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Abstract Large-scale sparse multiobjective optimization problems(SMOPs) are widespread in the real world. Proposing generic
solutions for large-scale SMOPs can improve problem-solving in the fields of evolutionary computation, cybernetics,and machine
learning. Due to the high-dimensional decision space and the sparse Pareto-optimal solutions of SMOPs,existing evolutionary al-
gorithms are vulnerable to the curse of dimensionality when solving SMOPs. To address these problems,a large-scale multi-objec-
tive evolutionary algorithm based on online learning of sparse features(MOEA/OLSF) is proposed, with the learning of sparse
distribution as an entry point. Specifically,an online learning sparse features method is designed to mine nonzero variables. Then a
sparse genetic operator is proposed for further searching nonzero variables and generating offspring solutions. Its binary crossover
and mutation operators are used to control the sparsity and diversity of solutions in the nonzero variable mining process. The
comparison results with the state-of-the-art algorithms on test problems with different scales show that the proposed algorithm
outperforms the existing algorithm in terms of convergence speed and performance.
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# 1 6 MET¥ETE SMOP1—SMOPS 1547 30 AS (Y IGD M 43145
Table 1  Statistical results of IGD obtained by 6 algorithms running on SMOP1—SMOPS for 30 times
Problem D MOEAPSL SLMEA SparseEA SparseEA2 LMEA MOEA/OLSF
6.4857 % 102 5.9432 %102 6.1753 % 102 6.1929 % 102 4,4979 %1072
SMOP1 300
(3.08%1073) — (3.94%1073) — (4.65%1073) — (1.80 % 1073) — (1.55 %107 3)=
.64 102 L1047 %1072 7.7910% 102 7.7 102 7.4660x 102
SMOP? 200 8.6439 * 6 * 910 * 363 % 660 *
(5.58%1073) — (2.85%1073) — (6.51%1073) — (4.37%1073) — (3.26%1073) —
-1 —2 7 —2 —2 -1
SMOP3 300 4.0849 * 10 5.6842 %10 6.4673 * 10 6.1671* 10 5.4969 * 10
(6.22%10°1) — (3.77%1073) — (3.12%1073) — (1.73%1073) — (1.18%1073) —
7.1954 % 102 6.4817 %1072 6.0841 %102 6.2468 % 102 3.4570% 102
SMOP4 300
(3.35%1072) — (9.19%1073) — (5.16%1073) — (8.95%1073) — (1.52%1073) —
1.2914 % 10! . 214 102 L4237 %1072 L0781 %1072 2.12 10!
SMOP5 300 g 6. 2145 6. 4237 6.0781 68
(3.52%1072) — (1.09 % 10—2) — (6.12%1073) — (6.51%1073) — (3.93%1073) —
—1 —2 —2 —2 —2
SMOPS 300 1.2410* 10 6.3523 %10 6.8534 % 10 6.5342 % 10 3.1996 * 10
(4,48 %1072) — (6.13%1073) — (9.07%1073) — (7.79%1073) — (1.69%10°3) —
8.7576 % 102 7.2496 % 1072 8.5417 %102 8.5119 %102 1.3749 %101
SMOP7 300
(3.80%1073) — (2.23%1073) — (6.56%1073) — (2.50%1073) — (1.13%1072) —
2.0054 % 10! 1.8117 % 10! 1. 2x%101 .8182 %101 1.827 101!
SMOPS 200 54 % 8 * 9882 * 8.8182 % 8273 %
(1.37%1072) — (1.37%1072)= (1.34%1072) — (4,43 %1072) — (2.47%1072)
. -2 . -2 . -2 . -2 1.3308
SMOP1 500 6.6209 * 10 6.1048 % 10 6.3442 % 10 6.1615* 10
(3.19%1073) — (4.47%1073) — (5.92%1073) — (2.73%1073) — (1.82%1072) —
8.9760 % 102 6.1690 % 102 8.4626 % 102 7.7352% 1072
SMOP2 500 1.8374(1.66%1072)
(5.32%1073) — (1.87 %107 3)= (5.66*%1073) — (4.23%1073) —
L0701 %102 . 917 102 . 102 L4940 %1072 2.1475
SMOP3 500 6 * 5.9178 = 6.8398 * 6.4940 *
(6.99%1073) — (3.28%1073) — (3.62%1073) — (2.19%1073) — (2.23%1072) —
—2 —2 —2 —2 -1
SMOP4 500 8.5258 % 10 6.5783 % 10 6.2120 * 10 5.6573 % 10 6.8712 %10
(4.17%1072) — (9.68%1073) — (1.13%1072) — (7.70 x 1073) — (2.18%1072) —
1.1768 % 101 6.2064 % 1072 6.7844 %102 6.0877 %102 6.6603 % 10!
SMOP5 500
(3.97%1072) — (5.10% 1073) — (6.37%1073) — (5.56%1073) — (1.65%1072) —
1.3082 % 101 6.8880 % 102 6.4892 %102 6.2797 % 102 3.1468 x 10!
SMOP6 500
(4,14 %1072) — (1.20 % 1072) — (6.33%1073) — (7.45%1073) — (7.66%x1073) —
1.3983 %101 9.4553 % 102 9.0993 % 102 8.4296 % 1072
SMOP7 500 2.9110(3.59%1072) —
L67%1072) — (5,44 %1073) — (4,37 %107 3)= (9.22%1073)
L0858 %101 2.0953 %101 2.2694 %1071 3.7054 1.9851 %101
(1.22x10"1)= (9.44 %107 3)= (1.72%1072) — (6.49 %10 3) — (3.05%1072)
. 684 102 L0547 %1072 . 102 L0730 %1072 1.3325
SMOP1 300 6.6843 % 6.0547 * 6.3663 * 6 30 %
(3.31%1073) — (5.96 % 1073) — (3.23%1073) — (3.00%1073) — (2.05%1072) —
. -1 . -2 . -2 .37 -2 1.8449
SMOP2 300 1.0250 * 10 6.5058 % 10 8.9604 * 10 8.3797 % 10
(5.48 % 1073) — (6.04 % 1073)= (6.49 % 1073) — (4.16 % 1073) — (2.19%1072) —
6.4580 % 102 5.7726 %102 7.1849 %102 6.4648 % 102
SMOP3 800 2.1617(1.97 % 1072)
(9.75%1073) — (3.74%1073) — (3.57%1073) — (3.41%1073) —
L7030 % 102 7.7000 % 102 . 924 102 . 051 102 .8080 % 101
SMOP4 300 6 30 % * 6.9249 * 6.0513 % 6.8080 *
(1.74%1072) — (1.40 % 10—2) — (7.09%1073) — (8.66%1073) — (1.65%1072) —
-1 —2 —2 —2 7 —1
SMOP3 300 1.0584 * 10 6.5689 % 10 6.6868 * 10 5.9641* 10 6.8073 % 10
(4.91%1072) — (1.08%1072) — (7.54%1073) — (7.19%1073) — (2.20%1072) —
7.6041 %102 6.7360% 1072 6.6777 %102 6.3514 %102 3.1549 %101
SMOP6 800
(3.47%1072) — (6.12%1073) — (6.20%1073) — (5.16 % 1073) — (7.57%1073) —
2.0247 %101 1.1470 % 101 . 434 102 2.9752 . 0x10-2
SMOP7 800 ) . 9. 4346 9. 9380
(1.08x1071) — (5.51%1073) — (3.19%1073)= (4.48%1072) — (1.29%102)
. -1 . -1 .57 -1 3.7249 . -1
SMOPS 300 3.3874 %10 2.4589 % 10 2.5783 %10 2.2055 % 10
(3.83%1072) — (1.49%1072) — (1.49%1072) — (8.68%1073) — (1.30%1072)
7.0306 % 102 6.0614 %102 7.9432 %102 6.0206 % 102 1.3390
SMOP1 1000
(2.82%1073) — (6.36%1073) — (4.39%1072) — (2.15%1073) — (1.48x10°2) —
1.0970 % 101 .2431 %1072 L8794 %1072 1.8560 L9642 %1072
SMOP? 1000 970 * 9 31 % 8.8794 * 6.964 2 *
(3.51%1073) — (7.13%1073) — (5.23%1073) — (1.46%1072) — (3.30%103)
2.7046 % 10! 5.7901 %102 7.5934 %1072 6.7014 %102
SMOP3 1000 2.1564(1.29 % 10-2)
(6.20% 107 1) — (3.56%1073) — (3.46 ¥ 1073) — (3.40 % 1073) —
6.1016 %102 7.5540% 102 6.4294 % 102 5.8394 % 102 6.8619 %101
SMOP4 1000
(1.02%1072) — (1.26%1072) — (9.48 x1073) — (4.29%1073) — (1.57%1072) —
1.154 101! L334 102 7.2650% 102 L0594 %1072 L 770 101!
SMOP3 1000 549 % 6.3346 * 650 * 6.0594 * 6 8 *
(4.93%1072) — (4.21%1073) — (1.19%1072) — (9.47%1073) — (1.95%1072) —
6.1290 % 102 7.0447 %1072 7.2384 %102 6.8479 % 102 3.1611 %1071
SMOP6 1000
(7.56%1073) — (9.41%1073) — (1.12%1072) — (1.25%1072) — (1.49%1072) —
2.0614 %101 1.2409 % 101 9.7435% 102 1.0684 % 101
SMOP7 1000 3.0017(2.57%1072) —
(1.16 x 10~ 1) — (4,22%1073) — (4.15%1073) + (6.38%103)
. 9220 %101 2.597 10! 2. 101 3.7303 2.2981 % 10!
SMOPS 1000 3.9 * 10 5976 * 10 8563 * 981 *
(2.89%1072) — (2.02%1072) — (1.77%1072) — (4,42 %1073) — (2.39%1072)
+/—/= 0/31/1 7/22/3 0/30/2 1/29/2 0/31/1
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