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Abstract ; Analyzing the drawbacks of learning mechanism in the basic particle swarm optimization (PSO), an in-
teractive learning particle swarm optimization (ILPSO) is presented, which is inspired by the phenomenon in hu-
man society that individuals in different groups can learn each other. Particles are composed of two populations in
ILPSO. When the best particles fitness value of two populations does not improve within a certain number of suc-
cessive iterations, interactive learning strategies are implemented. According to the best particle’s fitness value of
each population, a simulated annealing mechanism and roulette method are used to identify the learning population
and the learned population. This paper proposes an empirical formula of sorting fitness value to calculate the proba-
bility of each particle in the learning population learning from the learned population. In order to escape selection
pressure, a speed mutation method is used. The numerical experimental results of some benchmark functions show
that ILPSO has good global search capability and is an effective method for solving complicated problems.

Keywords ; particle swarm optimization algorithm; interactive learning; learning strategy; learning behavior; popu-

lation diversity
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Table 1| Benchmark function and their settings
R AR R REREA BRI RIE

Schwefel’s Problem 1.2 £.(%) =_§1(__§1x,.)2 ( -100,100)” 0

Rosenbrock (%) =_§1(100(xi,rl %) +(x,-1)%) (-30,30)" 0

Rastrigin fi(x) =_§1(x§ ~10cos(2mx,) +10) (-5.12,5.12)" 0

1 a 1z D
Ackley filx) = —ZOeXp( -0.2 /—fo) —exp( —i;cosﬂwxi) +20 +e (-32,32) 0
. % D

Griewank f(x) =1 OOOZx - Hcos( ﬁ) +1 ( -600,600) 0
fe(x) = _illgo[akcos(ZTrbk(xi +0.5))] -

Weierstrass " T ( -0.5,0.5)" 0
Dk;)[akcos(Z'n-bk +0.5)],a=0.5,b=3

Shifted Rosenbrock £(x) =’_§(100(y“1 —5)% + (5, -1)?) ( -100,100)” 390

Shifted Rastrigin fi (%) =_§1(y? —10cos(2y;) +10) (-5,5)° -330

Rotated Rosenbrock fo (=) =l_§11(100(yi,rl —x)  +(y,-1)%) (-30,30)" 0

Rotated Rastrigin S (%) =_§ (¥} =10cos(2my,) +10) (-5.12,5.12)° 0

Rotated Griewank fi(x) = i ﬁ(%) 1 ( —600,600)” 0

=1 =1 1
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Table 2 Parameter settings of involved algorithms

HEE B HESHRE e BN
SPSO w 0.9~0.4,¢, =¢, =2,v,, =0.5 x Range (4]
FDR-PSO ® 0.9~0.4,¢, =¢c, =1,¢; =2,v,, =0.2 x Range [17]
PSOPC @ 0.9~0.7,¢, =¢, =0.5,¢;: 0.4 ~0.6,v,, =0.2 xRange [10]
HPSO-TVAC @ 0.9~0.4,¢,=2.5~0.5,¢,=0.5~2.5,v_, =0.5 x Range [20]

@ 0.9~0.4,¢,=2.5~0.5,¢,=0.5~2.5,¢;; =¢;, =1,¢;3 =2,k =10,

ILPSO 3¢

Ve =0.5 x Range
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Table 3 Comparisons of experimental results
_— s ELE Y PSO BBk
BVH
SPSO PSOPC FDR-PSO  HPSO-TVAC ILPSO
P FHE 5.8 x107' 4.37x1072 1.03x107® 1.79x1077 2.50%x10°™°
1
P 4.45x107! 8.37x1072 2.28x107% 2.23x1077 2.37x10°%
P P 3.07x10"  2.01x10' 2.19x10' 4.22x107! 7.64x107!
2
PR 2.61x10"  1.78x10" 2.95x10' 8.29x107' 6.57 x107!
P SEHE 1.98 x10' 2.00x10' 1.83 x10' 6.92 1.99x10°!
3
e 5.35 9.11 6.04 4.23 2.19x107"
P FHEME 6.22x107"° 4.09%x107" 7.11x107" 3.71 x10™* 1.19x10~*
4
EZ 5.41%x107"° 1.84x107" 2.51x107" 1.27x10™™ 3.01 x10°%
P SEHE 1.51x1072 4.43x107%° 1.41x107? 1.03x1072 7.11x10°*
5
L 2.21x107% 5.92x107% 1.66x107?7 1.02x107% 2.33x107°
p P 1.03x107% 3.99x107' 1.71x107%® 9.52x10~* 0
6
EE 9.83x107° 5.42x107' 2.73x107* 8.19x107* 0
P P 5.01 x10*  4.15%x10°  4.02x10*° 4.14x10* 3.97 x10°
2
PR 1.15%x102  2.73x10' 1.11x10' 2.71 x10' 6.41
p P -2.69%x10> -3.09x10> -3.03x10* -3.21x10> —3.30 x10?
8
PR 1.74 x 10" 5.66 1.02 x 10" 4.15 3.12x107!
£ A 5.96x10'  1.15 x 10" 8.83 4.75 x10' 1.62
9
EE 6.97 x 10 1.61 3.48 9.04x10' 9.62x107!
P FHE 7.83x10"  5.90x10" 6.55x10" 2.53x10* 4.19 x10°
10
PR 1.95x10' 1.18 x10' 1.82x10' 3.70x10' 9.28
P SEHE 1.62x1072 1.23x107% 2.15x107? 1.38x1072 4.42x107°
11
PR 1.40x107%2 1.32x107% 2.84x107%2 1.54%x107% 6.17x10"
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Fig.1 The convergence curve of invdved algorithms
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