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Particle swarm optimizer based on dynamic neighborhood topology and
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Abstract: A variant of particle swarm optimizer(PSO) based on dynamic neighborhood topology and mutation
factor(DNMPSO) is proposed in this paper. In DNMPSO, the neighborhood of a particle are not fixed but dynamically
changed, and the learning mechanism of a particle includes two parts, the historical best experience of the particle
itself, and the experiences of its all neighbors. To effectively solve multimodal problems, the parallel hybrid mutation is used

to work for local search, which improves the ability of escaping from local optima. The results demonstrate good performance
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of the DNMPSO algorithm in solving complicated multimodal problems when compared with other PSO algorithms.
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Horp g Ron kL T BT 3 i e dr A &, BDRL 7 i BT
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AR KR (A ENR 5375 Dy R A4 vh T A KL 1
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SOk PSO B3k, i 5 N AP A T w SR AL R 1 1)
A R R R A R A ). AE SCHR [31 R, i X PSO i
S5 KA BT, $ T AT AR R TIPSO AR AL,
N4 IR RAIE T PSO RISl B T Wi sk
FE. (4148 B og A5 BoRL 7 B, W7 10 T AT 40 JE
5L E E . (5] T & N B %t 5] (Fitness-
Distance-Ratio) [1J 77 £7 1T 48 & 1E ¥ PSO 5 7% (FDR-
PSO). [6] % HERFANRL T 75 A [ 19 55 2 45 K6 P9 (A
SRR IR X FI G H), B AT U (R T T BB ) T ok
S BE 22 R, 1718 AT B ZE IR T 4 14 [ AR
BB (7142 T H &Nk % PSO(AEPSO) Hik, imid ¥k
38 ZAE ORE RE 8 A7 RO HEAT 4 R AR B R, H
A B SO B, (R R SRR AR M (8148
H 2745 2 B PSO SIE, A% B OH BEAN Bl o3 pl— 2
TRE, X B LA A A H bR, RS e —
ST TR R0 7 TR . (9] B2 — P UM L A e
% (CPSO—Hy,). A —4E (1-D) kA 8 2
B — YA, JX G e g L i S Al T ) D ) &5
HAE—E, DR THAVE I AT RCR. [10] 5 3135 41
TR A 5B T BE O A0 S0V, R TR ol 3 7 P A
PRV A B 6 R 0 e R A, (H BV P 38 8K
FEEEAGEL N3 T — ) X2 R RS, A
BT —FH R I [12] 38 H TR AP (b
#E PSO) FJC I (H 3@ N F-0) HEAT & 440 25, 7853 K
FEA FUIAR 3. 18 G N R B, Ja i 1 d ok 7
A0 TR R ARG IR A, — ELB B AR A A 9 9,
{5 FH brcvE PSO i S48

DAL T 42 21 (1) PSO S35 1 BSe ik, 6 T4 T+ 59k
B AT 20 s Bk R SR A L AT — e B, (H AT
PSR AR 2% 0 22 e ) IS, XoF 1 B0 B oL A I 3
JHRSE FAFAEAN L.
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31 HEBERING

TERL - HF V2003, MR 5 408 S 4 b 45 4 IR A [+,
RT3 2R Ja i R A b - S (LPSO) A4 Jey iR A kL 1
TSI (GPSO), 3 PR R LI R 0 45 2 [ 113X
Tl [ 5 (0400 o 4 b 5400 S BUREAN b AT D B 2
MFEA, BORHO AR T BER 2 AR, BRI, 8 T AR IE R
ANRLF#AT L2 1) 5 22 [RPRE 127 5, T G B N 3 3 e
PR LA H B I G, AR SO RS R T A & 118

AT CRL K138 1 bR KI) REAT B A 2L 40 (1 5. 3%
TS ALAT L 1 1) 25 SIREA AT 2 AL, RES TR R
T RN SRt VEAPE, I T AR 1 1 5 ) e DL B
e
¢E DNMPSO 3 th, A4 7407 10 8 M)
DN RE 7 ) (R R PR . AR I st I, A ik 1 4 FRO 4%
Ja ] i SR «
Li(t) = {di; ()]du; (8) = [z (t) — z; (O]},
J# 4] € ps; 2
neighbor, (t) = arg(min(sort(L;(¢)),n)).
Hope Li(0)3 s £ AV Z e, 4§10 b5 Bl RE
T G At R T R RKIG B AR A p 3K s i R A
neighbor; (t) R /R FEIE AN %1 £, *FRL T i 1T 48
KI5 A n RoRL T i AT IR SN, & I R W
KL FUAE K 1/4~1/3, {TEDNMPSOSHVL 1 n = p,/3,

A AT IGEMNDNRIRIATH Y. fEHEZIE T, W
R—ARiFIELL TR, A OB &R 15 24T,
W T xR | TR RRAL RS S0 e S0, 4 T=7 I,
FEIAG T Bl )iz AT 45 R, Ik DNMPSO 5.t
ST HIHE N 7.
32 RNFHFEIERIRE

7E GPSO 8.3k v, R~ 1 45 — 4 3 B2 th p; M p,
WAL, M AE LPSO Sy h, b1 () & — 4R 3 1 i p; A1
Preighbori (G2 /KL T+ i [R148 J v i A 0L~ JIi 48 3 1) e e
R, MR Ry b 2s ) LRI RE. & i, 721X Py
Pl PSO Bik S oAb &34 10 2% 2, b —
Y #8 A2 [) [7] — AN L (R FH Y. 4 2502 20 BRI SR [9]
¥R, X e ) S 4 i Bl“two steps forward, one
step back” Bl %. [A I, 7F DNMPSO 532w, 24 5 ki
TR PEI, BEASRL TR 2 S REAR AT S AR
W I 1) — SR, i e AR T Bk . B 1
45 Y T GPSO % % F1 DNMPSO #. 72 7 Fh i #) A
20 KT, 1847 6 000 JGEARES, RL 125 SIFEAR N 2
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3 PR A ) " 0 v AR PR A Y 4
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PRI, DNMPSO S92 16 180 52 5 20 RT3k o
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Iteration/10’

(c) Rastrigin function

Iteration/10’

(d) Rastrigin function

1 FIFRGERRBXRE

Fitness(p,;) — Fitness(p;
pgin(i) = arg {max{ (p;) v >} } (€]
|de - SCz‘d\

Hr:de (1,2,-+-,n),i=1,2,---, ps, j € neighbor;;
Poin(s) 2% 78 KL T i I & — 4 %% >J K¥ 7, neighbor; %
TN RL T A0 JE R R AR A pf,lin(i) RN Doin(a) 2R
d 4k, '& #% \Y 1E Fitness-Distance-Ratio®®. 7£ DNMPSO
Bk, w = 0.729, o1 = o = 1.49445. X Rk 1)
5 ) MR RERR A |2 5 2 SR
33 ERET
h TALREASKE - Re g 51 i b AT R R, AR
FERLF B H R B R UL ¥ BE 7. 7 DNMPSO 5yt
FINKIRA AL e A
5, AR IR E AR AT (mey), YoE—A>
K R HATAL 5. LB 45 Hh
(o (7)) -1
exp(5) — 1
KA A RE T (AR S e ), b d ROR ik 1.
LR, BRI BT TR R AR 5 Ty o
Fori=1:pg

me; = 0.05 + 0.45 5)

If ceil(mc;+rand-1)=1
If rand<p,
pos(i, d)=(1+rand) x pos(i, d)
Else
pos(i, d)=Gaussian(o) x pos(z, d)
End
End
End

Horh: Gaussian (o) K7 Bl — MR HEZE N o IFF &
v 30 0 A 18 BEHL AR, rand 3% 8] — AN (0,1) 2 18] (1 44 2
AT RIBENLEL ceil(A) Fmik bl T A 55K
HEHL po MAEX S 03 A0 A2 S (2 5 R 7), AT B
2 ] 5 1R, AT DU B AR AR 0720 A AR e 3
N1 = py. AESCHR [13] P& T 3 MR St L7

1) [ 5 H $0A8 S AE [0,1] 2 6] 3450 B {H, 38 3 B
ti4:0,0.1,0.2,-- -, 1.

2) kAR e R T AT 3 Fhg i F B0 ek A, R
PERREL. FaE e B0 Sigmoid BEEL, 25 W1 R

pu(t) = 1 — t/gen; 6)

pu(t) =1 — (exp(tlog2/gen) — 1); (7)

{ Fr,t) = 1/(1 + exp(—rt)), "
pu(t) =1— f(t —gen/2,r).

Forpe ¢ O R akARTCEL, gen 4 B RIEARIREL.

3) HIE AR ST XA 5 T R[04,
0.7] Z W35 73 A B, 3 6 K 2 H i) .

245 T e KIEARREE 2 000 OANTA 1922 57
DA LR L. Sl T A B WO Al 2 S AL 7 B3 4 AR SCH HY
(B, AN AS AR Ja R )32 2 2] SEm (¥ Al L, it
VNI 5 T AR S IR T+, A 97 R 4 Sphere, Rosenbrock,
Griewanks, Ackley, Rastrigin-noncont /1 Rastrigin I i&
17 DNMPSO $13k. A I e K47 1000 TRIEA,
H AN TRI RS 00 R Hic s DICARL RS2 AN ), 75 00 i A o
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BEATARAEAC AL BE, DL R AN (050, 7 IS Fn vE AL
(1 4 42 HESCHR [4] D5 9B AT S 0. b oAl e
B, j AR T

. T —- Linear
0.8 S I~ N |\ — Exponential
- N N Sigmoid =0.1
M O Y|+ Sigmoid =001
g 0.6 ~ .4\>¥: Sigmoid 7=0.001
D5 0.4 SN
%N \\o ™. \’ ~
0.2} N N
0 L L L 35 . :
0 4 8 12 16 20
BRKRE/10°

B2 sHERET

LG T 5 1000 JGEACH ) X (Xeng). HeH
F 27 [ 58 % 804 ¢ K, Linear 3 7% 2k 7 326 ik
A2 57 ¥, Exponent & 7 F5 H0i Jf A% 5 K1, Sigm %
71 Sigmoid PR £ 9% AE 5 A1, Self-adapt. X /< H i
WA 5 K1, No KR e A e il 1. AT RAF Hh, etk
12 Yok A S DAL 1) SV R B TS 21 T W A ) A .
1, 7£ DNMPSO H%mh, SR 2 942 5 41~ DN-
MPSO FIE DA 40 T
Begin
Initialize particles’ position, velocity, ppest; > Gbest-
Vinax = 0-25(Xmax — Xmin)
Initialize particles’ mutate capacity(Mc) in terms
of Eq.(5)
staynum=zeros(1, ps)
Initialize p,,
while(fitcount< Maxgg) && (k <iteration)
For each particle (: = 1 : py)
If staynum(z) >7
staynum(z) = 0.
update particle 7’s neighbor in terms of
Eq.(2)
End
End For
For each particle (: = 1 : p;)
Construct the neighborhood of the particle 7
in terms of Eq.(2)
Construct Pbingi) in terms of Eq.(4)
For each dimension
Updating particles’ velocity and position
in terms of Eq.(3)
If ceil (mc¢; +rand — 1) =1
If rand< p,,
z(i, d) = (1 + rand) x pos(i, d).
Else
z(i, d) = Gaussian(o) x pos(i, d).
End
End
End For
Ifz; € [Xmim Xmax]
Compute the fittness value of x;,

Update particles’ ppest; and gpest-
Update staynum.
End
If fitness(z;) <fitness(Ppest; )
Dbest; = L4y Poestval; — ﬁtness(:vi).
End
End For
End While
Output result.

End Begin

F1 TRZESEFHRELRSE

Pu Kend Pu Xend Pu KXend
F0.0  3.4e-04 F0.6 7.2e-04 Modular 3.3e-04
FO0.1  2.1e-04 FO0.7 5.5e-04 Exponent 9.1e-04
F0.2  3.2¢-04 F0.8 6.2e-04 Sigm0.1 7.2e-05
F0.3  4.7e-04 F0.9 7.4e-04 Sigm0.01 1.1e-04
F0.4  4.3e-04 F1.0 1.8e-04  Sigm0.001  1.3e-04
F0.5 3.6e-04 Linear 2.2e-05  Self-adapt.  6.5e-04

No 9.6e-04

4 SEEPTE KIS
4.1 R

AT DNMPSO 5792, 3% % 2 A B0 il 4 A
% It Benchmark p& 4. LR A XL SCHR[11]. £ 200
TG T IR LR BURFAE. T BG LRSI R L 1)
PEALHESE, B T Sphere B 25040, HoAth i 7 1) ok £ S 1k
AT et . T R BN Tk, BARZ ISR [14]. T
PRI BRI AR AT T R, AR AL B AT IR AN, SR
Tt aaE .

F< 2 3EHERE 89 Benchmark & %

Search space T f(z™)

Function name n

[-100, 100]3° [0,0, - - 0]
[-2.048,2.0481%°  [L,1,--,1]

Sphere ( f1) 30 0
0
[-32.768,32.768]%°  [0,0,- - -,0] 0
0
0

Rosenbrock( f2 ) 30
Ackley( f3) 30
Griewanks( f4 ) 30
Rastrigin( f5 ) 30

[-600,600]3° [0,0,- - -,0]
[-5.12,5.1213° [0,0,- - -,0]

X3 JEEERY Benchmark £& %5

Function name n

Search space z* f(z™)

Ackley( fe ) 30
Griewanks( fr ) 30
Rastrigin( fs ) 30

Rastrigin

-noncont( fg ) 30

4.2 PSOEZHISHEILE
5 AR SCH: H H DNMPSO 52 347 B 8 1 6 Fip
PSO Hykun |
1) 4 IR 716 58 PSO B35 (CF-LPSO)P;
2) 4 R 1 14 JR) PSO $:(CF-GPS0);
3) JEF il MR L 1K) PSO 4.9 (FDR-PSO)P;
4) BT 5245 B PSO &% (FIPS)4;

[-32.768,32.76812°  [0,0,- - -,0] 0
[-600,600]3° [0,0,- - -,0] 0
[-5.12,5.12]3° [0,0,- - -,0] 0

[-5.12,5.12]3° [0,0,- - - ,0] 0
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* R %25 &

5) F& T2 2 2 1) PSO Hi(CLPSO)! T,

6) LT ILEME M PSO 532:(CPSO-HK)™, k =6.

N TAEAS R B2 B AT v Lok, SE86 AR DG 18
WIR: B I PSO S IR KA A 304 ki1, 4
AW oA AT IE AT 30 IR, 6T e A 1A ARG U e £
WRIZAT 3 x 10* R ETEAT (Fitness Evaluations), 11X}
THE 2 PRI ASL DN BR R I AT 6 x 10% BRECPEAT .

43 ERERRSH

KATNES 5 2 th TR bR 2 7E 3 x 107 R %L

TEUTAT 6 x 10* BRELVPT J5 RSB AN 0.95 R EAS X 1A,

P B Ufas AT 11 45 S 2R b th. R H] Wilcoxon
FEFES 5, %F DNMPSO 53 It 159 45 3 55 3 Ath 6 Ff
PSO Hy% rh fe b 14 45 R EAT KL 5, DL iIF DNMPSO
SLVE T A 45 R 5 A 6 B PSO S92 T 15 45 B 1 22 53
B G2 . K 45 RN R 4 FI3 5 1R
FOME T T KM HEIENIBAT ], THE 70
FE 745 55 ThinkPad-SL 400 1) H1 i )3 Ff] Matlab7.0.1.
24704(R14)Service Pack 1 # A9 1] (tic, toc) 4. Kl 3
FE 445 1 T PSO SR SIUR i i 26 I, Hrp %1 I
TE5 K 3(e) # .

4 AFREREERETE 3 x 10" FEs) RETM RS ENEFEXE

Griewanks

Rastrigin

4.661 0e-0024 3.763 1e-002
3.288 6e-001=£ 1.456 1e-001
1.3762e-006£ 2.673 1e-006
1.2329e-002+£ 3.953 4e-002
2.2157e-002+£ 1.563 2e-002
1.779 7e-006 =+ 1.954 2¢-006
1.1147e-011+ 1.453 2¢-011

5.173 8e+001+£ 2.542 6e+001
8.258 1e+001=£ 1.634 6e+001
3.5819e+001+£ 2.564 3e+001
1.348 1e+0024 1.366 4e+002
1.993 8e+000+ 1.783 1e+000
9.969 9¢-001+ 2.234 1e-001

2.684 4e-005+ 1.567 3e-005

1

1

Rastrigin

Rastrigin-noncont

1.193 9e+001+ 1.545 3e+001
1.094 5e+001+ 1.434 1e+001
9.949 6e+000+ 2.017 1e+000
9.895 4e+000+ 5.254 2e+000
1.022 8e+001+ 1.541 2e+001
4.031 0e+000+ 4.563 2e+000
3.979 8¢+000+ 3.635 5e+000

5.300 0e+000+ 1.245 4e+000
7.001 2e+000+£ 2.432 5¢+000
6.000 1e+000+£ 2.566 5¢+000
7.065 0e+000+ 1.567 4e+000
1.800e+001+£ 3.056 5e+001
6.040 5e+000+ 1.456 2e+000
5.033 0e+000+ 1.734 4e+000

Mean Function Value

Algorithm Sphere Rosenbrock Ackley
CF-LPSO 4.5502e-01741.320 1e-017 2.4218e+001+ 1.123 6e+001 1.897 8e+000+£ 1.137 4e+000
CF-GPSO  4.754 6e-0144+ 2.342 1e-014 2.407 8e+001+£ 1.745 6e+001 1.376 9e+001+£ 2.816 8e+001
FDR-PSO 9.061 4e-017+ 2.195e-017 2.3227e+001+£ 1.021 1e+001 1.379 6e-004=+ 2.151 1e-004
FIPS 8.429 8e-0061- 2.433e-006 2.6126e+001+ 1.1184e+001 9.4723e-0044 3.163 4e-004
CPSO 3.058 3e-006+ 3.214 3e-006 2.489 9e+000=+ 1.136 1e+000 2.544 4e-0044 1.243 2e-004
CLPSO 1.188 0e-008=+ 1.651 3e-008 3.9542e+001+ 1.241 2e+001 5.583 1e-0054 1.354 1e-005
DNMPSO 5.347 8e-008=+ 1.212 4e-008 1.246 2e+0014 1.311 3e+001 1.195 7e-005+ 2.542 1e-005
result 0 1 1
&S5 HERERHFE (6 x 10" FEs) REUTMN E R EFEEX 8
Algorithm Ackley Griewanks
CF-LPSO 1.385 6e-013+1.536 7e-013 3.446 7e-002+ 1.432 5e-002
CF-GPSO 7.105 4e-015+43.534 6e-015 9.835 4e-002+ 2.657 2e-002
FDR-PSO 1.155 1e+000+-2.474 4e+000 9.599 9e-002+ 4.234 3e-002
FIPS 3.5527e-015+4.542 5¢-015 6.777 7e-002+ 2.746 7e-002
CPSO 1.155 1e+000+1.636 6e+000 3.161 1e-002+ 5.543 2e-002
CLPSO 3.5527e-01544.2454e-015 5.368 0e-002+ 3.424 6e-002
DNMPSO 3.4527e-015+1.834 2¢-015 3.103 6e-002+ 1.784 2¢-002
result 0 1
o 10° o
= % =2
S 107 | S
[=] [=]
2 10 g
RN g
5107 =
&= &=
= s =
20 2
10°

Fitness Evaluation/10*

Fitness Evaluation/10*

Fitness Evaluation/10*

(a) EB# Sphere (b) E& % Rosenbrock (c) HR# Ackley
o 10° o 10°
2 ¥ g 2 oy
S 107 8N s 10
= =
210 210
2 g
5 107 5 107
i i
g 10" g 10"
= 10° : > = 10° : .
0 1 2 3 0 1 2 3

Fitness Evaluation/10*

(d) PA¥ Griewanks

Fitness Evaluation/10*

(e) PAF(Rastrigin

B3 JAEREREALIN R £ UG S5 i
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MATR, 7 — AP AR T SARE AL F BT oo T8 5 & 973

10° T %ﬁm—-—-—-—n—-—-—-
° &
BN <
(5] g
10710_ \k \ikk&\o
X R
107" N s o Fo=£\§¥3

0 2 4 6
Fitness Evaluation/10*

(a) PAZLAckley

\gﬁmm

0 60060 0o 0 Bb b

A

Mean Function Value
=

Mean Function Value

0 2 4 6
Fitness Evaluation/10*

(c) E#F Rastrigin

Mean Function Value

0 2 4 6
Fitness Evaluation/10*

(b) EEH Griewanks

Mean Function Value

0 2 4 6
Fitness Evaluation/10*

(d) El%lRastrigin—noncotnt

B4 FEEEHm R B A A E

6 AFHERARN RBUTEATE (3 x 10°FEs) s

Algorithm  Sphere  Rosenbrock  Ackley  Griewanks Rastrigin
CF-LPSO 7 12 19 29 50
CF-GPSO 8 10 18 27 46
FDR-PSO 9 9.8 20 35 45
FIPS 9 8.9 16 40 70
CPSO 10 8.5 24 43 54
CLPSO 9 79 17 39 71
DNMPSO 7.8 10 20 30 51

RT HEEERNE ST ERTIE (6 x 10* FEs) s

Algorithm  Ackley  Griewanks  Rastrigin  rastrigin-noncont
CF-LPSO 431 262 421 789
CF-GPSO 409 286 452 546
FDR-PSO 387 268 399 654
FIPS 374 363 488 653
CPSO 452 544 515 468
CLPSO 441 357 652 531
DNMPSO 385 246 404 499

M 3 0T LU, T B AR A e e RS i o 2L,
4 T Sphere B6 %14k, DNMPSO 53%: 8] G4k T~ oAt 6 Fif
325, JUHN Griewanks Fll Rastrigin pR 2L, 7R 4% &k 4
(1) )5 1 DNMPSO 5352 I H PR () e Sk v, X 02
TR R T KSR S AR S AR A A
KRR S AF AT R 2R, ST TR Bk R
ARG BE ). 1 CLPSO, CPSO F1 FDR-PSO £ B,
HH SR AR 22 U6 I S I) BE ), 33K 2 A PR AT 1) 2 ) SR
AN[A] T CE-GPSO Al CF-LPSO, i 15 B A4 1) 22 k7 438
T, 3G S T SR S A AR 11 B

I 4 0] F H, 6T Ackley BR324 B0H BT e
¥ 1, DNMPSO $Ly232 4T W] g gt T Hofh 55092 R

24 bR BUJiE ¥ )5, CF-GPSO, CLPSO, FIPS, CLPSO 5
DNMPSO 5.3 JL A AH 7] 1 W 80k . {5 CE-GPSO
HIDNMPSO 7t i $H 47 5t (1) e $03d 12, 1 CPSO
HIFDR-PSO H L T 5.2 85, %) T Griekwanks i 44,
5 bR BUE B % L, DNMPSO 532 1 CE-LPSO 41
EAT LT A S, B AR, BT SR
SME LT WA KK 1) 22 1. T i ¥ Rastrigin oF 510 3%
Wi 5 Griewanks B8 $UA AL 112 17, B T CLPSO &
i, HA SRR 1.5 < 100 R EOFN G, JLT-# 4L T
53R A, 1 CLPSO 513k #k— DR TH 1K vl RE. Xf
T Rastrigin-noncont B8 %, CPSO 5.y H Bl T - 2l
S, 7E0.3 x 10% K & BOVEAN 5, K7 A LT
WA 15 BT $2 TF; 17 CF-GPSO, CLPSO, FIPS, CF-
LPSO 5 CLPSOJL - A5 A A 1) Wi 8k 45 . DN-
MPSO 572 N AQ T 46 B35 AR 45 R — B n) 42 JR)
P BCSH, D0 H Bk R AR R e ).

MF 4 1% 5 A& i, DNMPSO SLVL7E R 3L fo
~ fs Al fro LAREUAG T Se b 1847 45 3. M\ Wilcoxon
FURST 46 4 H ok 20 Hr, B T K 0 ok 2 f A0 fs, DN-
MPSO 535 i 45 45 F 5 HoAth 6 F PSO 5132 15 45 1
(1) 2045 Fe vl # i L.

26 F1 7 1 1], DNMPSO 57 E g de 46I ok
H b (I A7 I ) 5 AR S ) — B g, ik T e
B [P R 0 bR £, DNMPSO B35 1) F 5 ] 22 /0 3L
(K=RF
5 4 @

ARSCHE T SR il 2 V6 il T — P St B R A
5515 (DNMPSO). 1% 5L 45 37 T FE 48 PSO 5325 [#]
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SE 408 i Fh A G5 R 1R B B (B 2 B N JR) S s AL 1), B
A M R 1 AR P b S A, RO I T A
1) 22 AE PR 20k - T8RS SR N, O T 48 M PSO B
AL B O S I AR b s i — A R
RRESE s 2 NIy TP (0 i = WA /T L o
IR AR S A RE A )L NS IR g3 B 4 R T LA
% i, DNMPSO Sk AR T oAl PSO SRR I T
SR 22 W ) G0 R DG FAx, AE o AR B AT e O I R
8 (No free lunch)”!'1) 348 it i DNMPSO 51 2
I IR S A D S B, P AR e Tn) ) ith 2B
IR (Shape of the Fitness Landscape) &< %1 i, 3% $& —Fi
RIS e b i v 22 06 i) 350 1) B0 2 — R B R TR A6 %,
Ry T AR AR A AR e PG ) L. 0T AR SR HH R B
V2, ] DAY B 22 R W R 5 (491 4n 52 R B0 ) ok
LW AR R L KT8 g, AR AT 20 3 A 20 S £
PO =RFRIES LA
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