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WA A RE P TR E R W3R
3 ATLLA Y, OBL-pTLBO 5 2 i) T L 0% H
% ff T DESP, MDEVM , MDEVM-Fajfar 54 ¥,
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Table 1 Experimental results of micro-population algorithms

o 8 o4 MDEVM-Fajfar MDEVM DESP wJADE OBL-wTLBO
- {H 8. 6E+04 2. 8E+04 1. 9E+04 2. 2E+04 2. 6E+02
d FrifE Ty 2% 4.1E+05 3.3E+03 8. 0E+02 7.8E+02 8. 9E+00
S {H 6. OE+04 3. 1E+04 — 3. 7E+04 3.9E+02
£ bRy 22 1.5E+05 4. 7E+03 — 1.2E+03 1. 1IE+01
S {E 3. 4E+05 1. 4E+05 — 1. 6E+05 4.3E+02
f FRUETT 2 4. 7TE+05 1.5E+04 — 7.7E+03 5.3E+01
S ¥ {1 — — — 2.2E+05 4.3E+02
/i R T 2 — — — 1. 6E+04 1. 2E+01
A — 2.3E+06 — 2. 1E+05 1. 8E+05
/s FRAETT 2 — 4. 0E+05 — 5. 5E+04 4.3E+04
S {E 4. 1E+05 1. 8E+04 — 1. 2E+04 1.2E+02
£ FRUETT 2 3. 1E+05 6. 3E+03 — 3. 8E+03 1. 0E+01
S P {H 3.4E+05 8. 9E+05 — 2.3E+05 2. 1E+03
f bRy 2% 2. 2E+05 7. 1E+05 — 1. 6E+05 8. 1E+02
S 6.9E+04 — — 1. OE+05 1. 9E+05
fy KR 7 2= 1. 6E+05 — — 5.1E+03 6. TE+03
S {E 1. 6E+05 — — 1.2E+05 2. TE+02
5 FRUE DT % 4. 0E+05 — — 6. 8E+03 1. 3E+01
S P {f 9. 5E+04 — — 3. 8E+04 3.9E+02
& bRy 2% 1. 0E+05 — — 5. 0E+03 1. 0E+01
S 4. OE+04 2. 6E+04 3. 1E+04 4. 6E+04 2. 8E+02
S FRfE 7 2= 4. 7E+04 3. 1E+03 1. 7E+03 3. TE+04 1. 3E+01
S {E 9. SE+04 6. 6E+04 1. 8E+06 3. 8E+04 4.1E+03
fia bRl 22 2.3E+05 6. 5SE+04 0. 0E+00 7.5E+03 7. 8E+02
S {E 4.2E+05 7. 0E+04 — 3.2E+04 2. 5E+05
fis FRUETT 2 6. 8E+05 6. 4E+04 — 1. SE+04 4. 8E+05

% 2 Friedman XN ERMBEEZLABHFER
Table 2 Ranking obtained by Friedman'’s test

for micro-population algorithms

878 Hep
OBL-wTLBO 1. 346 2
wJADE 2.346 2
MDEVM 3.307 7
MDEVM-Fajfar 3.653 8
DESP 4.346 2

#& 3 Bonferroni-Dunn,Holm #1 Hochberg
7€ OBL-pTLBO Ff# B E X LB p &
Table 3 p-values obtained by Bonferroni-Dunn’s,
Holm’s, and Hochberg's procedures for OBL-pTLBO

and micro-population algorithms

Bonferroni-
Bk Holm Hochberg
Dunn
DESP 5.26E-06 5.26E-06 5.26E-06
MDEVM-Fajfar 7.94E-04 5.95E-04 5.95E-04
MDEVM 6.25E-03 3.12E-03 3.12E-03
wJADE 4.27E-01 1.06E-01 1. 06E-01
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TR SZ o, OBL-WTLBO 4k 5 4 Ak Fh
BRIt Re R AT L. W EEOR MR M) 3.1
o AR #E TLBO 5535 1y B i B0 A5 15 52 O 305
TLBO-CSWL 5% 1) Fh B LB 15 5 24 40; FSADE
VLA Rer-JADE-sd (1) i KBS 43 51 15 € S 50
100, kS B B 5 3cmk 6] — 80, 45 W
F4, NFE 4 LLFEE, OBL-uTLBO B ¥E1E f .
Fo s o SoSo o Sfro oo L0025 DFAR YR B35 3

TR LR, 3 B AT B O i B R
We SR FE o T AE PRER /5 Sy S b, Rer-JADE-s4 52
S0 45 BB T AR SCH) OBL-wWTLBO %3k,
X UL Rer-JADE-s4 FyAFEX 3 AR L HAT 5
PRGISGEE . Gt/ as R ILE 5 fk 6. H
5 ALAL EEPTIR A S AR ORI BE A A L
OBL-uTLBO [Fl#f B A5 8 & 48 RAUE ., £ 6
A LA i, OBL-wTLBO 53k (48 R AR Z W] 1 f
T H AT L A A SRR R SR

%4 OBL-yTLBO Ex 5 mMBEINER
Table 4 Experimental results of the OBL-pTLBO algorithm and non-micro-population algorithms

N . FSADE Rer-JADE-s4 TLBO TLBO-CSWL OBL-pTLBO
HR b (NP=50) (NP=100) (NP=30) (NP=40) (NP=8)
‘ SE 4 3.5E+04 2. 1E+04 4.3E+03 1.9E+03 2. 6E+02
/ T 7 22 5.3E+02 4.9E+02 9.1E+02 4.2E+01 8. 9E+00
- ME 4. 5E+04 3.3E+04 7. 6E+03 2.8E+03 3.9E+02
/ WRUETT 25 5.7E+02 7. 6E+02 1.3E+02 4. 6E+01 1. 1E+01
S 44 (8 2. 6E+06 6. TE+04 1. 7E+04 2.9E+03 4.3E+02
/ T 7 22 4.8E+05 3. 6E+03 8. 6E+02 1. 6E+02 5.3E+01
V- E 2.2E+05 1. 0E+05 7.2E+03 3.2E+03 4.3E+02
/i WRUETT 2 4.2E+03 3.5E+04 1. 5E+02 5. 1E+01 1.2E+01
SE 4 2. 8E+06 7. 8E+04 — 4. 1E+05 1. 8E+05
/s b 7 22 6. 1IE+04 2.7E+03 — 5.8E+04 4.3E+04
V- E 1. 3E+04 8. 8E+03 1. 7E+03 1.1E+03 1. 2E+02
s FRUETT 2 4.7E+02 3. 6E+02 2.2E+02 2. 1E+02 1. 0E+01
SE 1 1. IE+05 2.2E+04 — 2.2E+04 2.1E+03
/ T 7 22 2. 6E+04 9.8E+03 — 6. 4E+03 8. 1E+02
V- ME 4. 4E+04 7. 0E+04 — 4.5E+05 1. 9E+05
S PR T 2 1. SE+03 2. 8E+03 — 8. 2E+03 6. TE+03
SE 1 8. 9E+04 9. 1E+04 — 7.9E+03 2.7E+02
S R ViR 4.8E+03 1.3E+03 — 8. 6E+03 1. 3E+01
SEH{H 4. 8E+04 3. 1E+04 2.3E+04 2.8E+03 3.9E+02
S R T 2% 5.0E+02 6. 4E+02 1.3E+02 4. 4E+01 1. 0E+01
SE 1 3.9E+04 2.2E+04 4. 1E+03 2. 1E+03 2. 8E+02
I R Pk 3. 7E+03 6. 4E+02 3. 9E+02 5.8E+02 1. 3E+01
SE 1 4. 0E+04 1. 9E+04 — 5. 0E+04 4.1E+03
S R T 2% 1. 0E+03 5.5E+02 — 2. 5E+03 7.8E+02
SE 1 4. 1E+04 2. 1E+04 — 3. 8E+05 2.5E+05
T bR % 1. 1E+03 4.9E+02 — 6. 1E+04 4.8E+03

3.3 OBL-pTLBO 5 pJADE, TLBO-CSWL,
ODE Hj Lt %

g i — 2 B AiF OBL-p TLBO 44 3 i L M fig
AT 34 % OBL-TLBO 3k 5 3¢ B 4T () T Fl
HEA: WADE FEE LR 5% TLBO-CSWL ODE
PEATPERE LA, 5 3.1 A 3.2 R, 78 A S
T SR 2 b SRR Ry B K I 3 I bR IO

#r vk %, B 30 000, [F B, WJADE . ODE , TLBO-
CSWL A Ff FLBE 43 1) 5 2 R 8,100 .40, fr 1545
R T, NFET AT LLE ), OBL-wTLBO 57k 7F
Sia s s o fo o o i i B BB 2y 4551
W A8 T WJADE 53k, 1 pJADE H7E f, #l £,
XIS bR L PR AR R B A, X R DA
8] OBL-nTLBO 53k i) F- AR 247+ nJADE 5
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% 5 Friedman Uit 7£ OBL-uTLBO F1dE % #h 8%
BEEEGHFER
Table 5 Ranking obtained by Friedman'’s test
for OBL-pTLBO and non-micro-population algorithms

(=R7S Herw
OBL-wTLBO 1.384 6
TLBO-CSWL 2.756 9
R cr-JADE-s4 3.115 4

TLBO 3.923 1

FSADE 4.000 0

% 6 Bonferroni-Dunn Holm 1 Hochberg 7£
OBL-pTLBO FAEF B E X LS p &
Table 6 p-values obtained by Bonferroni-Dunn’s,
Holm's, and Hochberg’'s procedures for OBL-

pTLBOand non-micro-population algorithms

Bonferroni-
Bk Holm Hochberg
Dunn
FSADE 9.90E-05 9. 90E-05 9.90E-05
TLBO 1. 70E-04 1.28E-04 1.28E-04

R, -JADE-s4 2. 10E-02 1.05E-02 1.05E-02

x7 FALREEIOLAFENIER

Table 7 Experimental results on all Comparison algorithms with 30 D

AU (ipms) Pty (oot (Wb
S 358 9.0E-13 4. 0E-223 1. 1E+02 0. 0E+00

s TR VE = 2.5E-12 0. 0E+00 3.2E+01 0. 0E+00
‘ R o) 1.3E-06 9.8E-141 2.3E+01 0. 0E+00
/ PRUE T % 1. 6E-06 6. 5E-140 8. 61+00 0. 0E+00
S 35 (8 9. 7E+02 2.8E-221 9. 6E+03 0. 0E+00

/s TR VT = 4.2E+02 0. 0E+00 2.2E+03 0. 0E+00
‘ S 44 (4 4.9E+00 5.5E-224 2. 8E+01 0. 0E+00
/i RV 2.5E+00 0. 0E+00 4.3E+00 0. 0E+00
V- ME 4.3E+01 2.8E+01 7. 6E+03 2.8E+01

/s by 2 2. 9E+01 4.1E-01 4.2E+03 2.78E-01
‘ S 44 (8 2. 0E-02 9.2E-16 1. 2E+02 0. 0E+00
s T 7 22 1. 4E-01 1.5E-15 3.5E+01 0. 0E+00
- ME 4. 6E-02 0. 0E+00 8.3E-02 4. 4E-05

/ T 22 1.4E-02 0. 0E+00 2.7E-02 3.2E-05
‘ S 44 (8 4. 0E+03 0. 0E+00 7.7E+03 6.4E+03
g e 2 4.5E+02 0. 0E+00 3. 4E+02 1. 3E+03
E R 1. 2E+02 0. 0E+00 2.3E+02 0. 0E+00

& by % 1.4E+01 0. 0E+00 1.3E+01 0. 0E+00
S 44 (8 2.3E-02 4.9E+03 4.5E+00 2.1E-16

S PR 2% 1. 6E-01 1. 1E+03 4.2E-01 8.5E-16
EHH 2. 1E-03 0. 0E+00 1. 9E+00 0. 0E+00

Ju s T 22 4.8E-03 0. 0E+00 3.0E-01 0. 0E+00
- 358 3.2E-01 3.2E-219 7. 8E+00 8.3E-02

S PRUE T 2% 6. 1E-01 0. 0E+00 2. 7E+00 9.7E-02
EHH 2.6E-03 2.9E+01 2.3E+01 2. 6E+00

T R T 2 1. 4E-02 6. 30E-02 2. 6E+01 5.3E-01

%o AT TLBO-CSWL, BRI s %L £, fs 1 oh,
OBL-wTLBO 5E¥ATE T A7 pR B B AR L B R A5
4 b4, OBL-pTLBO 553 7k i A ik pR %0 b
(O AL 45 S5 %0 B 4 T ODE, £ |+, OBL-uTLBO
BT AN AR A A PR A 503 R e A e AR 1 55
A7 (R iy HLIE A i 1Y) 42 Ja) 1 2% g
AR RESE IR, 3 B AR S MG o B O i

BRIk X BT A L A Bk T M 3 AT et
Br, L3 8, 3k 8 Al A1, OBL-pTLBO 5
P PERE B B AL T wJADE F1 ODE, 54, i
%% OBL-pwTLBO % il TLBO-CSWL & 1 (14 7 fig
TEGE 2 L AR R W 2 5, HE N
7 PR Al 1, OBL-WTLBO 53 32 (1) %4 {4
e T TLBO-CSWL 1%
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% 8 Bonferroni-Dunn Holm 7£ OBL-uTLBO #0 X t
3SHEZXLMBpE
Table 8 p-values obtained by Bonferroni-Dunn'’s,
Holm's, and Hochberg’s procedures for

OBL-pTLBO and three algorithms

NP, Bonferroni- Holm Hochberg
IR b (o) ) (D)
wJADE 3. 66E-02 2.44E-02 2.44E-03
ODE 5. 12E-06 5. 12E-06 5. 12E-06
TLBO-CSWL 6. 73E-01 2.24E-01 2.24E-01

3.4 ThEEMRMBIRRES

ARFR 53 % OBL-wWTLBO 583k (1) R fF FEAS 2 47
TR 43 B o LR R R AR 43 i) e R 5.8, 10,
15.20.,30,40 .50 100, X F %4~ I 1k ok 40, 550 %
2k 5 1 E Ol e K IE N B eR BT M IR AL
30 000, F-fd FH 13 4> 30 4k it 0 4 e £k Xt A [
(R FpRE A HEAT 20 A7 o IR B, Friedman 4831 5 i
FHR XTS5 45 AT G it i, 45 R LR 9. M
O AL, A RE LA XS OBL-wWTLBO 533 (1 1% R

BWA W EZW, B, &% &L X OBL-

nTLBO Buk iy R R LB HEAT 7 B & . it Ah, A
Friedman fHERP 4558 (WL 1) kR, A R
AR H AR R SR I ML T, &
INE BhORERL L B AT B T OBL-WTLBO 55 7% #Y
R,

% 9 OBL-pTLBO &% i fh 8 AR SR 5 47

Table 9 Sensitivity analysis to population size

of OBL-pTLBO

Friedman {§ X i pfE
1. 11 9.49 8.93E-01
8
7
6
5
S
%3
B
2
1
0

58 10 15 20 30 40 50 100
FRAERAR
B 1 Friedman X HEF &R
Figure 1 Ranking obtained by Friedman's test
4 OBL-pTLBO HiZZEIFGEEFE G A
e B [z F3
4.1 BEEERR
BRA n DRBHANSHEEE, AR AR

W A4 FL— A SR W 2H 5 (strategy profile) , 41 5% 52 4
BN T —Z 5 F 0 LU A AT S i g5 (R0
T H &R g5 0 B KA, B A fa] B ) — O R R
PO LR ) I B 1o 2 A Ak T AR IR I
KU B PR A AT M, 2% Gk 13 ] i
B R A, X T A BRAE G R m) . iy rh
AN T HIRE R x= (2, 5,0, ) AP A2/
RARME Y=y, varry )0 A B, 700 A
SR N 1 RUR TN 2 B ST B R N 1 R
SN 2 (B S A4 0k xAy' R xBy', I
L (x ™,y ") R BURE BRI [ R — > a0 A1 3 Al
il 1 76 53 o HE 55 Ny
x Ay ZxAy*T, Vx; 7
=xBy ', Vy.
B W B R R UE R R A Rt A
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B A 35 v P B A 4 9 TLBO-CSWL'™ 44 3 17
FHF R LA B AN 3 4 XU [ 1 2% (a5, 0 5 HE
fts JLFH 14 3 JDE'™) SaDE'™’ CLPSO"™ # 17
PERE L8, Hivh OBL-wWTLBO ) Fh #f ML A % &
Sy 8, i H A BT A A B S E ok e B 5 X L
SCHRL 6] — B, K fi 45 2R ffi H Wilcoxon Fk F
Ky

JIT A B SR A 5 R (COF 34 (8 R oE 7 2%,
155 R ARHE DT 22 ) DL B2 e it 40 Hr 45 SR L3 10,
MFE 10 th A LB H, OBL-wTLBO % 76 W 4

[ o o = R R (T 7 S e S M7
VAR 12 HIFAEEERG 1 MAEF 2 -
8 W B b g R, SR 1L AL 12 a] LUF
OBL-wTLBO 536 76 W 55 2 |- 1Al DL R4S A A
F) 40 A1 2 A, L SR A 1 35 N7 B ok EIORS B
fIt F jDE .SaDE ,CLPSO Ll } TLBO-CSWL % %%,

DL by frds R R, B2 i 19 OBL-uTLBO
L e 8 A A b oK A AR A AE TSR g A 3
[B]

10 FEEFEHEZORELGINIBER

Table 10 Experimental results of all algorithms on game problems

[787 2 A A iDE SaDE

CLPSO TLBO-CSWL OBL-uTLBO

MZERE A 1 3.47E-04(1.81E-03)  4.31E-03( 1. 52E-03)
ZERA 2 6.65E-04(4. 11E-04)  1.00E-03(4. 31E-04)

5. 93E-02( 2. 96E—-02)
1. 24E-01(6. 72E-02)

1. 56E-03(3. 70E-03) 4. S4E—06( 2. 16E—05)
3.86E-10(3.28E-10) 4. 56E-13(6.71E-13)

x11 FAEZEEZES 1 LR/IANRTFER

Table 11 The best experimental results of all algorithms on game problem 1

=873 Jah N 1R A SR SN 2 RG R 1 N BRI £
jDE (0.3328,0.333 8,0.333 4) (0.3334,0.3332,0.333 4) 8.524 SE-04
SaDE (0.3327,0.3337,0.333 6) (0.3334,0.3326,0.3340) 1.816 8E-03
CLPSO (0.327 0,0.337 4,0.3356) (0.3350,0.320 0,0.345 1) 2.365 3E-02
TLBO-CSWL (0.333 3,0.333 3,0.333 3) (0.333 3,0.333 3,0.333 3) 1.900 2E-06
OBL-uTLBO (0.333 3,0.333 3,0.333 3) (0.333 3,0.333 3,0.333 3) 8.542 1E-08
x12 FEEZREEEES 2 LRINEEFER
Table 12 The best experimental results of all algorithms on game problem 2
=873 Jah N 1R A SR S N 2 RG W I N BRI
jDE (0.000 0,0.000 1,0.999 9) (0.000 0,0.000 0,1.000 0) 1. 026 2E-04
SaDE (0.000 0,0.000 1,0.999 9) (0.000 0,0.000 1,0.999 9) 3.482 5E-04
CLPSO (0.012 9,0.000 1,0.987 0) (0.003 9,0.013 4,0.982 7) 3.034 9E-02
TLBO-CSWL (0.000 0,0.000 0,1.000 0) (0.000 0,0.000 0,1.000 0) 3.537 4E-11
OBL-uTLBO (0.000 0,0.000 0,1.000 0) (0.000 0,0.000 0,1.000 0) 3.558 2E-15
5 &n SRR Rl LA R AT O e A o AT e A 2

hy AR AR S 2 A BT Y 4 R R
WREEH,EHE I T OBL-uTLBO 5k, 7Fi%
SRk R R AR R R B v 0T 2 O A SR I
SGHE R, HAEBCFE B BOMA T 2 3 ok 8 5 F
BESEAL, 0k B Rl 2 2] W RE D L 3 e TRk
M4 R R B /1. OBL-pTLBO %7k R wJADE |
DESP \MDEVM , MDEVM-Fajfar % {3 fh #¢ & 3= f1
FSADE Rer-JADE-s4 TLBO . TLBO-CSWL ODE %
e 15k b BE vk U AT 1 B B g, 45 SR R W, OBL-
WTLBO B3k 14 4% R 1 BB 76 T A b3 530 v 02 I
U R, BT 2 2] SR X T B R B
e R A . 53 4h, %) OBL-WTLBO

RFE W], OBL-p TLBO 53 3k i M BE AN 32 Ff 11 R/
S AT BRIT G UT /I B0 A AL B A
MFHAL K &5, K OBL-pTLBO 53k [ H] 5
Ik & AF 1 g5 R AL, 0 25 R R WL, i $2 OBL-
pTLBO %59k BE 48 BT B4 1 L A 25
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Comprehensive learning particle swarm optimizer for

Opposition-based Learning Teaching-learning-based Optimization Algorithm

with a Micro Population and Its Application

FAN Qingin"*, LIU Dixizi' , WANG Xiaowei', HAN Xin’, WANG Weili'

(1.Logistics Research Center, Shanghai Maritime University, Shanghai 201306, China; 2.School of Electronic Information and
Electrical Engineering, Shanghai Jiao Tong University, Shanghai 200237, China; 3.Shanghai Institute of Disaster Prevention and
Relief, Tongji University, Shanghai 200092, China)

Abstract: To improve the convergence speed and reliability of Teaching-learning-based optimization ( TLBO)
algorithm, an opposition-based learning TLBO with a micro population ( OBL-wTLBO) was proposed in the
current study. In the proposed algorithm, a small population size (i.e., micro population) was used to speed
up the convergence of TLBO and was able to reduce the computer memory requirements. Moreover, a “teach-
er” achieved by an opposition-based learning in the proposed algorithm was utilized to improve the global ex-
ploration capability and avoid trapping into local optimum region. Simulation results indicated that OBL-
wTLBO not only had better overall performance, but also had more quick convergence speed when compared
with other competitors. Finally, OBL-wWTLBO was used to solve two Nash equilibrium problems of non-coopera-
tive game, and satisfactory results were achieved.

Key words: teaching-learning-based optimization; micro population; opposition-based learning; non-coopera-

tive game



