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Many-objective firefly algorithm for solving large-scale sparse
optimization problems
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Abstract: The multi-objective firefly algorithm is difficult to ensure the sparsity of the Pareto optimal solutions when
dealing with large-scale sparse multi-objective optimization problems, and when the objective dimension of the
optimization problem is too large, it will also lead to the failure of Pareto dominance and the slowdown of convergence.
In view of this, this paper proposes a many-objective firefly algorithm based on dynamic scoring and neighborhood
search (SMaOFA). The algorithm generates sparse initial population based on the dual-coding hybrid ensemble, and
proposes a dynamic scoring strategy, which dynamically updates the decision variable score at each round of iteration to
provide prior knowledge for subsequent iterations to ensure the sparsity of the solution set. According to the concept of
fuzzy dominance and the Euclidean distance between fireflies, a neighborhood search strategy is proposed, which
discards the influence of the full attraction model on the convergence speed of the algorithm, and avoids the failure of
Pareto dominance caused by the large objective dimension. The linear adjustment factor is introduced to improve the
position update formula of fireflies and improve the search ability of the population. Experimental results show that the
proposed algorithm has efficient performance when dealing with large-scale sparse multi-objective optimization
problems.
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A ) @IS 4T 30 R 3R 1GD Fi b 19 38 B A0 7 2=,
FL R A [R) SR A5 AH R AR 2% 1 T R I f A 1) 45
D 2R, B3R 1 A] I B th 557% SMaOFA 1 2 1
I 7] B SMOP; ~ SMOPg b 23 & PEREA T HoAth
X PR, TE 72 A AS TR S 481 3R AR T 60 4N i
FEIGD A, X N MSKEA #1SECSO, 43 #1318 T 94

1 SMaOFA 5 5 fhE A EMENR e #_ERSMIGDE

problem M D NSGA-III MaOEA-IT

SparseEA

SECSO MSKEA SMaOFA

100 0.2759(1.29e-2)— 0.367 9(2.28e-2)— 0.077 7(4.20e-3)— 0.073 7(2.54e-3)— 0.052 8(7.06e-3) ~ 0.047 0(1.95¢-3)
3 500 0.1990(6.59-3)— 0.8931(3.65¢-2)— 0.0779(3.82¢-3)— 0.0733(1.54e-3)— 0.058 0(4.81e-3)— 0.0442(8.75¢-4)
1000 0.1953(5.28¢-3)— 1.476 7(2.72e-1)— 0.0721(3.87¢-3)— 0.0738(4.44e-4)— 0.058 1(2.23¢-3)— 0.0452(1.54¢-3)

100 0.4998(2.34e-2)— 0.766 0(8.93e-2)— 0.4069(8.20e-2)— 0.243 1(4.77¢-2)— 0.258 3(8.87¢-2)— 0.1424(1.74¢-3)

SMOP; 5

500 0.3303(9.71e-3)— 1.2023(2.03e-1)— 0.3972(4.77e-2)— 0.1523(7.94e-3)— 0.1758(1.56e-2)— 0.1359(4.97e-4)

1000 0.3199(2.96¢-3)— 1.4359(2.51e-1)— 0.3735(7.65¢-2)— 0.150 0(4.48e-3)— 0.217 1(2.54¢-2)— 0.1361(9.93¢-4)

100 0.8013(2.31e-2)— 1.0856(1.13e-1)— 0.8266(5.89e-2)— 0.5312(1.49¢-1)— 1.7267(2.60e-1)— 0.2997(1.99¢-2)
10 500 0.7543(1.23e-2)— 1.2760(1.78¢-1)— 0.549 8(8.62e-2)— 0.3858(1.02e-1)— 1.4323(2.65¢-1)— 0.3019(7.23¢-3)
1000 0.7512(2.93¢-2)— 1.098 1(1.86¢-1)— 0.508 6(8.35¢-2)— 0.4480(6.73¢-2)— 1.2458(1.69¢-1)— 0.296 0(4.06¢-3)
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problem M D NSGA-III MaOEA-IT SparseEA SECSO MSKEA SMaOFA

100 0.9035(3.03¢-2)— 1.1557(6.61e-2)— 0.1324(1.33¢-2)— 0.1478(1.47¢-2)— 0.070 2(1.15¢-2) ~
3 500 0.7536(2.34e-2)— 1.7759(4.12¢-3)— 0.128 1(5.97¢-3)— 0.1302(2.47¢-3)— 0.090 7(9.19¢-3)—
1000 0.747 8(1.39¢-2)— 2.3519(4.66e-1)— 0.124 4(8.85¢-3)— 0.1296(2.61e-3)— 0.095 2(4.97¢-3)—

0.067 3(4.75¢-3)
0.084 5(1.02¢-2)
0.083 5(1.74¢-2)

100 1.1917(4.15¢-2)— 1.436 3(1.41e-1)— 0.498 2(6.07c-2)— 0.400 3(3.44¢-2)— 0.292 8(2.57¢-2)—
SMOP; 5 500 0.9238(1.04e-2)— 1.6213(1.05¢-1)— 0.436 2(1.30e-1)— 0.386 3(1.56¢-1)— 0.231 1(2.81¢-2)—
1000 0.859 4(6.05¢-3)— 1.939 0(2.08¢-1)— 0.469 9(9.80e-2)— 0.255 7(1.20e-1)—  0.220 8(2.39¢-2)—

0.163 6(5.14¢-3)
0.1572(8.09¢-3)
0.1524(1.13¢-2)

100 1.6732(8.32¢-2)— 1.618 2(1.47¢-1)— 0.9236(1.19¢-1)— 0.823 3(2.33¢-1)— 1.547 2(3.53¢-1)—
10 500 1.4727(1.96¢-2)— 1.828 9(4.19¢-1)— 0.7315(7.69¢-2)— 0.8914(3.69¢-1)— 1.5524(1.42e-1)—
1000 1.3926(3.32¢-2)— 1.674 1(2.60e-1)— 0.627 9(1.03e-1)— 0.947 3(3.07¢-1)— 1.240 1(4.90e-1)—

0.3392(1.54¢-2)
0.3725(1.34¢-1)
0.3935(1.57¢-1)

100 1.0651(3.96¢-2)— 1.4482(6.91¢-2)— 0.0819(4.03¢-3)— 0.408 4(7.09¢-2)—  0.0425(9.38¢-4)+
3 500 0.9119(2.74e-2)— 2.2051(5.32¢-2)— 0.0904(4.02¢-3)— 0.099 4(3.06e-2)—  0.048 9(3.48¢-3)+
1000 0.929 4(2.15¢-2)— 3.070 6(5.14e-1)— 0.087 4(1.40e-3)— 0.077 7(7.25¢-3)—  0.0519(1.64e-3)+

0.065 3(5.98¢-3)
0.067 1(9.63¢-3)
0.062 7(1.04¢-3)

100 1.4382(1.83¢-2)— 1.763 1(1.38¢-1)— 0.259 9(1.05¢-1) ~ 0.713 2(4.62¢-2)—  0.1647(1.33¢-2)+
SMOP; 5 500 1.0780(1.80e-2)— 1.9042(8.21e-2)— 0.370 1(2.04e-1)— 0.649 6(5.27¢-2)— 0.167 8(1.07e-2) ~
1000 1.054 7(2.60e-2)— 2.1390(2.91e-1)— 0.579 0(2.94¢-1)— 0.600 6(6.06e-2)—  0.168 8(2.47e-3)+

0.2375(1.51e-1)
0.1553(1.58¢-2)
0.249 8(2.27¢-1)

100 2.2189(8.00¢-2)— 1.9885(1.92¢-1)— 0.905 4(9.44¢-2)— 0.981 1(1.83¢-1)—  0.649 8(2.83¢-1)+
10 500 1.8421(2.12¢-2)— 1.8791(2.24e-1)— 0.944 8(6.39¢-2)— 1.046 3(9.78¢-2)— 0.981 0(1.03¢ + 0)—
1000 1.7706(1.39¢-2)— 2.2321(5.89¢-1)— 1.023 1(2.73¢-2)— 1.0944(2.02¢-2)— 2.1148(9.98¢-1)—

0.765 5(2.47¢-1)
0.6757(9.04¢-2)
0.680 6(5.73¢-2)

100 0.326 0(8.67¢-3)— 0.4429(4.31¢-2)— 0.058 7(1.06¢-2)— 0.0310(9.41¢-4) &~ 0.030 5(5.92¢-4)
3 500 0.2748(8.34e-3)— 0.7710(1.35¢-1)— 0.0736(1.19¢-2)— 0.031 4(3.65¢-4) ~ 0.0318 0(1.33¢-4)
1000 0.246 0(6.98¢-3)— 1.329 4(3.63¢-1)— 0.067 0(3.42¢-3)— 0.030 7(3.90e-4) ~ 0.032 4(2.83¢-4)—

~

~
~
~

0.028 6(4.46¢-4)
0.028 1(2.29¢-4)
0.028 4(1.64¢-4)

100 0.3143(1.50e-2)— 0.5416(1.32¢-1)— 0.345 2(1.49¢-1)— 0.092 5(1.36¢-2)— 0.192 2(8.27¢-2)—
SMOP, 5 500 0.2836(5.42¢-3)— 0.467 8(4.73¢-2)— 0.238 0(2.41e-2)— 0.100 7(3.25¢-2)— 0.099 4(1.48¢-2)—
1000 0.2614(4.57¢-3)— 0.6810(3.54e-1)— 0.2122(7.27e-2)— 0.078 3(9.50e-4)— 0.099 4(2.47¢-2)—

0.0621(5.15¢-4)
0.0619(1.50¢-3)
0.062 0(5.83¢-4)

100 0.1909(3.53¢-2)— 0.546 5(1.12¢-1)— 0.964 6(4.89¢-2)— 0.208 1(4.07¢-2)— 0.865 3(9.70¢-1)—
10 500 0.2427(6.03e-2)— 0.456 9(6.02e-2)— 0.707 1(3.83e-1)— 0.3018(1.26e-1)— 0.422 6(1.43e-1)—
1000 0.2324(4.16e-2)— 1.0721(6.61e-1)— 0.986 3(3.16e-4)— 0.4501(7.65¢-2)— 1.101 0(4.76e-1)—

0.1240(2.21¢-2)
0.1390(5.11¢-2)
0.133 8(3.46¢-2)

100 0.2541(4.09¢-3)— 0.296 5(1.22¢-2)— 0.062 7(1.01e-2)— 0.036 3(1.00¢-3)—  0.033 9(1.84¢-3)—
3 500 0.2343(1.86e-3)— 0.5608(8.47¢-3)— 0.0682(7.32¢-3)— 0.0398(1.23¢-3)— 0.033 0(1.08¢-3)—
1000 0.2300(1.41e-3)— 1.1623(9.64e-2)— 0.0719(1.83¢-2)— 0.039 6(6.29¢-4)— 0.032 9(5.54e-4)—

0.028 8(4.48¢-4)
0.028 3(1.85¢-4)
0.0282(2.64e-4)

100 0.2230(5.03e-2)— 0.417 9(1.26¢-1)— 0.289 6(4.14e-2)— 0.0829(7.13¢-3)— 0.161 2(3.45¢-2)—
SMOP; 5 500 0.1865(1.84e-3)— 0.5719(2.37e-1)— 0.510 5(3.96e-1)— 0.0910(3.73¢-3)— 0.145 0(2.98¢-2)—
1000 0.1770(1.18¢-3)— 0.658 8(2.60e-1)— 0.364 3(3.26e-1)— 0.093 9(1.07e-3)— 0.144 5(4.74e-2)—

0.066 5(2.33¢-3)
0.062 5(1.16e-3)
0.0621(9.05¢-4)

100 0.1837(2.64¢-2)— 0.488 1(9.52¢-2)— 0.878 0(8.11c-2)— 0.1460(2.23¢-2)+ 0.463 1(3.07c-1)—
10 500 0.2126(2.14e-2)— 0.6342(2.86e-1)— 0.978 4(8.29¢-3)— 0.161 1(2.75¢-2) &~ 0.3254(3.85¢-2)—
1000 0.199 7(2.04e-2) ~ 0.881 6(4.88¢-1)— 0.986 0(2.59¢-4)— 0.193 4(4.16e-2) ~ 0.400 9(3.37e-1)—

0.154 4(6.78¢-2)
0.152 6(8.72¢-2)
0.1623(7.58¢-2)

100 0.0798(1.33¢-3)— 0.1254(9.27¢-3)— 0.063 7(2.58¢-3)— 0.039 5(7.09¢-4)— 0.034 0(1.46¢-3)—
3 500 0.0610(1.25¢-3)— 0.2862(2.59-2)— 0.0764(1.03¢-2)— 0.0412(1.20e-3)— 0.034 7(1.69¢-3)—
1000 0.054 5(1.24e-3)— 0.609 9(1.83¢-1)— 0.0755(9.12¢-3)— 0.042 2(2.24e-3)— 0.033 5(9.66¢-4)—

0.028 8(2.30¢-4)
0.0282(9.34e-5)
0.028 3(2.25¢-4)

100 0.105 2(3.70e-3)— 0.1830(3.49¢-2)— 0.327 8(3.02e-1)— 0.097 7(7.96e-3)— 0.135 6(4.77¢-2)—
SMOPs 5 500 0.0936(1.17e-3)— 0.3242(1.40e-1)— 0.6329(3.99e-1)— 0.1101(8.42¢-3)— 0.278 9(3.76¢-1)—
1000 0.090 6(9.62¢-4)— 0.396 2(1.11e-1)— 0.480 4(4.02e-1)— 0.124 2(1.56e-2)— 0.117 0(1.40e-2)—

0.0652(6.18¢-3)
0.0629(3.22¢-4)
0.0629(5.51e-4)

100 0.1405(2.42¢-2) ~ 0.2544(6.16e-2)— 0.897 6(1.79¢-2)— 0.1294(1.04e-2) ~ 0.208 9(3.27¢-2) ~
10 500 0.1410(1.30e-2)+ 0.356 9(1.88¢-1)— 0.954 4(4.59¢-2)— 0.223 6(4.33¢-2) &~ 0.3992(2.99¢-1)—
1000 0.145 4(6.24¢-3) = 0.396 3(1.95¢-1)— 0.954 1(3.08¢-2)— 0.2420(2.93¢-2)— 0.545 6(4.38¢-1)—

~

~
~
~

0.170 1(6.86¢-2)
0.220 6(1.50¢-1)
0.1221(4.23¢-2)

100 0.6124(5.26e-2)— 0.666 1(4.42¢-2)— 0.128 3(1.86e-2)— 0.220 6(1.27e-2)— 0.084 9(2.04e-2)—
3 500 0.5118(1.28¢-2)— 1.4532(1.21e-1)— 0.1551(6.11e-3) &~ 0.2148(9.77e-3)— 0.131 9(1.45¢-2)
1000 0.506 8(1.71e-2)— 1.967 1(2.14e-1)— 0.173 2(6.48¢-3) ~ 0.2182(4.18¢-3)— 0.1422(1.18¢-2)

~ ~
~ ~
~ ~
~ ~

0.0745(3.77¢-3)
0.1103(1.22¢-2)
0.127 4(1.52¢-2)

100 1.1381(5.66¢-2)— 1.516 5(7.55¢-2)— 0.379 9(1.20e-2)— 0.357 2(2.00¢-2)— 0.334 5(1.12¢-2)—
SMOP; 5 500 0.8923(4.03e-2)— 2.647 6(2.20e-1)— 0.374 3(4.25¢-3)— 0.377 7(1.97¢-2)— 0.3179(5.11e-3) ~
1000 0.790 0(2.44e-2)— 2.9824(5.00e-2)— 0.383 5(2.07¢-2)— 0.400 5(1.74e-2)— 0.345 8(4.47e-2)—

0.2814(1.09¢-2)
0.271 6(4.43¢-3)
0.270 6(4.68¢-3)

100 1.567 5(1.46¢-1)— 2.5520(8.07¢-2)— 1.070 0(5.07c-2)— 0.758 7(1.72¢-2)— 1.461 2(8.50¢-2)—
10 500 1.4884(1.47e-1)— 3.048 3(8.87e-2)— 1.020 0(7.02e-2)— 0.923 6(9.44e-2)— 2.482 8(1.46¢ + 0)—
1000 1.6172(2.34¢-1)— 3.036 5(1.29¢-1)— 1.096 4(7.17¢-2)— 1.066 5(9.70¢-2)— 2.698 5(1.21¢ + 0)—

0.5829(1.01¢-2)
0.574 8(4.90¢-3)
0.572 6(8.05¢-3)

100 2.8575(1.37e-1)— 2.906 4(1.80e-1)— 0.285 7(1.48¢-2)— 0.475 0(2.48¢-2)—  0.1818(2.64c-2) ~
3 500 2.5254(1.88¢-1)— 3.7350(4.97¢-2)— 0.3368(9.95¢-3)— 0.4624(1.17e-2)—  0.2207(2.14e-2)+
1000 2.2410(5.92¢-2)— 4.066 1(6.27¢-2)— 0.3735(2.11e-2)— 0.460 6(1.38¢-2)—  0.269 2(1.25¢-2)+

0.190 7(1.41¢-2)
0.288 2(7.72¢-3)
0.321 4(1.61e-2)

100 3.2781(2.99¢-2)— 3.506 2(6.45¢-2)— 0.582 9(1.66¢-2)— 0.611 0(2.00¢-2)— 0.579 6(2.02¢-2)—
SMOPs 5 500 3.1631(7.08¢-2)— 3.8010(2.94e-2)— 0.5759(1.59¢-2)— 0.6010(1.96¢-2)— 0.538 7(2.34e-2)—
1000 2.867 2(7.53¢-2)— 4.047 2(8.45¢-2)— 0.568 1(1.83¢-2)— 0.625 2(5.23¢-2)— 0.536 7(2.55¢-2) —

0.4787(2.40¢-2)
0.4565(1.11e-2)
0.4478(7.57¢-2)

100 3.577 7(7.52¢-2)— 3.949 0(8.49¢-2)— 1.1911(1.12¢-1)— 0.975 9(2.45¢-2)— 1.954 9(9.66¢-1)—
10 500 3.3086(8.02¢-2)— 4.040 8(7.10e-2)— 1.279 7(1.50e-1)— 1.276 1(1.85¢-1)— 2.358 7(1.09¢ + 0)—
1000 3.285 7(1.66¢-1)— 4.2154(5.97¢-2)— 1.256 6(1.12¢-1)— 1.2870(1.28¢-1)—  3.220 3(9.23¢-1)—

0.7249(9.48¢-3)
0.698 9(1.80¢-2)
0.707 4(1.22¢-2)

+) =)~ 1/68/3 0/72/0 0/69/3 2/64/7 9/54/10
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A2 A f% £ 1GD 1H; £ Wilcoxon & F 6 56 77 1,
SMaOFA 73 I ££ 68 72 69 64 F1 54 AN 52451 A
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3.3 REMLEIIZREE

F 245 T SMaOFA 5 4 F ) bt 590 8 i 28 W)
25N Zhin) A2 AT 30 GRS HV 4845 I B E AT 22,

LA AN [F) S AR R AR 2% A R B A 1) &5 SR
FLZR 7R, B3R 2 A7 L, AT 32 tH SMaOFA 7E 4 > 41 25 [
LN SRR h B S T B HVAE. (A — 421
5T, A HEARAE AL 25 2Rl 5 MaOEA-IT 5
TR XE B, DRATE 852 19 25 000 2R P 7, MaOEA-
IT A B 20t 52 0 A0 B Y Sl 3128 1 7 1 o i b X
DL HoAth L AT X T

%2 SMaOFA 54 FhE kA ML) %08 _ERBHHV E

problem D NSGA-IIT SparseEA SECSO MSKEA SMaOFA
NN, 321 0.354 5(1.48e-2)— 0.894 2(4.28e-3)— 0.886 6(1.44e-3)— 0.8926(1.44e-3)— 0.903 9(6.45¢-3)
NNy 401 0.366 4(9.77e-3)— 0.9741(8.93e-4)— 0.9216(2.15e-3)— 0.9691(3.38e-3)— 0.9799(2.92¢-3)
NNj3 521 0.3108(1.07e-2)— 0.809 3(2.20e-3)— 0.798 2(4.49¢-3) — 0.8059(1.58e-3)— 0.816 4(3.29¢-3)
NNy 1241 0.324 3(1.08e-2)— 0.8711(1.18e-2)— 0.861 8(4.25e-2)— 0.8538(1.12¢-2)— 0.8869(2.78¢-2)
+/ -/~ 0/4/0 0/4/0 0/4/0
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