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Abstract: In order to solve the problem that particle swarm optimization is easy to be trapped in local
optimum, low convergence precision and slow convergence speed, a hybrid hierarchical autonomous
learning quantum particle swarm optimization (HHQPSO) is proposed. Firstly, the population is dy-
namically divided into three layers according to the fitness value of particles and the number of itera-
tions. Since the particles of upper and lower layers are less distributed, local learning model and global
learning model are respectively used to increase the diversity of particles. While the particles of middle
layer are more distributed, the hybrid adaptive quantum learning model is adopted. Secondly, an im-
proved differential strategy is proposed to update the random positions of particles in the hybrid quantum
model, and the Levy flight strategy is introduced to improve the convergence accuracy and speed of the
algorithm. Finally, six improved particle swarm optimization algorithms are compared on 9 typical
test functions. Experimental results show that the HHQPSO algorithm has obvious advantages in con-
vergence accuracy, speed and stability, especially suitable for multi-peak search function optimization.
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Table 2 Comparison of experimental results

Function HPSO-TVAC DMSPSO CLPSO LFPSO RPSOLF HHQPSO
Mean 2. 83E-33 2.65E-31 1.58E-12 4. 69E-31 1.35E-22 2.60E-143

/ SD 3.19E-33 6.25E-31 7.70E-13 2.50E-30 6. 58E-21 9.07E-72

Mean 9. 03E-20 1. 57E-18 2.51E-08 2.64E-17 5.55E-19 3.84E-71

f SD 9. 58E-20 3.79E-18 5. 84E-09 6. 92E-17 3.58E-18 1. 10E-35
Mean 5. 68E-02 2. 89E-02 2. 56E-01 2. 65E-01 8. 05E-14 1. 98E-136

£ SD 5.63E-01 6. 32E-01 6. 38E-01 9.32E-01 1.57E-12 2.50E-68

) Mean 3.25E-02 6. 85E-03 5.65E-02 3.55E-03 6.67E-11 9.79E-73

f SD 3. 56E-08 6. 58E-06 2.35E-08 3. 84E-02 1. 20E-09 1. 71E-36

Mean 2.39E+01 4. 16E+01 3. 82E-04 2.38E+01 2. 52E+01 0. 00E+00

/ SD 2. 65E+00 3. 03E+01 1. 28E-07 3. 17E-01 2. 68E+00 0. 00E+00

Mean 0. 00E+00 0. 00E+00 0. 00E+00 0. 00E+00 0. 00E+00 0. 00E+00

f SD 0. 00E+00 0. 00E+00 0. 00E+00 0. 00E+00 0. 00E+00 0. 00E+00

Mean 9. 82E-02 1. 45E-02 5. 85E-03 2.41E-03 2. 58E-02 1. 83E-04

5 SD 3.26E-02 5. 05E-03 1. 11E-03 8. 07E-04 3.21E-01 1. 07E-02

Mean 9. 43E+00 2. T2E+01 9. 09E-05 4. 54E+00 0. 00E+00 0. 00E+00

S SD 3. 48E+00 6. 02E+00 1. 25E-04 1. 03E+01 0. 00E+00 0. 00E+00

Mean 9. 75E-03 6.21E-03 9. 02E-09 8. 14E-17 0. 00E+00 0. 00E+00

g SD 8.33E-03 8. 14E-03 8. 57E-09 4.46E-16 0. 00E+00 0. 00E+00
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