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Table 1 Test results of four algorithms

i pR K SN ¥ oz
QPSO 0.234 5 3.245 0e-03
BH-QPSO 0.003 0 4.039 5e-04
/1 —Sphere
DE-QPSO 0.248 6 1.267 6e-21
CR-QPSO  1.756 9¢-20 6.001 le-40
QPSO 80.614 6 15.887 6
BH-QPSO 0.1113 2.025 4e+02
/> —Rosenbrock
DE-QPSO  7.983 9e+03  274.226 1
CR-QPSO 5.088 2 1.299 5
QPSO 13.410 8 65.154 0
BH-QPSO 23.527 6 26.299 9
/5 —Rastrigin
DE-QPSO  1.314 2e+02 2.742 2e+02
CR-QPSO 2.984 9 1.4519
QPSO 1. 056 2 0.015 4
) BH-QPSO 0.334 4 0.0753
f4—Griewank
DE-QPSO 0.546 6 7.412 Te-04
CR-QPSO  3.921 5e-05 2.460 5e¢-08
QPSO 0.574 3 0.874 5
BH-QPSO 0.768 2 1.118 0
Jfs—Ackley
DE-QPSO 0.005 4 0
CR-QPSO  1.656 Se-11 9.534 9e-22
QPSO 0.112 4 5. 124 2e-05
) . BH-QPSO 0.026 2 4.039 5e-04
Jf¢—Schaffer
DE-QPSO 0.037 2 1. 540 8e-33
CR-QPSO 0 0
B A R B A B0 45 R, CR-QPSO 5
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Table 2 Optimal portfolios under different

expected rate of return

e 0.0812  0.1188  0.1563  0.1939
X, 7.01% 5.05% 4.28% 3.74%
%, 5.15% 3.78% 2.05% 2.49%
% 4.07% 3.02% 4.13% 1.53%
%, 2.01% 2.86% 3.50% 3.98%
x5 3.01% 2.75% 2.83% 3.67%
% 7.34% 5.38% 5.78% 6.58%
%, 3.55% 4.50% 3.36% 3.56%
g 3.91% 1.80% 2.45% 1.83%
% 5.66% 12.36%  15.02%  19.87%
X 4.89% 2.90% 2.79% 2.86%
X, 7.01% 5.68% 5.17% 3.88%
X 2.42% 4.78% 3.55% 3.58%
x5 3.41% 4.01% 4.04% 3.91%
X 4.05% 3.88% 3.47% 4.02%
s 4.71% 6.79% 8. 04% 6.20%
Xy 4.22% 6.93% 4.83% 3.85%
X 7.63% 7.26% 6.51% 5.94%
Xy 7.31% 5.08% 7.57% 6.78%
Xy 7.23% 6.31% 5.59% 5.13%
X 5.41% 4.88% 5.04% 6.60%

K 0.0198  0.0245  0.0286  0.0323

HE—25 0 T U0 B Sk R SR AR ALY (1) A
B 2 oK CR-QPSO 5 PSO .QPSO 1 GA 2555
TR A IR I E A 225 4 A D7 T L
8, fEXT AR S B RE R R 0. 193 9, A
TREERIZ 3,
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Table 3 Comparison of optimization results of

different algorithms

ok Rl RiME ¥ O ooz
GA 0.0915 0.0025 0.0421 2.113 1e-04
PSO 0.1045 0.0197 0.0388 9.610 1e-04
QPSSO 0.0946 0.0098 0.0330 1.926 3e-04
CR-QPSO 0.0907 0.0198 0.0323 1.295 5e-04

FH % 3 Al R A TE 4 AR T B
P Ay 3 PR R 4F A0 45 R, 2R B CR-QPSO Bk
EAA W58 09 T8 68 J1, 3R A5 1) ¢ 00 ffe B0 RS i o
e

o AE o
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L R A R A 3 R T8 L 5 — i
KT A Y B 52 R A, F LSS kT i £
R, a5 LR A SRR AT L, etk ) i R
TREF P (CR-QPSO) £ P H 8 4 Al e S fn - 1
Pk, BEJS B CR-QPSO &30 F T 538 Markowitz
BIE-J7 2B B 58 7 e G o A BhIESR i g
JRCEE B iy s B | X — 2 B A B i PR ) A 4
HABAIIAT TR M, A4 RE M Bk BA
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Quantum-behaved Particle Swarm Optimization on Individual

Quantum Behaved Particle Swarm Optimization Algorithm for
Solving Portfolio Model with Constraints

HE Guang, LI Gao-xi

(School of Mathematics and Statistics, Chongqing Technology and Business University , Chongging ,400067, China)

Abstract : According to the shortcomings of quantum behaved particle swarm optimization algorithm ( QPSO) ,
for instance, the lack of population diversity and getting trapped in local optima easily during the later stage of
iteration, an improved algorithm based on cross operation is proposed. In the improved algorithm, particle’ s history
best position and suboptimal position are considered to expand its search space. Moreover, cross operation in
genetic algorithm is used to renew particle’ s position for enhancing population diversity and algorithm’ s
convergence. Through performance test, the improved algorithm is compared with the original quantum behaved
particle swarm optimization algorithm, QPSO with differential evolution and QPSO based on black hole exploration
in convergence accuracy and robustness. Finally, the improved algorithm is used to solve a kind of portfolio
problems with quantity constraints, and the related optimization results are compared with genetic algorithm,
particle swarm optimization algorithm and the standard quantum behaved particle swarm optimization algorithm.

Key words : quantum-behaved particle swarm optimization algorithm; cross operation; diversity; portfolio
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