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Abstract: A dynamic Cooperative Random Drift Particle Swarm Optimization (CRDPSO) algorithm assisted by
evolution information was proposed in order to improve the population diversity of random drift particle swarm optimization.
By using the vector information of context particles, the population diversity was increased by the dynamic cooperation
between the particles, to improve the search ability of the swarm and make the whole swarm cooperatively search for the
global optimum. At the same time, at each iteration during evolution, the positions and the fitness values of the evaluated
solutions in the algorithm were stored by a binary space partitioning tree structure archive, which led to the fast fitness
function approximation. The mutation was adaptive and nonparametric because of the fitness function approximation
enhanced the mutation strategy. CRDPSO algorithm was compared with Differential Evolution (DE) , Covariance Matrix
Adaptation Evolution Strategy (CMA-ES) , continuous Non-revisiting Genetic Algorithm (cNrGA) and three improved
Quantum-behaved Particle Swarm Optimization (QPSO) algorithms through a series of standard test functions. Experimental
results show that the performance of CRDPSO is optimal for both unimodal and multimodal test functions, which proves the
effectiveness of the algorithm.
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Best 0 0 1.3856E-13  3.1145E-06 0 0. 00137362 2. 964 3E-05 0

. Worst 0 0 2.8599E-13  1.0248E-01 0 0. 00579298 6.863 6E-05 1.7764E-15

J2 Ave. 0 0 2.3057E-13  1.4545E-02 0 0. 00273726 4.6353E-05 5.9212E-17
Std. 0 0 3.4456E-14  2.6594E-02 0 0.001 14531 9.9336E-06 3.2432E-16
Best 9.362 7E-04 0 8.2294FE-24  4.8387E+02  9.2864E-12  39.3725608 5608.60016 6. 664 6E+01
Worst 5. 661 0E-02 0 3.4376E-23  2.7991E+03  0.00042061 162.9403070 13287.54580  2.3521E+02

2 Ave. 1. 116 2E-02 0 1.6878E-23  1.7262E+03  1.7261E-05  88.3684554 9.8525E+03 1. 196 8E+02
Std. 1. 2250E-02 0 6.1177E-24  6.1711E+02  7.6411E-05 35.5411464 1.9354E+03 3.3884E+01
Best 6. 906 5E-12 0 1.7053E-13  1.449 6E-01 0 1. 224 3E-01 1. 6449E+01 2.8714E-01
Worst 6. 587 2E~10 0 4.1211E-13  6.9400E-01  5.8236E-11  1.7228E+00 2.2702E+01 9. 150 6E-01

Js Ave. 1. 559 6E~10 0 2.4727E-13  3.5697E-01 1.9668E-12  4.3307E-01 1.976 5E+01 5. 494 1E-01
Std. 1. 644 2E-10 0 5.2988E~14  1.4813E-01 1.0628E-11  3.4863E-01 1.4157E+00 1.4515E-01
Best 9. 012 6E+00 0 2.6864E+01  3.1406E-08  2.9849E+00  1.847 6E+02 1. 349 5E-06 2.379 1E+01
Worst 6. 523 3E+01 0 8.457 1E+01  2.0674E+00  1.4924E+01  2.250 1E+02 8.2318E-06 5.6162E+01

fs Ave. 1. 775 6E+01 0 4.6498E+01  6.7054E-01  9.3899E+00  2.0197E+02 3. 148 1E-06 3. 5159E+01
Std. 9. 804 9E+00 0 1.2827E+01  8.4448E-01  2.7248E+00  9.7150E+00 1. 521 1E-06 7. 682 2E+00
Best 8.8818E-16 8.8818E-16 2.0000E+01  5.6498E-05 8.8818E-16  1.7317E-04 3.5003E-04 2. 168 0E-04

. Worst 8.8818E-16 8.8818E-16 2.1593E+01  2.3660E-01 8.8818E-16  5.604 1E-04 9.2455E-04 3.8074E-03

Jo Ave. 8.8818E-16 8.8818E-16 2.1436E+01  1.8326E-02 8.8818E-16  3.5209E-04 6. 1720E-04 1.206 3E-03
Std. 1.0029E-31 1.0029E-31 2.8602E-01  4.4425E-02 1.0029E-31  1.0143E-04 1.2824E-04 7.795 1E-04
Best 2. 086 2E-03 0 4.8427E+00  1.5554E+00  1.3355E+01  2.2035E+01 2.6395E+01 2.9617E+01
Worst 9.2749E+01 1.4777E-08 1.4112E+02  4.3660E+02  9.4946E+01  2.6257E+01 6. 736 2E+01 1.761 1E+02

i Ave. 3.7207E+01 5.1687E-10 1.9915E+01  8.6977E+01  3.3428E+01  2.3721E+01 4. 1579E+01 5.761 7E+01
Std. 3.0608E+01 2.6966E-09 2.9182E+01  8.4565E+01  2.8903E+01  9.187 1E-01 1.009 1E+01 3. 969 5£+01
Best 0 0 0 7. 406 1E-04 0 9.491 3E-07 5. 864 8E-06 7.0228E-03
Worst 2. 945 9E-02 0 1.2321E-02  3.0395E-01  3.6770E-02  2.6043E-05 3.4202E-05 3.2567E-01

K Ave. 6. 484 0E-03 0 1.9714E-03  9.6984E-02 1.0330E-02  3.9483E-06 2.0352E-05 1.5249E-01
Std. 7.763 6E-03 0 4.1634E-03  8.5924E-02 1.1312E-02  4.5272E-06 7.693 1E-06 1.017 8E-01
Best 1.2928E-03 6.7247TE-07 5.0404E-02  6.6570E-03  8.4983E-06  1.1918E-01 4.7632E-03 7.354 1E-04

. Worst 5.5234E-03 3.4890E-05 5.7714E-01  3.1475E-02 3.3232E-05 3. 608 7E-01 1. 328 1E-02 4. 804 9E-03

Jo Ave. 2.9361E-03  9.5058E-06 2.5975E-01  1.8056E-02 1.8129E-05  2.1710E-01 2.1328E-02 2.073 1E-03
Std. 1.0048E-03 9.0303E-06 1.2435E-01  7.4958E-03  5.4642E-06  5.9533E-02 3. 103 1E-02 7.0707E-04
Best 9.2795E+00 0.0000E+00 1.323 1E+01  2.5737E+00  5.0896E+00 1. 1207E+01 4.7307E+00 6. 912 1E+00
Worst 1. 1470E+01 1.0629E-12 1.4500E+01  4.5666E+00  7.3723E+00  1.2348E+01 6. 003 5E+00 9. 753 2E+00

S Ave. 1.0537E+01 5.3144E-14 1.3970E+01  3.5592E+00 6. 1297E+00 1. 197 4E+01 5.5151E+00 8. 816 1E+00
Std. 5.8348E-01 2.3767E-13 2.5855E-01  6.3615E-01 5.2576E-01  2.2182E-01 3.0625E-01 5.6228E-01
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Tab. 3 Wilcoxon rank sum test results

CRDPSO vs CRDPSO vs CRDPSO vs CRDPSO vs CRDPSO vs
. CRDPSO vs cNrGA  CRDPSO vs DE

PRAL CCQPSO RDPSO CLQPSO CMA_ES NrQPSO
p h p h p h h p h p h p h
fi NaN 0 NaN 0 1.2118E-12 1 1.2118E-12 1 1.2108E-12 1 1.2108E-12 1 1.2118E-12 1
5 NaN 0 NaN 0 1.2118E-12 1 1.2118E-12 1 1.2118E-12 1 1.2059E-12 1 3.3370E-01 O
f, L.2118E-12 1 1.2118E-12 1 1.2118E-12 1 1.2118E-12 1 1.2118E-12 1  1.2118E-12 1 1.2118E-12 1
fi 3.6097E-13 1 1.2118E-12 1 1.2118E-12 1 1.2118E-12 1 1.1001E-12 1 1. 1001E-12 1 1.2118E-12 1
fs  1.1613E-12 1 1.2108E-12 1 1.2118E-12 1 1.2118E-12 1 1.1001E-12 1  1.2088E-12 1 1.2118E-12 1
s NaN 0 NaN 0 1.2118E-12 I 1.2118E-12 1 1.1001E-12 1 1.2118E-12 1 1.2118E-12 1
f> 9.9025E-09 1  4.0279E-09 1 1.5647E-11 1 1.6027E-10 1 5.6013E-08 1  2.8306E-08 1 1.2710E-11 1
fs  2.2016E-06 1 5.2014E-06 1 1.2118E-12 1 1.2118E-12 1 1.2118E-12 1  2.8000E-03 1 1.2118E-12 1
fo  7.8252E-05 1 4.4618E-11 1 4.4618E-11 1 6.5095E-11 1 4.4618E-11 1  6.5095E-11 1 6.5095E-11 1
fio 4.6908E-07 1 3.1575E-12 1 3.1575E-12 1 3.1575E-12 1 3.1549E-12 1 3.1549E-12 1 1.7203E-12 1
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