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Hierarchical multi-objective firefly algorithm for
large-scale sparse optimization

QIU Ziyu'?, ZHAO Jia'?, WANG Ben’, ZHANG Yiying*, WANG Hui'~?,
LU Fangzhou’, FAN Tanghuai'~

(1. School of Information Engineering, Jiangxi University of Water Resources and Electric Power, Nanchang 330099, China; 2. Jiang-
xi Province Engineering Research Center for Intelligent Processing and Early Warning Technology of Water Conservancy Big Data,
Nanchang 330099, China; 3. NARI Group Corporation, Nanjing 211000, China; 4. College of Artificial Intelligence, Tianjin Uni-
versity of Science and Technology, Tianjin 300457, China; 5. State Grid Electric Power Research Institute, Nanjing 210003, China)

Abstract: Aiming at the problem that the multi-objective firefly algorithm is difficult to maintain the sparsity of Pareto
optimal solutions and the population is difficult to converge in dealing with large-scale sparse multi-objective optimiza-
tion problems, a hierarchical multi-objective firefly algorithm with score guidance and feature selection (HLsMOFA) is
proposed. The algorithm proposes a score-guided initialization strategy, calculates the initial score of the decision vari-
able, and generates the initial population of the sparse state. The score updating mechanism of feature selection is con-
structed, and the Relief algorithm is introduced to calculate the feature weight. At each iteration, the decision variable
score is jointly updated with the feature purity to further maintain the sparse characteristics of the Pareto optimal solu-
tions. A hierarchical learning model is designed to stratify the firefly population proportionally, reduce the oscillation
caused by the influence of the full attraction model during the movement process, and improve the convergence per-
formance of the algorithm in a large-scale decision space. The experimental results show that HLsMOFA has better con-
vergence and diversity than the selected comparison algorithm.

Keywords: firefly algorithm; multi-objective optimization; large-scale sparse optimization; sparsity; feature selection;

Relief algorithm; hierarchical population; convergence
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Table 1 Effectiveness analysis experiment of the layered ratio of 1:4:5

W& a0 D

3.3:3.3:34

3:3:4

2:3:5

2.5:2.5:5

1:2:7

1:3:6

1:4:5

100
SMOP1 2 500

1000

1.0357x10°2
(3.72x107%)~
1.2765%102
(2.09x10%)—
2.2599x10°2
(5.20x10%)—

9.5372x107
(7.29%107%)~
1.0107x10°2
(8.47x107%)~
1.7539x102
(6.89x107%)—

6.5166x10°
(6.93x10%)~
7.1490x10°
(1.82x107%)—
8.3241x107
(3.22x107%)+

5.8431x10°
(8.16x10%)—
6.7663x10°
(8.81x107%)—
9.6172x107
(2.15x10°%)=

4.1648x10°
(5.19x10 %)=
5.7181x107
(8.92x10 %)=
1.1762x10°2
(4.87x10%)—

6.6092x10°
(8.13x10 7%~
8.2137x10°
(6.98%10 %)~
1.1272x10°2
(5.61x10 %)~

4.1083x10°
(2.34x107%)
5.6534x107
(2.46x107%)
9.5378x10°
(4.28x10°%)

100
SMOP2 2 500

1 000

7.3946x10°
(1.53x107%)~
3.1615%10°
(6.69x107%)—
6.6377x107
(4.49x107%)~

8.0542x10°
(9.01x10%)—
3.0189x10°
(5.44x107%)~
6.0262x107
(7.81x107%)~

7.2834x10°
(8.18x107%)~
4.7429x102
(6.59x107%)—
6.1345x107
(7.41x107%)—

6.0062x10°
(9.02x107%)—
5.8767x10°
(1.58x107%)—
4.4892x1072
(2.90x107%)—

7.7762x10°
(8.27x107%)~
2.9821x10
(2.89x107%)~
5.756 110
(1.90x10%)—

7.3761x10°3
(5.89%107%)~
4.7632x102
(6.18x107%)—
6.2761x10
(7.73x107%)—~

5.1539x107
(5.72x107%)
2.4677x107
(8.14x107%)
3.3622x102
(7.31x107%)

100
SMOP3 2 500

1000

6.0734x107
(5.26x107%)~
1.0823x102
(4.03x107%)—
9.4723x10°
(1.83x10%)—

3.8521x10°
(5.31x10%)+
6.476 1x1073
(7.01x103)—
7.7415%10°
(7.98x10 %)~

4.0987x10°
(1.73x10 )=
4.9862x10°
(6.98x107%)—
7.7651x10°
(6.23x107%)~

7.756 1107
(7.41x107%)~
8.9751x10°
(8.06x10%)—
1.7054x10°
(7.70x103)—

7.0215%10°
(8.04x10 %)~
9.5388x10°
(5.29x10%)—
1.2303x102
(7.23x10%)—

5.2142x10°
(7.73x10 74—
8.9821x10°
(7.48x10)—
9.2256x10°
(1.64x10%)—

4.0584x107
(4.11x10°%)
4.5872x107
(1.71x107%)
5.8542x107
(7.41x107%)
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SFR1
Mk pr  p o 3.3:33:34 3:3:4 2:3:5 2.5:25:5 1:2:7 1:3:6 1:4:5
42354x107  5.1893x107  4.0127x107  3.9601x107  4.0137x107  4.3674x10° 4.1276x107
100 (3.63x10%)—  (3.13x10%H—  (3.93x10°)+ (4.73x105)+ (7.11x107°)+ (7.41x10%)— (4.81x107%)
42174x107  5.3007x107  4.0224x107  3.9720x107°  4.0378x107  4.3824x107° 4.1459x107
SMOP4 2500 (6.82x107%)—  (5.91x10%— (7.41x10%+ (5.38x107%)+ (4.23x10°%)+ (2.56x107%)— (2.89x107%)
42021x107  5.5785x107  4.0832x107 3.9133x107°  4.0764x107  4.4086x10° 4.1622x107
1000 (6.72x107%)= (8.88x107H— (6.72x107%)+ (2.16x1075)+ (2.16x10°)+ (5.60x10%)— (3.78x10°%)
5.6793x107  6.0322x107°  5.6932x107° 5.8962x107°  7.0256x107° 5.9001x107° 5.2381x107
100 821x107H—  (@.71x107%H— (337107~ (7.11x107%H—  (7.28x107%)— (4.52x107%)—  (8.09x107%)
7.8732x107  7.5311x107° 7.3927x107 1.9067x10% 8.1872x107° 7.9165x107° 7.4365x107
SMOPS 2500 (5.38x107%)—  (4.29x107H= (8.94x107%= (1.87x107)— (5.09x107%)— (3.64x107%)— (1.21x107)
000 9.7652x107  9.6791x107 8.5226x107° 2.4362x1072 9.8521x107 8.0745x107° 8.4832x107
(7.20x107—  (6.38x107H—  (7.94x107%)= (7.46x107H— (2.27x107%)— (7.01x107%)+ (5.56x107%)
6.6782x107  7.5430x107 8.8631x107 6.8294x107 1.0547x107% 6.6729x107 5.7488x10
100 (8.16x107H)—  (7.93x107H—  (4.54x107%)— (1.71x107%)— (3.13x107%)— (5.21x107%)—  (4.48x107)
6.2783x107  7.5499x107 1.2190x102 1.1867x1072 1.9725x102 7.5662x107° 8.3749x107
SMOP6 2500 B.74x1079+  (8.19x107H)+  (2.99x107)—  (9.69x107)— (4.86x102)— (3.84x107H+ (9.51x107%
8.6927x107 7.1568x107 1.4237x1072 2.2631x1072 3.2515x107 6.5612x107° 9.8931x107
1000 (11710734  (4.96x10)+  (7.91x10H—  (8.01x10H— (2.76x107%)—  (7.82x107%)+ (2.66x107%)
1.0213x1072 2.8753x107% 7.3489x107° 2.0351x102 9.5413x107° 1.0756x107% 7.3384x107°
100 (877107~ (6.83x10)— (1.65x10)= (5.73x103)— (7.97x107%)— (2.61x107%)— (2.27x107)
aMOPT 2 500 5.2463x1072 4798 1x1072 2.1842x107  4.6659x1072 5.05452x1072 2.7312x102 3.2573x102
(6.43x102)—  (5.87x10)— (2.87x107%)+ (8.05x107)— (7.09x107%)— (4.31x107)+ (7.53%x107%)
L 000 7.7431x1072  8.2287x1072 3.9109x102  7.0508x102  7.9742x107% 4.0365x107 4.5215x1072
(8.05x10)— (5.21x107)—  (6.52x107%)+ (6.98x107)— (5.20x107%)— (5.97x107)+ (5.87x107%)
1.3762x107"  1.6347x107"  2.0702x107"  1.7837x107" 2.6452x107" 1.6456x107" 9.5688x1072
100 (6.42x107)—  (6.06x102)— (7.89x107)— (8.10x107)— (8.18x107)— (6.72x102)—  (3.89x107?)
1.9481x107"  2.4382x107" 2.8753x107"  3.1236x107"  2.8963x107"  2.1285x10”" 1.9041x10™
SMOP8 2500 (4.61x102)=(9.11x102)— (6.98x10)— (8.92x10)— (3.07x107%)— (2.73x10%)—  (3.06x107?)
2.5386x107"  2.8903x107" 2.9214x107" 3.4509x107" 3.1006x107" 2.4952x107" 2.2389x10"
1000 (7.89x102)—  (4.04x102)— (443100~ (7.02x10)—  (9.44x107%)— (7.54x102)— (8.70x107?)
+/—/= 2/20/2 3/20/1 6/14/4 3/20/1 3/19/2 5/19/0 —/=/—

T« IR S A5 SR AR AR R SE 36 26 1 T B R A2 2R o

1 E R R, RA 1:4:5 53 2 HAdl (%) HLs-
MOFA 78 5 i 0 38 7] A0 1 e B0 0 S5 A 3, L
W, 1:4:5 B943 )2 H B AE 8 NI PR BCY 24 Fh R
[ A B8 T 485 13 IR LA, JLHAE SMOP2
5 SMOP8 ik i %kt . 3R 1 A9 Wilcoxon & Fl ks
I ZE R P IGE T 1:4:5 402 I 7E 52 56 vh
B H Al 4y 2 b ) 2 B AR, IE B L 7R AR e LS-
MOPs I 545 550k

I IE SRR R 1:4:5 53 )2 o )38 i B
WRTH 5 SR I UE, 7E WSk 5 2 REPE 2 (R B
T A BOFAT . HOS 9 200 AR B R E A
RN B T & R RE T, 7 LS-
MOPs HJEHLH T R 4B PERE .

33 EEMNRXDBXLEWERSH

HLsMOFA 5 6 Ff %] Ho 80 vk 7 F5 o I 3 [n]

53] 1GD #4114 5 IQR YR H 45 5t 2 iR .

% 2 HLsMOFA 5 ¢ # & %0 IGD (& LL 5

Table 2 Comparison of IGD values between HLsMOFA and six algorithms

Wil 0 D SparsesEA  MOEAPSL SECSO PMMOEA TELSO DKCA HLsMOFA
100 9.7982x10°  1.3121x107% 4.8408x10% 1.1236x102 7.8460x102 5.0366x10° 3.9686x107

(4.52x10%)—  (5.19x10)—  (8.13x10%)—  (6.26x10%)— (9.15x10 )= (6.79x10)—  (1.78x107

aMOPL 2 500 1.7473x102  1.9334x102  5.8672x102 1.6319x102 7.7824x102 7.2132x107° 5.5979x107
(4491073~ (4.98x10)—  (6.90x10)— (2.57x10)— (1.89x10%)— (2.00x107)—  (1.30x107)

1000 2.6106x102  2.1684x102  6.1342x102  2.0475x102 7.7755x102 11861102 9.7425x107°

(3.58x107%)—  (2.52x10)—  (1.96x10)—  (3.14x10)— (6.26x10)— (2.62x107)—  (1.87x107)
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WilA&E M D SparssEA  MOEAPSL SECSO PMMOEA TELSO DKCA HLsMOFA

100 3.0115x102  2.0096x102 1.1338x107" 2.4860x102 1.6283x10" 1.2358x102 5.0516x107

(1.07x10%)—  (1.20x10%)—  (1.57x10 %)~ (1.38x10%)— (1.95x107)— (6.71x107%)— (1.22x107%)

aoP2 3 500 4.8830x107% 4.4032x107% 1.2855x107" 3.8505x102 1.6153x107" 2.5807x1072 2.4847x107?

(8.50x107%)— (7.21x107%)— (8.05x107%)— (8.94x107%)— (4.38x107)— (4.16x107%)— (4.15x107)

1000 6.7186x102  5.0061x102 1.3320x107" 5.0412x107% 1.6137x10" 4.4681x102 3.3872x107

(5.12x107%)—  (6.13x107)—  (4.97x107)— (5.57x107%)— (6.85x107)— (7.59x107%)— (6.17x107?)

100 1.9148x107  4.9554x1072  6.9558x102 8.4348x107°  7.8460x1072 4.9343x107° 3.9494x107}

(4.52x107%)—  (1.30x107)—  (1.54x107)— (4.23x107)— (4.48x107)— (6.13x10%—  (6.08x107)

SMOP3 2 500 2.1031x1072  1.9597x107  6.0921x107 1.6516x107% 7.7833x102 6.1485x107° 4.6427x107

(4.55x107)—  (5.30x107%)—  (5.03x107%)— (5.39x107%)— (6.91x107)— (1.45x107%)—  (2.04x107%)

1000 2.9229x1072  2.1278x107%  6.2126x107% 2.1051x102  7.7755x107 9.4803x107° 5.8072x107°

(420107~  (3.13x107%)—  (3.01x107%)— (3.25x1073)— (8.22x107)— (1.88x107%)— (6.83x107

100 47792x107  4.9218x107 3.9563x107°  4.3314x107  3.9265x107° 4.7811x10° 4.1318x107

(2.77x10%—  (3.62x10%— (8.53x107%)+ (8.77x107%)— (8.50x10%)+ (3.42x107%9)—  (6.60x107)

aMoPs 9 500 4.6695x107  5.2850x107 3.9720x107  4.3660x107 3.9281x107 4.7136x10° 4.1593x107

(3.65x10%)—  (7.01x10%— (1.22x10%+ (6.89x107%)— (3.77x10%+ (2.83x10%)—  (7.36x10°)

1000 47571x107  5.0753x107  3.9835x107  4.3990x10°  3.9287x107°  4.6909x107° 4.1575x107

(2.34x107%—  (4.78x10%—  (5.89x107%)+ (6.79x107%)— (3.57x10%+ (3.17x107%)— (8.58x107)

100 5.9581x107°  7.5436x107° 1.1760x102 5.3099x107° 6.9902x10° 6.6193x10° 5.2502x107°

(5.47x10%—  (2.79x10%—  (1.38x107%)— (7.08x107%= (4.64x10)— (5.58x10%)— (1.01x107%)

aMOPS 3 500 6.0818x107°  7.8652x107° 1.1889x107% 4.8242x107° 1.2225x102 7.1643x10°3 7.4732x10°

(5.22x107+  (5.20x107%= (1.41x107%)— (3.44x107H+ (9.47x107%)— (3.00x107H=  (8.04x107

1000 5.9710x107°  9.2384x107°  1.1926x102  4.5927x107 8.9253x10°  6.3869x10° 8.5050x10

(3.10x1079+  (6.97x107%)— (1.16x107)— (1.89x107H+ (7.77x107%)= (5.25x107H+ (8.01x107

100 7.4304x107  8.4660x107° 1.5948x107 6.8294x10° 4.0345x102 8.0579x107° 5.8253x107

(7.22x10%—  (5.34x107%—  (3.74x107%)— (L71x107%)— (9.02x107)— (7.25x107%)—  (6.53x107%)

aMoPE 3 500 7.1467x107  9.1478x107  1.1709x107%  4.9710x10 3.5032x102  7.8662x107°  8.2236e-3

(3.74x107H+  (6.58x107%—  (2.16x107%)—  (2.75x107%H+ (2.74x102)—  (6.10x10%)= (1.20e-3)

1000 7.2527x107  1.1248x107  1.0139x107 4.8383x107 3.8652x102 7.6121x107° 1.0372x107

(6.86x107+ (1.40x107)— (2.39x107%)=  (2.37x107%+ (2.88x107%)— (5.14x107%+ (1.17x107)

100 3.7705x102  3.4246x107  1.6990x107"  3.0653x102 2.2950x107" 1.3680x107% 7.3721x107°

(126x102)—  (3.03x107%)— (1.65x10%)— (1.85x1072)— (2.74x107%)— (8.31x107%)— (3.00x107)

SMOPT 2 500 6.1137x1072  5.6897x1072 1.8226x107" 5.6450x102 2.2830x107" 2.8983x107% 3.1965x107

(121x102)—  (1.73x107%)—  (9.56x107%)— (1.63x102)— (5.24x10°%)— (7.11x10%)= (9.35x107)

1000 8.5475x10  6.1139x102 1.9068x107"  7.4200x107% 2.2813x10"" 5.6257x1072 4.6213x1072

(1.20x102)—  (2.10x10)—  (9.77x107)— (1.20x107%)— (2.84x10)— (7.06x107%)— (4.53x107)

100 1.5931x107"  1.8073x107"  3.9300x107" 1.5070x107" 5.1256x10"" 1.0466x10"" 9.5506x107

(2.81x102%)—  (6.27x10%)— (5.53x10%)— (4.14x102)— (7.98x107H— (3.88x102)— (3.24x107?)

aMoPE 3 500 2.1668x1070  2.8376x107"  4.1724x107"  1.7821x107" 5.1457x10"" 1.3536x107" 1.8211x10"!

(2.56x10%)—  (5.17x10)—  (1.97x10 %)~ (2.55x10)= (471109~ (2.45x107%)+ (1.34x10?)

1000 2.4712x107"  3.8890x107" 4.2568x107" 2.0183x107" 5.1447x10""  1.6355x107" 2.3011x10"

(1.56x102)—  (3.18x107%)— (1.38x107%)— (1.49x102)+ (3.56x107%)— (1.74x107%)+ (2.05x1072)

+—/= 4/20/0 0/23/1 3/20/1 5/17/2 3/20/1 4/17/3 —/~1-
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Table 3 Experimental results of the running time of each algorithm on the SMOP test set

S

Wikt M D SparseEA  MOEAPSL SECSO PMMOEA TELSO DKCA HLsMOFA
100 9.5192x10" 1.6494  4.2623x10 3.6560 7.3064x10" 1.7346 1.4476
(3.91x107")+  (2.72x10H)—  (1.66x107")+ (5.52x107)— (1.43x107)+ (7.52x102)—  (1.08)
SMOP so0 137180 29.4270 4.6545 40.4480 10.1070 24.4870 48.4780
(2.26)+ (4.92+  (3.65x107)+  (4.26)+ (3.82x107)+ (2.25x107)+  (3.85)
oo 368010 112.4500 12.1470 105.3100 18.7780 51.9840 119.0600
(15.30)+ (27.00)=  (3.40x107H)+  (35.500+  (7.72x107)+  (9.57x107)+  (162.00)
9.7669x10"! 1.6386  3.6649x10" 3.3199 7.6344x10! 1.6436 1.3366
100
(4.96x107)+  (8.40x102)— (4.25x107%)+ (1.27x107)—  (5.40x107°)+ (5.45x1072)— (1.83x107")
SMOP2 so0 147400 24.7690 4.2932 38.4480 9.743 1 24.6460 47.8480
(3.54x10 "+ (1.87)+  (1.44x107)+ (5.67x107)+ (2.08x10)+ (5.66x10 ")+  (6.54)
Loop 317840 50.5430 7.7701 65.4400 17.7560 51.8520 101.8200
(4.23x10")+ 177+ (3.38x107)+  (2.03)+ (1.21)+ (7.73x10 "+ (11.50)
100 9.9482x10"! 2.0387  2.8618x10' 3.3739 7.4549x10"! 1.6268 1.4635
(5.13x102)+ (1.68)-  (5.05x107%)+ (9.80x1072%)— (5.90x102)+ (8.14x107%)— (7.72x107")
15.2230 27.0370 4.7080 40.6010 9.8891 246110 50.4830
SMOP3 500 (1.44x10"+ 44D+ (236x107)+  (1.18)+ (1.44x10 )+ (3.33x107)+  (6.52)
Loop 322450 52.5490 7.9000 63.8200 17.7020 51.2750 105.4600
(4.94x107+ (4.42)+  GBI2x10)+  (8.58)+ (1.04)+ (8.46x10™")+  (10.70)
100 9.5493x10! 1.8617 3.1764 5.8971 6.9965x107"! 1.6838 1.5315
(3.16x107%)+  (5.72x102)—  (3.68x107 )~ (1.25x107)— (1.00x107)+ (1.05x107")— (4.41x107")
SMOP4 sop 140500 61.8790 31.7770 59.1750 9.5896 24.6790 24.5600
(3.77x107+ (3.43)- (1.37)-  (828x107)+ (1.60x107H)+ (5.17x107)= (2.28x107")
Looo 297080 114.1700 51.9320 105.8900 17.4590 54.4560 98.7640
(5.49x10 ")+ (8.06)— (3.33)+ (1.20)— (1.05)+ (8.90x10 )+ (1.15)
100 1.0272 1.8853  3.2232x107" 4.0926 7.2638x10™ 1.6909 1.4361
(6.02x102)+  (1.25x107")—  (3.62x107%)+ (1.04x107)— (3.80x107)+ (1.05x107")— (5.81x107")
SMOPS sop 146630 66.8750 3.8220 50.1090 9.5446 24.7090 43.6150
(3.63x107)+ GI7-  (1.46x107)+  (1.94) (1.55x107)+  (2.68x107)+  (3.21)
Looop 324820 134.1100 6.7764 90.3540 18.5440 52.7070 102.1900
(6.06x107+  (20.70)—  (2.20x107)+  (2.81)+ (5.08x107)+  (7.05x107)+  (14.80)
100 1.1576 21607  4.5930x10" 42923 7.8780x10" 1.8212 1.3980
(4.98x1072+  (1.77x107)—  (3.32x107%)+  (1.66x107)— (3.68x107°)+ (7.68x1072)— (2.51x107")
SMOP6 so0 168570 65.1800 6.0582 51.2850 11.5650 26.8020 39.9320
(2.71x10 ")+ (.12~ (179x107)+  (5.65x107)—  (9.79x10D)+ (5.69x10)+  (1.31)
Loop 372210 135.1700 11.5650 93.3470 22.5660 57.0290 106.3300
(6.49x107")+ (9.52- 342107+ (L67)+ (6.78x10 )+  (5.03x107)+  (6.19)
100 9.2969x10"! 1.6131  3.0613x10" 2.9996 6.8904x10™! 1.5714 1.3727
(4.28x107%)+  (1.23x107)—  (4.65x107)+ (6.87x10)— (3.34x107)+  (6.64x102)— (5.75x107")
SMOPT so0 103560 16.4250 2.5806 27.1190 6.4844 17.5850 37.9240
(1.94x107")+ (9.44)y+  (9.69%x10)+ (7.92x107)+ (1.56x107)+ (6.55x10 )+  (7.11)
Looo 324940 55.0850 72177 65.1740 18.6060 51.5840 100.7500
(4.07x10"+ 6.55+  (3.61x107)+  (3.28)+ (9.94x10 )+ (7.55x107)+  (5.82)
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X% M D SparssEA  MOEAPSL SECSO PMMOEA TELSO DKCA HLsMOFA
100 9.9653x10"! 1.6664  2.8250x10" 3.1482 7.5336x10"! 1.7230 1.3062
(3.81x107)+  (1.10x10)—  (3.44x10)+ (1.42x107)—  (5.82x107)+ (5.73x102)— (2.15x107)
9.2692 14.9050 3.9360 34.9390 9.7101 24.4740 44.6850
SMOP8 2 500 ° ° o . o
(1.28x10")+ (2.14y+  (1.24x107)+  (5.81x107)+ (1.04x107)+ (3.29x10)+  (8.14)
Loop 3119350 443370 6.9351 58.9580 18.9780 52.0710 98.8330
(7.35x107 )+ (B324)+  (2.50x10H+  (1.70)+ (6.37x10 ")+ (1.43)+ (7.29)
+/—/= 24/0/0 9/14/1 22/2/0 13/11/0 24/0/0 15/8/1 —/—/-
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Fig. 8 Pareto front fitting plots of various algorithms on the SMOP test suite



e, S ) RS B AL AL 19 2 R 22 B R K U

- 473 -

34 EBRM ARG ERSH

HLSMOFA 5 6 Fix b 5k 7E SEBR I [A)# |
35 HV B8 5 Uo7 22 0 g SR n 3k 4 s o
2 4 AT, 7 SCHE Y A HLSMOFA 78 3 % %4
BRI 3 AR A R @RI T 5 Ik

it HV {8, 5P DKCA 348 | — K EfE HV . 7E
Wilcoxon &k FIAS 56 45 5 1, HLsMOFA 3715 T F#A41
5 AU A SCHR Y S A A R S B v
[in) 250 s}, i Joe R HH P 55 FR PR g, 2 — B T SE A
TR SEBR KSR 5 22 H AR P 1k IR R 38

& 4 HLsMOFA 5 6 ME ki HV EIL &
Table 4 Comparison of HV values between HLsMOFA and six algorithms

WilAE M D SparseEA  MOEAPSL SECSO PMMOEA TELSO DKCA HLsMOFA
1.0768x107"  1.0770x10""  1.0783x107" 1.0771x107" 1.0759x107" 1.0775x107" 1.0789x10™"'
(1.03x107%)—  (5.59x107%—  (3.29x10°%— (3.42x107%)— (5.33x10%)— (1.94x10°)— (1.21x107)
Sparse PO 2 500 1.2032x107"  1.0844x107"  1.1955x107"  1.1735x107" 1.1889x107" 1.1916x10"" 1.2088x10'
- (6.98x102)—  (3.67x10%)— (5.88x107%)— (4.76x107)— (7.42x10°)— (9.52x10%)— (4.21x107")
1000 12333107 1.1229x107"  1.2157x10"  1.2118x107" 1.2185x107" 1.2236x107" 1.2474x107"
(8.72x107%)—  (6.52x107H—  (7.54x107H— (2.36x107°)— (8.26x10%)— (5.93x10)—  (7.88x107°)
128 3.6322x107"  3.5972x107"  3.4344x107" 3.6173x107" 3.0211x107" 4.1854x107" 4.1134x10"!
(2.72x107%)—  (1.78x107%H—  (6.44x107)— (6.78x107%)— (8.32x107)— (6.59x107%+ (4.78x107)
Sparsc SR 2 520 3.6479x107" 3.0822x107"  2.3742x107"  3.2018x107" 1.9566x10" 3.5911x10"" 3.6833x10™"
- (7.52x10°%)—  (4.93x105)—  (7.79x10%)— (5.56x107%)— (7.21x10°)— (6.12x10)—  (3.89x1075)
o2 3.8718x107"  2.8944x107"  1.9742x107" 3.0852x107" 1.8582x107" 3.2438x10”"  4.0127x10™"
(8.43x107%)—  (5.22x107)— (4.74x107H— (7.32x107%)— (4.41x107%— (6.93x107°)— (4.72x107%)
+—/= 0/6/0 0/6/0 0/6/0 0/6/0 0/6/0 1/5/0 —/~/—
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