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Abstract  To resolve conflict between convergence and diversity in particle swarm optimization
(PSO) algorithm, an improved PSO algorithm which called reverse-learning and local-learning
PSO (RLPSO) algorithm is introduced. In RLPSO, a reverse-learning behavior is adopted by
some particles and local-learning behavior is adopted by elite particles. In RLPSO, some inferior
particles of initial population and each particle’s historical worst position are reserved. Further-
more, the hamming distance among the inferior particles is no less than a rejection distance that
predefined. While population has being trapped into a local optimum, the inferior particles and a
particle’s historical worst position can attract the particle to leap out of the local optimums in a
high speed. This action is called reverse-learning behavior which can preservation population
diversity and improve RLPSO’s exploration ability. Furthermore, in each generation, the difference
between the best particle and the second-best particle is adopted to guide the best one to carry out

a local search process called local learning behavior by which exploitation ability of population can
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be improved. In the local learning behavior that can parallel execute with population’s evolution,

the local scale factor is dynamic adjusted during the evolution. The results achieved by RLPSO

were compared with some modified PSO algorithm, which indicated that RLPSO has better global

searching ability and higher convergence speed especially in high dimension functions.
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E Mean 1. 09e+01 6.92e—05 1. 06e—07 1.71e—01 4.78e+01 1. 65e+00 1. 1le+01 9.02¢—08
’ Std. Dev 1. 45e+00 3. 11e—05 1.47e—07 3.56e—02 3. 04e+00 1. 94e+00 3. 18e+00 2.92¢—08
r Mean 1.98e—13 1.98e—13 6.62¢—45 1. 28e—16 2.33e—03 1. 89e—04 1.56e—07 1.97e—26
" Std.Dev  9.58e—13  9.58e—13  1.75e—44  1.45e—16  9.28e—04  7.66e—04  1.56e—07  9.34e—26

® 4 MILEEWNUKBHHMRALLER(D=100.N=30)
W oA FDR CPSO wFIPS CLPSO SPSO DEPSO RCPSO RLPSO

P Mean 1. 17e+01 4.76e—03 2.03e+00 6. 05e+00 1.93e+01 8. 66e+00 1. 08e+01 4.89¢—04
! Std. Dev 4.44e—01 1.25¢e—03 2.79¢—01 3.03e—01 1. 60e—01 2.29e+00 4.83e—01 3.75¢—04
F, Mean 6.61let+01 1.91e—03 1. 15e+01 3. 14e+01 1. 49e+02 1. 43e+00 7.94e+01 3.75e+00
: Std. Dev 5. 24e+00 6.30e—04 3.82e+00 3. 18e+00 5. 08e+00 7. 08e+00 8.57e+00 4. 41e+00
F. Mean 7.55e+02 5.06e—04 7.24e+02 4.69e+02 1. 09e+03 2.13e+02 8. 54e+02 1. 89e+01
s Std. Dev 5.65e+01 3.08e—04 3.48e+01 1. 95e+01 2.44e+01 4.43e+01 4.35e+01 2.09e+01
F Mean 2. 12e+04 8.37e+02 1. 89e+04 3.37e+03 2. 40e+04 1. 49e+04 2.85e+04 1. 70e+04
! Std. Dev 3. 50e+03 3. 14e+02 1.17e+03 5. 76e+02 7.24e+02 4.89e+03 1. 31e+03 2.13e+03
I3 Mean 1. 03e+02 1.34e—02 1. 31e+00 1. 06e+01 1. 05e+03 6. 26e+00 8.06e+01 8.71e—03
? Std. Dev 1. 36e+01 1.59¢—02 5.37e—02 1. 11e+00 3.55e+01 5.59e+00 1. 12e+01 1.02¢e—02
o Mean 1. 24e+01 4.72e+00 2. 94e+00 7.64e+00 1. 94e+01 4.42e+00 1.07e+01 3.43e+00
s Std. Dev 5.56e—01 7.73e—01 2.05e—01 4.88e—01 1. 04e+00 1. 87e+00 9.50e—01 7.75e—01
P Mean 1. 11le+04 1.31e—03 3. 15e+01 1. 05e+03 1. 14e+05 5.08e+02 8. 69e+03 8. 12¢—05
! Std. Dev 1. 88e+03 8. 66e—04 7.30e+00 1. 47e+02 5. 15e+03 5.32e+02 1. 25e+03 7.01e—05
r Mean 3. 7le+06 3.13e+02 1. 0le+04 1. 46e+05 3. 16e+08 1. 07e+06 2.22e+06 1.52e+02
$ Std. Dev 8. 00e+05 5.65e+02 2.98e+03 3. 7T4e+04 2.79e+07 1.21e+06 4. 44e+05 6.33e+01
F Mean 8.37e+01 1.51e—02 1. 38e+00 1. 63e+01 2.52e+02 8.59e—01 1. 21e+02 2.06e—06
! Std. Dev 6. 73e+00 2.21e—03 1. 38e—01 1. 20e+00 8.89e+00 2. 06e+00 7.08e+01 9.97¢—06
r Mean 2.82e—07 2.42e—09 1. 20e—18 6.61¢—20 4.19e—02 8. 75e—06 4.60e—07 3.36e—19
10 Std. Dev 2.87e—07 8. 14e—09 2.14e—18 9.24e—20 1.59e—02 7.35e—06 5.29e—07 5.89e—19
4.3 TREBNH CLPSO,wFIPS I CPSO 7 H Ay o8 55 1 W] 53 5] 45 453

M3 MR 4 T RUE L fERAE (D =30 B, TEAF iR AR, Ho, wFIPS £ Fo, LA J CPSO
RLPSO & F\ \Fo Fo Ml Fo BB TRABMRI .M 8 F, EAOM S I 5. 24 o6 54 B0 & D=100 B,
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RLPSO 7 5 AN p6 $ B BA 5] R i A0 3, HAE
Fio RSt U 22 F CLPSO. i CPSO MR 3
fib 3 4~ R B A T4 A . R e T LB B RLPSO
SV AE o 4 R B DA I PR RE B 2% 4.

WEAh L S T B 1 A AR SO i — 25 X
RLPSO 7£ D=100, N=30 i} 5HAh PSO 52 1

A R AT TR - Kb, B A5 KF «=0. 05, K 5
ZERAUNFE 5 Ui, 26, Better, Same F1 Worse {H. 43
B 2R RLPSO MR 9 PSO B 7 1T s St Ak
A ELA 3 T A A [ A i 2 T 4 Y eR R B AR
g R ] LUE  RLPSO 5k H HAh 5575 B B4
PERE. 1AM, CPSO Skt Rt T84T i R R,

#& 5 RLPSO 5x L EEMER -HRIE (a=0.05, )

FDR CPSO wFIPS CLPSO SPSO DEPSO RCPSO
F ! 143.332 17. 909 39.724 109. 341 644. 420 20.722 121.773
! p 0. 000 0. 000 0. 000 0. 000 0. 000 0. 000 0. 000
5 ! 49.798 —4. 660 7.298 27. 886 118. 525 —1.529 42.996
: p 0. 000 0. 000 0. 000 0. 000 0. 000 0.132 0. 000
F ! 66.921 —4.939 95. 088 86. 203 184. 616 21. 666 94. 685
: P 0. 000 0. 000 0. 000 0. 000 0. 000 0. 000 0. 000
F ! 5.569 —41. 268 1. 649 —33.952 17. 001 —2.140 25.221
! b 0. 000 0. 000 0.105 0. 000 0. 000 0.037 0. 000
5 ! 41.542 1.343 130. 671 52.156 161. 165 6.116 39.342
° P 0. 000 0.018 0. 000 0. 000 0. 000 0. 000 0. 000
P L 43.801 6. 040 —2.097 21.336 64. 007 2.873 29. 661
s b 0. 000 0. 000 0. 040 0. 000 0. 000 0. 006 0. 000
e ¢ 32. 462 0. 821 23. 662 38.934 121. 653 5.230 37. 861
! P 0. 000 0.415 0. 000 0. 000 0. 000 0. 000 0. 000
7. ! 25.411 1.550 18.314 21. 259 61.989 4.874 27. 348
¢ » 0. 000 0.127 0. 000 0. 000 0. 000 0. 000 0. 000
F ¢ 68.233 37.238 60. 231 74.978 156. 537 2.291 9.388
! p 0. 000 0. 000 0. 000 0. 000 0. 000 0. 026 0. 000
P ¢ 5.382 1. 629 2. 140 —2.480 14. 424 6.520 4.763
10 ) 0. 000 0. 109 0. 037 0.016 0. 000 0. 000 0. 000

1 (Better) 10 4 8 8 10 8 10

0 (Same) 0 3 1 0 0 1 0

—1 (Worse) 0 3 1 2 0 1 0

4.3.1 Al 2R R FDR-PSO H1 8 IR Ay bi 16 5 2% 2 W G i 4 231 5

A5 B R H e KV B maxFEs {E 2R
PENLAR AT LR R AE T e B0k A A o kL 4
P B BT M 2 A B3 3 v e RE B S 4. TR UG, DA
maxFEs {fE L5 X 4 A B AP 248
HH B SR S RV S A M P O 48 A e R RE IS L (R R
FELE B U A 47 I At 45 A1 1) 6 o), 23 ) 3 A3
PR AT — S 5. 4 RCPSO 4 A% 45 VE i 35 22
PN IR AR ARV ) 1y TAR DA i S A L B e
e, M T ORFERE 9E A 1A 2 0 2 T AT 0 HE S B
BB AE TR R T 0 o ORG ET FRE
(Y RRAR S M, D g R BB i - R e D T B R AT
MX(M—1)/2—1 YR 7 A iy B =B 85 0 3, i
Hb RCPSO B AE X HE 52 A #R 47 1 iH 58, R
ZE S R i £ DEPSO [W#ERT F SPSO2007 1%
2, — 7 W& G0 1T R 2% 2] ZEFE i, 5 5T 3 22 J [
TET H A iy 2% 4y 8 4k & 3 (Differential Evolution
Algorithm, DEA) 4 £ gl [t SPSO2007 #E i} 2 £ ;

Wz 18] ) BR 2 B B8, 3t 23 #E 9% — a2 1Y 48 47 B ().
RLPSO B T 3 A S 4 30 A I 1) 2 2] Al e kL 7
(4 JR A48 2R Ao A B A UGk AR A R D s e A AR
P #l P, 247 48 & L RLPSO 533 24y
T HB 4L 1 7R AT S I 2 > 1 g 25k R RE. (B
5 RCPSO 4 @ g+ F B A 7] 19 )2 . RLPSO HAE
FRER) Gy Ak B A — K, FE A RE 2F Ak A 72 v 3% il
T AR 1. T R 1) 2 20 1R 3B 43 b U AR T2
2J 77 3 HIF A KA A 1 B IR 3 E. Rt RLPSO
. DEPSO.RCPSO #1 FDR-PSO #E i 2 /. Hofh L
T B 0 A B U AR i AT B B AP AR AR 2D IR
HE#RE RLPSO #f4.
4.3.2 URSHEFE

MNHIT T FE B 8315 43 87 AT LA HE  RLPSO 5
2 ELA A B B ) A2 2 T A S B R S — A
i B T OR i B 1) T AR B B A R e SE R N (]
B R T L B LA T AR ETE 10 4
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0
- 10
E107! a
5 2
o L
10
[[FDR — +-SPSO —~TFDR -+ SPSO
10~ %(PS()S %I)E 58 %(‘P%ﬁ)@ ﬂLR)&f)g;
- C -
1o~ EFZVI PSO %RLPS() ‘ ‘ Lo -5 CLPSO =+ RLPSO| ‘
0 05 1.0 15 2.0 0 05 1.0 15 2.0
AT ABFES/10° VR UCBFES /10
(a) F, (b)F,
4.0
—~TFDR -+ SPSO -~ wFIPS -+ RCPSO
10 35 --CPSO -2~ DEPSO -5-CLPSO =% RLPSO
3.0
= 329 .
= 2.0 1
‘ W) 1.5
107
=% FDR_ —+ SPSO L0 1
-©-CPSO _ -&-DEPSO
- wFIPS - RCPSO 0.5 :
Lo -5 CLPSO +RLPSO| ‘ . ‘ ‘ ‘
0 05 1.0 15 2.0 0 0.5 1.0 15 2.0
PN KRB FEs/10° AN R EEFESs/107
(o) F, (DF,
10" 60
[ [ —+FDR
-~ CPSO
: 50 ——wEIPS ]
10 -2 CLPSO
40 —=SPSO |
o —&—DEPSO
£ - -7 RCPSO
@ 10 ‘% 30 ——RLPSO |
) 20
10 WZ"FDR - SPSO
-©-CPSO_ -&-DEPSO 10
-~ wFIPS - RCPSO
1o |E2CLPSO S REPSO) ‘ ) .
0 05 1.0 15 2.0 0 05 1.0 15 2.0
P REFEs /10 PR CHFES /107
(e)F, (D F,
10° 10"
DR -+ SPSO
-©-CPSO_ --DEPSQ
10 A -~ wFIPS - RCPSO
10° -5 CLPSO - RLPSO
@ 10° A 1
E Z10° 7
* 0 | # ]
102" FDR 5 SPSO l 10' I
-©-CPSO_ -&-DEPSO
-~ wFIPS - RCPSO
=== CLPSO —RLPSO ) 4
10 . — 10 L . A
0 0.5 1.0 15 2.0 0.5 1.0 15 2.0
WA KBFESs /107 P REFEs /107
() F, (h) F,
1011
10° 107
% 10"
z =
) -
kS 10" ‘-”Qlofl’
P50 EDrrdo 1015008, XPRR
-5~ CPS —A— N “PS S
5 |-~ wFIPS %RCPS()M -~ wFIPS - RCPSO
10" |-&- CLPSO = RLPSO ‘ 1o E2CLPSO % RLPSO] ‘

0 0.5 1.0

P HFEs/10°

(D) F,
A 1

ANTA] PSO Bk 1 ik

0.5 1.0 15 2.0
PN RBFESs /10°
(SR} Flo

PRVBC B WLl £k (D=100,N=30)
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UREWESE /o o ol R i = N I ST D =g
RLPSO F1 CPSO 7E K #B 43 bR £ v 24 5 A 5P 19 1
Bk RLPSO BR T1E Fy BB R 45 F CPSO 4h, 78 1
fiby bR KR I 359 B T S5 AR B30T 0L I AR ) A SI0EE T
DR I » 7 7 SR Mg S B 1oy P ) RSB oW B9k 2 0k 25 Rk
Wik B P E RS B, I RLPSO H A 4 Y 1 BE.
RLPSO 33 Ffr 8 (1 e S0 45 25 F 45 U AR i, Fp i
DI S iR P P #1023 E 4T Ry 50 2% . 3 15 B
RLPSO w1 Ry #B27 2J B A 00 1 5 1 580 2% i Wi 8
.
4.3.3 [ 2E 2 B

PRIEFIRE 2R 1 — FLR 78 O RS 1 1 g
BF A — S SR B[] R, R R 2 REME LI G R B
2 RE A Bk R B AR G R T R R IS — A R
. RLPSO JE 3% 10 S 171 2% ) i R G ) A0 gt 3 5ot fe
ek FALE B A2 5] L — B4 0] BE B A AR R A
(kL F B I X . =2 r DRI R e 25 s 1 o7
T2 5102 7% 18 2 0 Rk 500 1 06 O B O A 06 45 A7
L TER AT — A RN AR R T4 5] 2
W 5 B NZORE 7 5 B2 2 i B v 4R B A

500 ‘ ‘ ‘ 500 : 500 ; ‘ ‘ 500 ——
: : ‘ : ‘ ‘ ‘ ‘ o+ CE ]
250} - - - - R S S SN R S IS s N R L - - 2500 ---- L - o]
I I I 1 1 I I I I I I
o | o % q e %:: o +m° l+++% ol ° %5
oF---- (IR I R < I I o @ o) P B T ® o) S R .
TS 0 RS A oW |+t : o T
: : : : : : : : L, : : S
T e e e Rt ~250f - - -~ e I e T e R
TP T A
_E T ! ! _ KB 1l ! 1 _E 1 1 1
Jg%OO —250 0 250 500 DQ%O —250 0 250 500 09%*00 —250 0 250 500

fifp B9 T REPE 22 RO, 18 2 78 T F (D=30) 1
B i) s 2] il B kL i AT I AR B 2 Lt T EROR
FRERL T, O R0 s Bl i i B9k T, Hep
‘@ F NI A KT W LA AR IR R L R
X BB 5 KL A B 25 Y08 O AE S {H O — S
TEHCLEAE - () HU{E LG 225 il R o DG igp B el T 05
RAL# x=420. 96877, I 2 i 25k DL S5
T AT 114 45 L E A AL A 3k — 4 (1) BU(EL LG A A
TEIRAE R BUEE L. A e n] DAA X A 45 15 B %
G —F 73 L B SR AR e G e AR i 4 A UL
Bl 2Ca) ~ (d) 53 53l 3R S 1) 27 2] TR AG R TRl 24 2> 5
(A BRAWS 2 N F UL i A S VAR s TR TRV D)
EoE Ry AL e U R e Y A A R S § LY A
TG 2 TR 72 B BRI —
AR TR RLPSO 588 Bk S 1) 27 > AL #9530 ik
X ARy LPSO) BEAT 1 FOHE. fi F ) 1) 22 ) 1y &
BAE RG] — AR T R R B AR A A ik
HIEHCT o Z g s Fy~F A7 AL 505 25
BE N N=230,D=20, 373817 30 (K. LK 45
3 6 fimn.

(a) R ITFG (b) R3] 55K

500 2856 —250 0 250

(¢) RN E15MK (d) Rl 2] 5l

Bl 2 i o o i A BokL T o0 A 4 Bl

& 6 LPSO 5 RLPOS gyl &5 R
Fy F, F3 Fy

Mean  3.30e—06 1.20e—06 1.07e+01 1.07e+04
Std. Dev 9.70e—06 5.6le—06 1.48e+01 2.26e+04

LPSO

RLPSO Mean 4.61le—08 3.16e—08 2.7le+00 4.37e+03
’ Std. Dev 2. 94e—08 5.97¢—08 1.13e+00 8.97e¢+02

M 6 LTS B al DL M S rm) o > BIL ] AE
AN S A M B B b A [ R R M R T AR
A PERE (— e 1~2 DEER S0 . N AT LR ST ik
o PSO B TEHEAT 22 W eRECIL AL I IZ AL 2 AT LA
i B R G L R B A A0 Y. AL FRAT A i
2T HLA R Tk B B G R AR A R R R AE T
o7 Y LA T e B X A 2 R T B R A AR AR R
(1 $2 BURUR FH 38 AN o Ja 20K 0E — 25 B3 2 ] i J
THIFIE.

5 & B

h T A PSO B3 1 W SIGH B 5 L8 )
Z 7 )6 i — 20 3 e AR AE M RE . A SCHR I T
RLPSO 53k Z B LR T R D sk S O i F0 g sk
WM S AE R A A B R B X 2 AN H AR
il 1) 22 53 25 RO s A SR 1 JR) A R R L JR il
AR S AT 22 40 25 R AL, DU = 18 Rk
B YR B R 4 0 25 0 3 S ) A 2] i
P AEIZ AL B o B 5L ) AN A g s e 4 filk LA
RN FRE R 24 5 2 MR 5 |6 0 ki S R
L BCEFPREI 2 ARV 2 2 S S5 R L Rk
FRRHEAIE #2526 25 R B L AR S
FE 9 RLPSO 53k i 0 1L g 71 B4R F %) Lt 3 ik
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