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Abstract Keywords

Aiming at the problems of poor convergence and insufficient distribution of multi-objective firefly algorithm;
firefly algorithm in solving complex multi-objective problems, we propose a double search mode multi-objective optimization;
firefly algorithm based on dynamic reverse learning and levy flight (MOFA-LR). By comparing the dynamic reverse learning;
fitness values of any firefly with other fireflies in the population, the algorithm judges the domi- levy flight;
nance relationship between them, and selects different search modes according to different domi- mutation operator

nance relationships. When fireflies are dominant, we should pay attention to the quality on the pa-
reto frontier solution near. By dynamic reverse learning strategies, the reverse of the current indi-
vidual solution using reverse solution combining the global optimal solution to guide the firefly mo-

bile search mode, better to explore potential solutions, make the fireflies best possible to favourable
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direction, to improve the convergence of the algorithm. When fireflies are not dominated, attention

should be paid to obtaining the frontier of uniform distribution. Therefore, using the global optimal

solution to guide fireflies to fly and combining with the search mode of levy disturbance can not on-

ly effectively use the good information of non-dominated solution, but also avoid the stagnation of

the algorithm, and maintain the distribution while improving the convergence of the algorithm. Fi-

nally, in order to avoid the phenomenon of firefly aggregation in the late iteration of the algorithm,

mutation operators are added to help the population jump out of the local optimal and guide the

population to carry out local mining. Comparing MOFA-LR with 12 recent multi-objective optimiza-

tion algorithms, the experimental results show that MOFA-LR has good convergence and distribu-

tion, which proves the effectiveness of the proposed strategy.
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Tab.1 Experimental results of MOFA-LR and 12 recent MOEA on IGD
MR EEC F54F  MONSFA CFMOFA dMOPSO NMPSO MMOPSO SMPSO MOPSO-CD
spp Mean 7.12x 107 898x107°  1.39x107>  3.03x107> 487x107° 512x10™° 3.98x107°
std 5.60x107°  8.65x10™*  431x107° 1.43x107%  333x10™*  397x10™* 452x107°
spp e L1 x10™"  9.17x10°? 1.56x107%  1.95x107>  7.96x10™° 503x107° 9.58x10°°
std 7.80x107°  234x10°  569x107° 3.82x10° 243x10™*  249x10™*  5.02x10°°
Jprs Mean 1.30 x 10° 127x107%  139x1072 1.02x107"  3548x107° 536x10° 473 x107*
std 340x107° 2.52x107°  9.12x10™*  554x10™*  191x107™* 196x10™* 576x107°
spTa Mean 2.35 x10° 1.09 x10' 6.14x107°  244x107"  474x107" 9.75x10"" 3.68 x 10°
std 240 %10~ 5.95 x10° 136x107° 731x10°  3.01x107* 1.05 x 10° 2.20 x 10°
spTe Mean 2.33x107" 1.93x107%  3.11x107° 447x10°  428x107° 390x10™° 3.39x107°
std 890x107° 1.52x1072 148x107° 4.64x10™* 216x10™* 256x10™*  8.81x107°
DILzy  Mmean 437 x 1077 557x107  8.92x107*  565x107>  499x107> 485x10> 4.72x107?
std 3.60x107™*  1.81x10™° 546x10°° 156 x10™°  1.72x10™*  1.19x107° 848 x107*
DILzz  Mean 5.89 x 10° 3.09 x 10 2.17 x10° 574 %107 4.89 x10? 7.34 x10° 8.72 x 10"
std 1.30 x10° 7.02 x10° 1.89 x10° 219x107° 1.33x107° 1.29 x 10" 2.59 x 10"
DTLza e 834x10™°  1.05x107"  229x10™" 897x10> 493x10> 241x107" 839x107?
std 1.10x107°  4.10x107>  340x107> 1.23x107" 1.16 x107°  1.61x10"" 1.52x107?
DLzs  Mean 120x107°  6.15x107"  247x107  131x107* 297x10° 270 x 10*~f 2.53x107°
std 1.80x10™*  6.46x107> 235x107° 1.98x10°  1.63x10™* 845x10™° 8.07x10~°
brLze e 523x107%  8.52x107"  226x107%  127x107> 343x10™° 270x107° 246x10°°
std 9.00x107* 222x107"  475x107° 1.84x107° 467x10™* 990x10™° 430x10°°
DLz e 984 x10%  564x107*  1.02x107" 4.60x107> 846x107> 630x107> 576x107*
std 990x107°  1.61x10°  3.44x107° 1.82x10° 8.68x102 4.60x107° 4.05x107°
total 0 0 0 0 1 0 1
ranking 8.45 9.00 8.00 7.55 5.09 6.00 6.36
final rank 11 13 10 9 2 4 5
MR PEEC #8545 MOEA/D-ACD NSLS NSGA-II-SDR Top HVMA-M MOFA-LR
mean  6.31 x10? 6.62 x1072 7.80 x107? 8.51 x107° 5.08 x107° 388 x107°
ZDTL 44 480107 133 x10° 1.61 x10°3 1.57 x10° 1.06 x10°3 387 x10°°
mean  1.02 x107' 1.19 x107" 5.67 x107° 131 x107? 557 x107° 387 x107?
ZD12 std 7.90 x 10~ 2.48 x1072 3.82x107* 291 x107° 1.72x107° 457 x10°°
mean  3.35x107° 7.54 x1072 1.16 x10~? 1.66 x10~* 6.79 x10~° 4.47 x107?
ZDT13 std 2.80 x10°° 1.43 x10°? 3.19x10°° 8.02x107° 223 x107° 1.11 x10°*
mean  1.69 x 10° 238 x107" 9.76 x10~* 3.30 x 10° 4.56 x107* 2.69 x1072
ZDT4 4 280 %10 1.09 10! 539 x10°° 1.82 x 10" 237 %1072 1.01 x 107
mean  2.16 x10 7' 3.52x107° 435x107° 3.86 x107° 1.52x107" 3.06 x10*
ZDT6 G4 940 %107 130 x10~* 377 x10°* 377 x10°* 1.08 x10"! 1.56 105
mean  2.76 x10 3.77 x1072 423 x107" 5.78 x10 72 233 x107" 452 x107?
DTLZ2 4 1.20 x10* 2.84x107* 4.84x107° 1.84x107° 441 x107° 1.14x107°
mean  4.22 x 10° 1.79 x10° 3.99 x107! 2.84 x107" 1.63 x 10" 2.56 x 10"
DTLZ3 g4 6.00x10"! 1.03 x 10° 8.37 x 102 7.04 10" 1.20 x 10" 268 10"
mean  5.10 x10* 7.55 %1072 4.15x107" 6.03 x1072 1.82x107" 2.01 x107"
DTLZ4 4 380 %107 7.60 x 102 9.04 x 102 212 %10 7.90 x 10 423 %107
mean  6.39 x10 * 221 x107° 237 %1072 4.04 x107° 7.49 107! 533 x107"
DTLZS 4 540107 2.46x107* 4.65x107° 1.33x107* 2.90x107! 5.00 x10 72
mean  5.10 x10°° 222 %x10°? 3.79 1072 2.68 x107° 3.22 x10° 5.02x107"
DTLZ6 - gq4 1.00x10° 1.68 x10° 132 %102 12210 2.81 x 10° 6.92 x10"*
mean  7.58 x 10 2 438 x107° 5.95 %1072 9.18 x1072 1.84 x107" 3.92 %107
DTLZT 4a 390 %1073 323 x10°} 239 %10} 8.52 x 102 732 %1072 486 x10~*
total 3 0 0 0 5
ranking 7.18 5.91 7.00 6.91 8.64 4.91
final rank 8 3 7 6 12 1
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