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A large-scale multi-objective optimization algorithm
based on a social learning particle swarm optimization algorithm
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(School of Graduate, Fuzhou University, Fuzhou 350116, China)

[ Abstract] There are a lot of multi—objective optimization problems in the real world, among which large—scale multi—objective
optimization problem is the current research hotspot. However, it is hard for existing multi—objective evolutionary algorithms to deal
with large—scale multi—objective optimization problems due to the lack of effective evolutionary operators. Therefore, this paper
proposes a large—scale multi—objective optimization algorithm based on the social learning particle swarm optimization algorithm
(LMOSLPSO) . Firstly, LMOSLPSO employs the shift—based density estimation ( SDE) strategy to calculate the fitness value of
each particle. Secondly, LMOSLPSO designs an effective particle evolution operator based on the idea of the social learning particle
swarm. Finally, LMOSLPSO executes the environment selection operation of the RVEA algorithm to select individuals for the next
generation. The SDE strategy is beneficial to balance the population convergence and diversity, and the newly designed evolution
method is beneficial to improve the search ability of the algorithm. Compared with several recently proposed multi — objective
algorithms on 9 large — scale optimization benchmark problems, the experimental results show that the proposed LMOSLPSO
algorithm has better convergence and diversity.
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LSMOP1 100 1.885 le-1 5.674 3e-3 1.623 0e-2 1.205 Oe-3 1.189 0e-3
(2.38e-1) - (2.83e-3) — (7.27e-3) - (3.45e-6) - (1.79¢—6)
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LSMOP6 500 6.121 9e~-1 2.732 9e-1 3.215 Se-1 5.553 4e-1 7.025 Te-1
(1.79e-1) = (7.18e-2) + (4.16e-2) + (1.4le-1) + (1.04e-1)

LSMOP7 100 1.619 1e+0 8.294 2e-1 1.596 9e+0 1.270 5e+0 1.048 6e+0
(1.29¢+0) - (1.65e-1) + (5.75e-1) - (2.42e-1) - (3.38e-1)
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LSMOP7 200 1.281 0e+0 1.128 1e+0 2.095 7e+0 1.201 9e+0 1.284 3e+0
(2.82e-1) = (2.47e-1) = (7.22e-1) - (4.03e-1) = (4.58e-1)

LSMOP7 500 1.386 6e+0 1.324 1e+0 1.365 0e+0 7.319 Oe-1 9.225 7e-1
(3.32e-1) - (2.49e-1) - (3.88e-1) — (5.00e-1) = (6.25¢-1)

LSMOP8 100 8.808 7e—2 2.249 2e-2 4.215 6e-2 3.470 3e-1 6.073 4e-3
(2.96e-2) - (3.17e-3) - (7.32e-3) - (2.12¢-3) - (3.21e-3)

LSMOP8 200 6.186 3e-2 2.859 6e-2 4.733 3e-2 1.530 7e-1 5.913 2¢-3
(8.53e-3) - (4.39e-3) — (3.26e-3) - (1.71e-1) - (2.83e-3)

LSMOPS8 500 4.188 5¢-2 2.352 2e-2 2.663 6e-2 2.298 6e-3 1.851 1e-3
(5.80e-3) - (3.24e-3) — (1.44e-3) - (8.21e-4) - (3.70e—4)

LSMOP9 100 6.852 6e-1 6.131 le-1 4.720 7e-2 7.594 0e-2 6.144 7e-1
(3.47e-1) = (2.86e-1) + (4.84e-2) + (1.03e-1) + (3.10e-1)

LSMOP9 200 6.482 9e-1 5.694 Se—1 3.022 6e-1 6.283 6e-2 5.804 Oe—1
(2.60e-1) = (3.56e-1) = (4.33e-2) + (1.31e-1) + (2.86e-1)

LSMOP9 500 5.797 Te-1 4.787 Oe-1 2.041 9e-1 2.502 7e-3 2.157 4e-1
(2.09e-1) - (2.99¢-1) — (4.12¢-3) = (2.17e-5) = (2.85e-1)

+/=/= 0/22/5 6/17/4 5/21/1 5/19/3 ~/=/=
o= =TT i F R IR ) LMOSLPSO B3 FU X H AR < B84y RRRL” A 4227

x2 AEEETE 3 4 LSMOP1~LSMOPY 821 IGD EiEMIRAEE L

Tab. 2 Comparison of /GD mean and standard deviation obtained by different algorithms on 3—d Ismopl ~ Ismop9

[1] 5L i LMEA IMMOEA MMOPSO LMOCSO LMOSLPSO
LSMOP1 100 6.606 2e-2 1.073 7e-1 1.152 3e-1 1.781 8e-2 1.769 2e-2
(6.34e-2) - (5.55e-3) — (1.35e-2) - (3.28e-4) = (1.39¢—4)

LSMOP1 200 9.948 8e-2 1.371 le-1 1.293 8e-1 1.831 2e-2 1.769 5e-2
(1.07e-1) - (7.97e-3) - (1.05e-2) - (4.91e-4) - (2.42e-4)

LSMOP1 500 6.628 Te-2 1.623 le-1 1.679 9e-1 1.882 le-2 1.790 7e-2
(5.44e-2) - (1.18e-2) — (9.27e-3) - (6.0le-4) - (2.68e—4)

LSMOP2 100 7.754 Te-2 9.740 2e-2 1.530 2e-1 3.659 9e-2 3.841 6e-2
(4.78e-2) - (2.60e-3) — (4.73e-3) - (1.28¢-3) + (1.37e-3)

LSMOP2 200 9.347 0e-2 7.951 6e-2 1.074 2e-1 3.374 7e-2 3.421 le-2
(6.63e=2) - (1.86e-3) - (3.00e-3) - (1.06e-3) = (2.13e=3)

LSMOP2 500 8.410 0e-2 4.988 0e-2 5.705 9e-2 2.420 3e-2 2.284 0e-2
(9.56e-2) - (9.16e-4) — (1.09e-3) - (1.32¢-3) - (1.07e=3)

LSMOP3 100 8.511 le-1 4.774 Se-1 4.618 4e-1 3.316 2e-1 3.123 8e-1
(8.78e-2) - (2.07e-2) - (1.4le-1) - (3.42e-2) - (3.34e-2)

LSMOP3 200 8.772 9e—1 5.352 Se-1 3.347 8e-1 3.989 le—1 3.774 2e-1
(9.35e-2) - (2.41e-2) - (9.33¢-2) = (2.93e-2) - (3.72¢-2)

LSMOP3 500 8.713 Oe-1 6.167 3e-1 5.316 7e-1 6.116 9e-1 4.047 0e-1
(6.23e-2) - (4.42¢-2) - (6.59e-2) - (1.90e-1) - (2.64e-2)

LSMOP4 100 1.589 5e-1 1.739 4e-1 1.331 3e-1 4.334 0e-2 3.975 7e-2
(6.75e=2) - (1.21e=2) - (1.16e-2) - (1.06e-2) = (4.70e-3)
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LSMOP4 200 9.366 2e-2 1.396 3e-1 1.559 2e-1 3.895 5e-2 3.808 d4e-2
(3.55e-2) - (7.48e-3) — (1.88e-2) - (5.32e-3) = (4.96e-3)

LSMOP4 500 6.295 Te-2 9.168 6e-2 1.639 2e-1 3.724 2e-2 2.926 5e-2
(5.25e-2) - (2.71e-3) - (5.78e=3) - (6.88e-3) - (2.98¢-3)

LSMOPS 100 1.651 9e+0 1.451 2e-1 5.798 le-2 2.225 le-2 2.220 4e-2
(1.73e+0) - (3.77e-2) - (1.91e-2) - (5.45e=5) - (5.54e-5)

LSMOPS5 200 3.297 5e+0 1.494 4e-1 7.001 5e-2 2.232 0e-2 2.220 4e-2
(3.13e+0) - (2.50e-2) — (1.10e-2) - (6.03e-5) - (4.82e-5)

LSMOPS5 500 5.371 7e+0 1.875 5e-1 2.278 Oe-1 2.237 4e-2 2.221 8e-2
(4.23e+0) - (1.33e-2) - (6.28e-3) - (1.35e-4) - (4.68e-5)

LSMOP6 100 1.216 3e+2 5.451 2e-1 7.978 Oe-1 6.494 4e-1 6.565 8e—1
(3.36e+2) — (8.18e-2) + (1.58e-1) - (9.60e-2) = (9.56e-2)

LSMOP6 200 3.625 8e+2 7.599 5e-1 1.241 3e+0 9.947 3e-1 9.804 9e—1
(8.36e+2) - (9.42¢-2) + (1.23e-1) - (1.24e-1) = (1.84e-1)

LSMOP6 500 2.331 4e+3 1.134 2e+0 1.087 5e+0 1.058 2e+0 1.193 0e+0
(4.66e+3) - (2.23e-1) = (2.51e-1) = (4.01e-1) = (3.33e-1)

LSMOP7 100 2.259 1e+0 6.111 8e~1 6.393 9e-1 5.468 6e-1 5.540 Se—1
(5.28e~1) - (4.59¢-2) — (1.8le-1) - (2.06e-1) = (2.43e-1)

LSMOP7 200 1.601 9e+0 6.061 4e—1 8.107 4e-1 7.923 5e-1 7.450 8e—1
(2.26e-1) - (3.62¢-2) = (2.48e-1) = (2.22e-1) = (2.53e~1)

LSMOP7 500 9.345 4e-1 5.971 9e-1 8.419 6e—1 9.315 8e-1 9.459 3e-1
(7.70e-2) + (4.45e-2) + (1.43e-1) = (7.86e-2) = (2.24e-7)

LSMOP8 100 1.623 Oe-1 1.418 3e-1 1.348 5e-1 3.837 5e-2 4.258 7e-2
(7.37e-2) - (6.52¢-3) — (1.51e-2) - (4.47e-3) + (7.20e-3)

LSMOPS8 200 1.447 Te—1 1.420 4e-1 1.223 0e—1 4.238 3e-2 4.749 7e-2
(1.97e-2) - (6.96e-3) — (4.04e-3) - (4.18¢-3) + (4.39e-3)

LSMOPS8 500 1.099 Oe-1 1.165 7e-1 7.702 4e-2 4.451 Te-2 4.036 5e-2
(1.35e-2) - (1.21e-2) - (2.11e-3) - (2.37e-3) - (4.51e-3)

LSMOP9 100 5.796 Oe—1 5.850 6e—1 9.836 le—1 2.306 8e—1 6.916 3e-1
(1.77e-1) = (1.18e-3) = (1.27e-1) - (2.84e-1) + (3.74e-1)

LSMOP9 200 6.384 0e-1 5.797 3e-1 6.584 2e-1 1.929 6e-1 2.921 3e-1
(2.85e-1) - (2.64e-3) - (2.94e-2) - (1.48e-1) + (1.20e-1)

LSMOP9 500 6.308 3e-1 5.651 6e—1 3.965 Se-1 1.117 6e-1 3.205 6e-1
(3.82e-1) - (5.29¢-3) — (1.40e-2) = (1.01e-1) + (1.62e-1)

+/~/= 1/25/1 3/21/3 0/22/5 6/11/10 ~/~/~

T =7 =TT R R TR Y Y LMOSLPSO 5532 Lt Bk« Bl ARBL” A 2
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MAESCIC i, r EIrha] DU X Fe B LMEA . 78 3 482 HARIBAL IR 8 LSMOP4 I, A SC 3k
IMMOEA FI MMOPSO 3RA53 (9 3E 2 Be i ¥ 51 A LMOSLPSO 734 4) | A LMOCSO B4k,
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5 6 1]

XIBEBL : Tk R T R R 2 B AR5 i

27

f

O BRI I
O PATHY AR S BLAR

(a) LMEA

O FLSCHI T IH
O ARAFI A ST

0.1 02 03 04 05 06 07 08 09 1.0
h

(¢)MMOPSO

o FLSCHTHTIH

BRAFAAR S

0.1 02 03 04 05 06 07 08 09 1.0
f

(e) LMOSLPSO

1.0

O BT
o IRTFHYAR L ALAR

09 1
0.8
0.7 1
0.6

04
03+
02+
0.1

07701 02 03 04 05 06 07 08 09 10
i

(b)IMMOEA

o FUICHIHY
ARAFHYA AR

0 0.1 02 03 04 05 06 07 08 09 1.0
h

(d)LMOCSO

0 01 02 03 04 05 06 07 08 09 1.0
fi

(f) FELSEHIHY T

B4 AEEXRENBIR LSMOP4 E£_ FIRBHIES FE
Fig. 4 The non—dominated solution obtained by different algorithms on the bi—objective LSMOP4 function
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