
Re AL A 1B Bk . 48] G T KRS 2 AR
Ao I R, I R A8 28 2 TR0 B oK B Ry s e A A
AR i 3 7 P U B RSAR TR IR O, AN — N b3S
TR ISR RAACTEIERS, 8 2 KA WA
H I, B TEVETE AT 252 (RIS T) A N SRAS I A A
Hef.

b & % 1% AL B 3% (central processing unit, CPU).
B I 4b P 25 (graphics processing unit, GPU). 4 fii =\,
THE MUY BRAE A 0 B30T, THERE I TR K2
T 5t Rl o A ORAT R WAEA R R, HIL
TIRZ et i EAE & SHESE, OpenCL, CUDA,
Spark, Hadoop%%.
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Fig. 1 The development trend diagram of parallel intel-

ligent optimization algorithms (Data from Google
Scholar search)
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FREE VR R 3 205 25 R R 2 - FeaE b Rl L
(R S, 38 T o B R R R A S TR ] 4
R, AT BIGEA, & BI5(FME) & 3 M
b, Byu5a)aE st SRR AR W R G E,
[, AR FAE AR SCER 3.1 71 AR BT AR
2.2 MEE

AR RIS T 4 BB AL BN [R] () MA A T
M, ARSI 2 FE VD ER IR H 54 T Bk P, i
AR3E P RN PAAR BB SRR 354k, AH DGR FLAE
A3 2T AT,
23 HEWE

FATR B T B EE P R L S R %
PEVER B P RS 2= s B e RE, DA
H 25 5 21 1) B B Risco2% O 7y H-4TH4 T SPEA—
IDFINSGA-IL, % b 5 AT RRCAS AT 21 i o7 5 5 vy Hod
JE B . XA 92T 45 5 SPEA-TIRINS GA-TIFI AL 4,
BT 0 IFRAT 2 B pR A SRR IE B T KA S
Wiak 2 BI7E =75 55 ) A5t S B A 40 57 (Alock-of -
starlings optimization, FSO) ¥R 2% B/ it 2= 8], M5 i1
PATPSOFE Z Mgt 2% 1] Joy 303 2 X 5k, FH] FH A i Ak
P4 5775 (bacterial chemotaxis algorithm, BCA)Ei#PSO
2. XingEPHEH TR GA 51U (ACO)
1 43 A 2 B [E] 3k 4k 527 Deng 5O HY 4 G AN
PSOIAT P A IR AR # 22 X 25 S50 (fuzzy neu-
ral network). LiZFUN g & 7 N A BRI TIERER A
BRI, IR T TR A N L A B R 1 (pa-

rallel hybird artificial fish and bee swarm algorithm,
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PHAFB), 7£ 8 7k Z WAt i) i HA 4/ S Ak

2.4 BAEUHFE

PP I R — B2 SRR ST, A X A S
&, (RIS AR T DL AN [R] AR S 07 =X, AR 41 e
LTI AS A R I S5 AL EAR A K 2 1 W3 [
MR, BT T HREN, A —ERE LR R
B—H TN AR, CaoE g H IFAT S 1E W R
FL¥#¥(parallel cooperative coevolution particle swarm
optimization, PCCPSO) 5. ¥2:, 45 & 4= ] ki 1 B 5%
(global particle swarm optimization, GPSO) %} % H. I&
] RIS SSOR S SR 1B B (local particle swarm
optimization, LPSO)Ef X 25 I i 1 4= Je #R 2% 1) AL H4-
A48 2. Talbi%F P HIFATIR G 70 A R NE %, Hd
M Z N EHWREVE, GACRKEFEE 2 FE . Wang
LA T SR RIE A SR, PSR 2350l R
24 SRR R 5 SR BT K B 4E. Cadenas¥ P
Fgdt 7 — g AT 0 R R ME S BRIk R4,
Hr e s 5 S 86 % ol K U TR
P F SR AR AL 7). JamesZE 1 11 T BRI JEAT 24 =
HWREE, FHTPIUTABERE IR 2 R RE
P[RSR AR IR 7). Arora5 TR HE AR T 448
XA S & HATAL, 70 5 SE LT S A A A 3k ) G
f3GA.

2.5 ERIRINEH

TR A G IR 7RI (MR AT IR BR AR, S
M AT R R R R R E S e —. T
SelEAR LR W R Fhai .

F IS, WE2(a) B, AT S ERE RS AT
BRI FRRIR SRy B s AN, T 797 R R e
RO sURIA ) SR A B A0S, I 1) B TS )
4 R LR, AT BOEAS R, SR
82 TS0, A BRI IR FIAIER 77 2, Wi 2(0) M
(OFR. BRSSP R IEME SRR, 5 T OR¥E A
T Z2 FEIE. BUA A0 1 AR WS S 52 B8 PR, (H I AE
P =y B 5 TR R s, AR SIR R
FMAELEL, EREE S A A EEAE, XA BN
15, [t BLAE B [0 FI XU AT A2, A 2(d) M (e) s,
TEA B DPIR IR PG R v, BN RUAR A R A
T RURIEZ T PR B AL AN, RIS 75 2l 4
B P DA B 41 B — S RN, anE2()
B, 6 BA B m s AE 1A, BRI A& & R TR
U AT I FAT R R G5 .

TE EIR RN R T, Toilh BRI R MRS,
A LR L STHR (1814 H B 3k i) 5E P o 15 R
FEMBEHLIR PN, 72 B B SN 22 A Ak
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Fig. 2 Illustration of parallel migration topology
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H 201 209044 LUk, AR R B fe iR 1b L
HAT Y ML A TR A aE M, SR T
— RN IAT B R B, XL 2 R DL R 45
28 MUY, S DRI IR | AR, DL AT
TR 34 B VR A A 2R 19T
31 FEMER

F= AR TRLSR 13 ) 32 IR 5 44, n B3 T s,
REILAMAIE RS IR RS RS iRl 7 3. b T
[R5 3 5 K 3B S5 5 I SR B A5 K0 2 3 1)t
T CA I 32 I FEAT B e AL Sk 2 R DT A8
F WA 5 F- 5B, AN [R5 ] DL BN R R g
ARSI, B SR B VAR bl 1 DR [ T A
B EREDEAMA, BAREIRISIOE BERER, (HIX S5
FhEEZ REVE NI, 955 T RN R i i, o i@ s
FpmEK, A& A TR 510 R 4L

K3 E AR RE

Fig. 3 Illustration of master-slave model
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(multi-objective particle swarm optimization based on

decomposition, MOPSO/D). = £k F X Fh £ 4] 45 14 I
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Iy 4, Bl R EIATPSOSE 1, 5& WAL #% B AN 1.
SilvaZ§ A 217220 $2 W AT GARR U AR 1) 5 it b B
JiE R A1 EEOx TR . B AT RFAT AT GA, 32719 w8
FPIER A AMA. Sato% NI H 73 A A odh 52
Fic HE 7 18t 4 5 vk (distributed NSGA-II, DNSGA-II),
i FIN 73 FEHEFr SRS el > A S BCHR TS 1], S8
BN,

Kaur NPT 3R47 SPEA-TIHL R i
N8 S UL 1AL Kannas%5 AP 7
F T K] i3 A6 B 7% (graph based evolutionary algorithm,
gEA) I B T 25 W40 45K B v R AL 18] . Zhan!26)
SE NFR I T Spark 73477 2 Wi [F] 3340 HEHE 22 (spark
distributed coevolutionary based evolutionary algorith-
m, SDCEA), Jf % F spark ff) & T %L + #f 11t 16 &
% (spark based quantum-behaved particle swarm opti-
mization, SDQPSO), i isf 7£ 73 47 =0 2% [|) b AT FFAT
ORI A A AAL ) RS, AU BTt 1t
SRR, i ELAH IR T35 2R 45 2 0 o B B4

NiuZE P50t 7 R X2 B bR 5 (mem-
brane-inspired multi-objective algorithm, MIMOA)=K
fift XU H b BE AL 75 SR 4506 % 4% 7] B (BO-VRPSD). 7F
MIMOA Y, {1451 R GEE L@ F T L 5] 55
YETF RGIFATHAT BT A R T7 ). Kus%5 12813
11 T AIA (artificial immune algorithm) ]34T HRA, I
JS2F THURES H AL 1] R . Tsutsui%s 1 21#E £ 4% CPU
AR N E D 2 LRI AT PRAY.

25 b B RUAY S SEIR 2 25 n g, [ I e i
R AR T BEAME /N 19 R s AN B
&, Y E M IFAT R B A B0 B P TR o KA
S 1A 20241,

3.2 SR
B USSR AR . LA S AR K ) hR A

WE TR BAAE, B4R, — 2 B IREE,
BT R IR AR AR B BRSO ST B U545
R AT Ph M, R T AR E ISR,
AT AT [E 25, T LA N A A [R] R R AR AL
B MBI RO E DR PR T R TR
AMBALAEAR SR 55 (03RS, I8 3 b = P AR
¥ A). 53 MR RUKI B, S WS AR AU AS A 18] T A 1
RIERETENE, BIRWSCERE A — E M TR, H2E—
SEMER L FHIE 7 SR N RSB, [FIRFEAE FFAS /N,
AR 58 R G018 AT, AT LASRAG I Bl 2 i ik,
T3 T B USRS SEEL R REA AL SR IR, 7B
B IE R AR BN S k0 B AR IR A I
PASGERS R, IR A BE i SN 4.
SCHR[30-32] 5382 Y T B U5 I/ TNSGA-TIH V2.
Horr IR B P20V T H bR R 00 il SR A ) 843 i

AT 0, SRR AT NS GA-TDN ¥ i) @47
AR SR 0 A S TC A 3% B A A7 RS B A 4 i
I AK 9] 75 5 % Pareto fif £E. WeiZsBUHE I 4T
NSGA-II F T ¥ 4 4% & 4, i A 5 05 3147 04T
NSGA-IL, ffrf5 3F 3 R AN Ak B A bt o, 1T
A RN EE L. RochaZ5BA7E (ML
Bt L ATNSGA-TIR K BRI 1 405 8 B 7 6 4%
THIEE (], BT S 05 9 5 B A B2 0%, A3RR 104 7EAH 4R
S5 2 [AIERE 1 G Fh AR RS S Ak,

Bl 4 BiSHEEREE
Fig. 4 Illustration of island model

SCHR[33-341 K MOEA/DIFAT 44, ¢ 7 ] /i 43 X,
B X7 FORE AT AT EAL S 738 38 B PR
(pareto front). iT# 73 X {1 10% 185 9/ & DL =45
Bk HE R ER AR AR, G 0 BV IS S AN A 2 BE . Xie
SEDSIRR HORE SRR 5 FE 3 AUR & 12 #2 [ pMOEA/
D. YingZPOU¥3&E A 1 X B A 4k i1 & 1 pMOEA/D
R 2| m4E %2 H AL B (peMOEA/D). #H ELAL T
PMOEA/D [ Z A 73 X K1) 73 S lgs, J T~ el 41 5% & K
G G IXAE i 4 TR SR 23 1] BT ANIAI S, s T RS A
Wi 7y DT (IS f k. [RIB FOE S IE R R M
DA AT AL A5 S B 2 [ ST~

Liao%# 3753 BT 7 2 MARASFN B WA A (¥ 947
MOEA/D-STATUS ] TR fiE i B By U5 o, 275
Ui 8 B 05 DR /DN Y SRS A % B 0 ) T B I (] A B R
UF (13 °F- 4. Dulebenetst™ 2 Hy [ 1& 8 15 5 2 40 52
(adaptive island evolutionary algorithm, AIEA) 3K
il U VA L e, 3 AR ST SR 7T LA
B RO PR R 10 R 5 2% 8] Jamshidi 5 4OZE £ 1) 2%
Ja115 M (controller area network, CAN) 528l T 75
PGA. 53 PRI, CANF [FlA(5 2 = AR H AL,
I B B ) R

Abd-Alsabour™ N F F 1T GA 3R fift & 4 15 L [l 4,
IHIE T 1T GAR] DU v = A AL 1) . Atashapendar
SN NI PR 2 B bRk P EELIE (speed-constrained
multi-objective particle swarm optimization, SMPSO)
LS GAE IR 2 B bR A B IEHE SR (cooperative
coevolutionary based MOEA, CC-MOEA)%E & 33T
AT, &AL, e A R AN A. Cao
S5 LR R 2 H AR AL I A2 Y DPCCMOEA

(distributed parallel cooperative coevolutionary MO-



1

SRIESE: TR R AT Feidt e 5

EA), MRk s o AH, BH B — TR T,
IC R [44]% Tian Z5 451 52 H ) GFM-MOEA (general
front model based MOEA)Ff47 4k LAR ff /K BB AR IR
G RG] . & 2 FE B $ 4T GFM-MOEA
FESHIT RS MG Se A, 19 21— HU S R 1 HAr A3 2
fIparetofi.

SCHR [46-471 52 M JR) EBAH AR & W52 S (5 2 SE B4
JRZ A, B T B SRR A AT SRS AR v Y )
. A % B G AT I R AR P sk A3 8], wT LA SR
Wesh® 4 R AN R s AR N I 2 A .

gi b, BISREIR AT BRI A B2 AT LUK HE
SR SR IR 1] R TSRO B, [ i SR AS A
USSR PN 2 RV R AP RIRCR. BEAh 5N B 1E B
W, AT LLSE A R AR R SR A A, [ ek 3T A% i

B AR, (VR TE WS AN T BERCR 2 8]k B -7
REMHIEFATI R A RIS 0], B0 7 A2,
A LA RCKR il 2 S ARAL n) 8. B Jo SRR AT T AR A
B L R SR 1 e R, TS s ok BT,
3.3 SRRy

SRR, Y AR EEASIAY . AR AR T
J A SRS BRI XS, BRAE TS DL, BN AR
T MK, BB R AAEAR S AMA Z M3 T, Q&5
B, 8 B L 3 MR B U = 1 2

K5 afpitR e
Fig. 5 Illustration of cell model

SCHR (48511344 th 1 T~ 4H M A 284 1) IA T 1 A%
. ForbrSekaj S S IIR T AE  HEFR RS S 4N T
SLIGA, HARBL“ 1L PTA SR JE AR B4R 5 164551
A2 B AL ). Llora % WOV T~ JFAT i A% Bk v 1738
& 5 N T4 4y 1 3% (genetic and artificial life environ-
ment, GALE), £ 4 W 7 F ) 2 i) 483 SCT
JRiFB AL BT FIAAGE BB IFAT V. Nayak 55200k
HHRLEEFFATGAHT T KAl 2 a2 R Ak o) R T A
ALK T2 (] 1) 43 (R 2 SRS 5] N 1T GA
H, SEPLR IR AL. Soca®E PR T —Fh AT GPURY
FEAT 41 L 33 4 502 HE 42 (parallel cellular evolutionary
algorithm framework implemented on GPU, PUGACE)
SRR BCH A AL I . GuptaS5 3R I FA7 &

F A K 34k H % (quantum-inspired evolutionary algo-
rithm, QIEA), sRAFAE XA AL ] il
2 b, R AT BE B A BRI AT FE AR KR A

AT R EIRCER, 2 H TSR s 4 sk 2k
Il RN 22 AR 25 4 SR A A 1)
34 BREHEK

TR AR AR Ay o JE AT, BIDKE 4 Rl (2R %2 )
IR A A, AR 22 Fisi sl () e 34 k3 s R i
LA RE ST, I 6FTS. L4 A A
B5-FMNRAE BIS-AES . BI5-BI5R A =
MR &%

(c) ByU5-F IR AR
K6 ReHRAURER
Fig. 6 Illustration of hybrid model

SCHR[S4-5TIRER T 5 U541 A v & B2 2, G
6(a) 7. H i Folino %5481 T —Fh 43 41 AGP (ge-
netic program)&i%, b Z NFRIR B I, 54N 15
PHAT I T A ARAR AL 1 GP, AHAT 5505 2 TR A
. Lee S5 1E TR G FRAT A BVE SR AR AT 20 RS
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EARAG T R b2 5 05 RS S A 1) #8 AR LA,
TR AR TR IR, SRR R A R
7 THIK 2138 24V, Federici SR04 3147 £ P
(1) %' By K% (1) 1AL AR AL 55 5 (evolutionary optimiza-
tion at Sapienza, EOS)3K fi# == ] L& 15 v {1t 4L 1] @i,
EOSKH IFAT A0 e ity By USR-S AR, BRI 05 FF4T
BEAk, By 05 P 7 FhEELTRLE 9147 4k, Dorronsoro%7!
W AT 41 g 38t 1% 5 v (parallel cellular genetic algori-
thm, PEGA) B TSR AR B 4 R 42 1) il (ca-
pacity vehicle routing problem, CVRP), |2 N B3 5
U5¥aES, TR A AR A,

HerreraZ5 B85 37 71 N J2 45K FH A S B2 1) 43
AR, nEl6(b) Fras. AT 1 A 4 R il f A
RN SR ERIE RS K. 1 o R AR T RN
R L K SN B 5 2 8] 22 REAL I M.

FESCHR [59-621H, MIGEMEER: 73 9 JUAS-T- A2k
T B USE AR FEAT B, TR RE, SR 3 A
R TAT VPG AN B RE LAk — B f iSRRG,
6(c)fizn. HFHuoS5 M5 1T 7 43 |2 947 N LI B
ENAAK SR 24, EZ R BIGEAE, T ENE
M. Artina%E O H 7p 23R4T AL NS GA-TI i
DIRAL B /K I 2%, ZETHRHLERRE P AN R T35 B
FAT ST HATNSGA-TIHE, XA R AT SN B+
FRER 32 A FFAT PR AN A& B S Ng & 01 22 Fop
BIFTGAVIT B R, R4 B 2 RIHAT IS,
TS TN —— W, 2R ()
TR IFAT A, BN & BT ROOHT P R 3)
FAE SR 1) . Zhao%5 021 W 4y B 2y AL B
R B SRR AR IR

gx b, BiE—F IR i U S gt
e, mT DA s K BIR R R FH U SRR SRR T B R ) S
PRAREIE, 2238 FH T 3R A% & ST IO, ] .
B 05— O ABE AR 5 25 i A B AY 1 R B AR — B, [
IS LE CREF R 2 AV 7 T R AR, W] ARG IRk R
AUSSL, 2 H adE 2 ARG IR . 05— B U545 Y
AJ ATE % Byl 2 8] T J& 22 e AL B, i[RI FH 2 A
REDUAL RIS AN 2 RTINS 40 & AR

HESHL R G I e R BUY 2R NS iRz,
3.5 JHMTERIMAETE B AR

LR PR, By 2 U, T4 S RN
AU LA g BAFRE. By Ui S AR A i 2 2 (] 2 £ T
FATACHIRE AN, A EE T MBRAYZE 78 T #hdh b e

ATREAC AT R 1A e T AR ) I 47 R Be AR AL B
IROTZ B T I E R BT 2R AR IR A
RERIRAGIA . BHE L . A S5
K 7y KA, FEIE R AR A H AR

Ir4H B BRER U AR SR SRAR RS A A )
FERAIETNEE T3 B2 A BN TR CIMA) AT 3 A
R, ¥R TR, 50 7T PR
TSR B F, [R] IR ORAIE A R o & AH LB T A%
Gi R AT R REDUAL SR, AT R R UL B SRR KA
SR R, 2Rl T B TR)MIEE G R 8 A A7 AN 2
S5 TH A A TERE, [FII 22 FhEE 2> B IR AR 7
—EREE_EIGIN TR Z R, Bk RS At
s A AT A BB A5 B B R AT Sk T
ORI B Rz —, I 5N 5 & N S A] LAE S
TENE A 22 A 2 B) K 3P4l 3R TR B o A
T AR AT R R AL
4 SEHIHTE RN EE R4
41 ETERAEEEI

Z %A HLE% (multi-core processor) & HFAZ A PEAS7E
THL XS 47 B AN PR D 6 8 T 1k 5 B 1) B R T 3R AT 52 R
AR A P, B R U, A 22 A AR AL A R
—ANE R, IR AR SR A AT TR R
GivERe, 2 MZ 0 EEE Fr b2 st A A
Fhr, 815 RO, LigeROME SR AL B 2% |32 tHIF
17 MO-MOPSO/D i, Sk 1 P A% ik 2 A Kan-
nas%F PR H 31T 2 H ARG 592 (parallel multi-
objective evolutionary graph algorithm, PMEGA)ff 1t
L5, TEXZ AL PR AS F B3R T T 201,615,
TsutsuiZE 2 7R 2 12 A0 338 b 3 795 AMAIE B S it
A0 A0 2 R AT VRO4, BRI 5 12 0B
L. WeideBUTE Z 20 F1 3% FIEETIATHRF 2 H
PREVEAEZCC-MOEA LINSGA-TUN HL ARSI, 1A 5]
T RAF RN SR, Hong S5O EXUZ AL BE A T IFAT
SCILN TR, I 1 JFAT SR e 4 U e As
AL ] R LRk, thAh, TRIECITE Z b R 3s
S AT W0 ) 22 43 1 A SV R IR i o A PR 2 A% 0o
Hahn, 5% AT AAZAE DN, SR T FLAS 2 ) fig ) o =
LR AT 22 00 A SRR 2, X U A SRR M N 5 i
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LA A B W [F] #E AL, 41 40 Sato 55 7E DNSGA-II
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P 23.65-66]

S, AR BT B IOpenMP, MPISE B 76 4 15 4%
H, BRI SFIEAE Z AR B A I IR AT S fil
LR SRR FT L2 AR 25 B, WIPSO, GA, g 5%
(bee colony optimization, BCO) X MOEAs“$45.
4.2 FETHEHERLI

T E AL (computer cluster) & HIZ 1T Z N4 HE
TR NLELZ & 2 A0 PR BT SE AL L IEAE
24 S5 o AMAH B R G A B, b [R] v Ak 5 B BT 55 B

J 2 1) JE feE PA  BE HEAT HiR AR AL T 2 4%
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AbFREE, THENVEREAE T B AT SV T T R AR
#. Rocha®EBI7E 40 5 s B 1F AL SE B Lig AT
NSGA-IFIE, SEILHE 2 1 sk HL AR R 8ok, hn
TR AT Jameshidi % HO7E 2 7 SICANEL 2R |58
2 73 A NGA, CANPIKIEAS BCAR R s A B2 m)
PLSZEIEBZR P i . Parsopoulos5 07 #E iy 1 BE AL
R 528 T cooperative micro particle swarm opti-
mization (COMPSO), £ 12004 i 7% A8 & F) bR 7 I3

i R SIS 2 BH, 16471 R T AR R O A ).
Burczynski 2581 7F AlchemifEFEHESE T SEBI T 50%
S5, oA T AR B B L, 8 BT AL E P Ik
ChenZF 25 T 2 U HEL IR S T HUKL L GAIRI AT %
AR, 2R B, FIHIUA B — 28 00 A0 IFAT BRI
3, WiHadoopSpark s, it 713 v] LAt
THENUEERER R THE AR J), X RIS 20, )
G BN LA, o) RELEA T SR A

1 AT TR IHATA AR et b A
Table 1 Analysis of parallel intelligent optimization algorithms described in this section
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AIA WibEs AL sttt [28]
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il W R 32
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GA 2SI R [46-47]
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GPU (graphics processing unit) iz JF U620 1 5
SDENME b 3 2. FE 5 H B ORI P K R,
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PIAF HR T KA R B8 A i 72 PR 3L S N A7 . Gao
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BB SR S AN RIGPU ) 22 (B[R0, AT
A . KumarZ: 72 7E GPU I CUDA F-4 7528
PIp[RIRL 53 572 (cooperative particle swarm optimiza-
tion, CPSO), 5 i/ CPSOX Lt i AT B (Al AN A
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Fig. 7 Illustration of GPU architecture
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