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Novel Multi-modal Multi-objective Algorithm Based on Growing Neural Gas Network
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Abstract Multi-modal multi-objective optimization is a complex multi-objective optimization problem with multiple Pareto solu-
tions on the same Pareto front. It has become an important research direction in the field of multi-objective optimization. Existing
algorithms can solve this problem well, but they have certain limitations in terms of solution diversity,convergence and handling
of target conflicts, such as difficulty in effectively covering all solution sets or premature convergence during the optimization
process. To solve these problems,a new multi-modal multi-objective optimization algorithm based on the environment selection
strategy of the growing neural gas(GNG) network is proposed. This method introduces an adaptive topological structure to dy-
namically adjust the population distribution,and uses weighted Euclidean distance to calculate the crowding degree for environ-
ment selection, thereby improving the diversity and uniformity of the population. In addition. the knowledge transfer mechanism is
introduced to enhance the algorithm’s search ability and further improve the diversity and convergence of solutions. To verify the
effectiveness of the algorithm, experiments are carried out on the HYL and MMF test function sets. The experimental results
show that the proposed algorithm performs better than the five comparison algorithms in terms of solution distribution uniformi-
ty,Pareto front convergence and target space coverage.
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Fig. 1 Multi-modal multi-objective optimization
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Fig. 3 Unidirectional and bi-directional knowledge transfer
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Table 1 Experimental statistical results of IGDX in HYL(mean) with different a
Problem a=0.1 a=0.3 a=0.5 a=0.7 a=0.9
HYL1 2.5142X10" 1= 2.5208X10" 1= 2.5243X107 1= 2.5181X10" 1= 2.5126X1071
HYL2 5.7744 X101 = 5.7490X 1071 = 5.7548X10" 1= 5.7594 X107 1= 5.7621x10~1!
HYL3 2.4637= 2.4363= 2.4306= 2.4915= 2.4254
HYL4 2.4979= 2.5631= 2.4948= 2.5590= 2.4936
HYL5 2.5211 X101 = 2.5190X10" 1= 2.5469X10" 1= 2.5134X10" 1= 2.5151x10~!
+/—=/= 0/0/5 0/0/5 0/0/5 0/0/5
F 2 IGDX 7 HYL W88 it 45 R G 1H)
Table 2 Experimental statistical results of IGDX in HYL(mean)

Problem DNNSGAII MORingPSOSCD MMEAWI MMEAPSL TriMOEATAR MMEAGNG
HYLI1 2.8344 X101 — 3.0548X10 1 — 2.7056X10" 1 — 2.5238X10 1= 1.4349— 2.5114x10"1
HYL2 7.0692X10"1— 1.0265— 6.4233X1071— 5.7592X10" 1= 7.1406X1071— 5.7405X 101
HYL3 9.4759X 101+ 1.1793+ 8.7947X10~ 1+ 8.3753 X101+ 7.7168 X101+ 2.4787
HYL4 1.3352+ 2.6045= 1.2743+ 1.2263+ 9.0296X10" 1+ 2.5241
HYLS 3.0068 X101 — 4,3553X10"1— 2.8079X10"1— 2.5491X10" 1 — 4.0789— 2.5260X101

+/—/= 2/3/0 1/3/1 2/3/0 2/1/2 2/3/0

# 3 PSP HYL B398 g0t 45 51 (D)
Table 3 Experimental statistical results of PSP in HYL (mean)

Problem DNNSGAIIL MORingPSOSCD MMEAWI MMEAPSL TriMOEATAR MMEAGNG
HYL1 3.7281— 2.6642— 4.1360— 4.4922— 5.0024 X101 — 5.0574
HYL2 1.0761— 6.2816X10"1— 1.4600— 1.6069— 1.3395— 1.9736
HYL3 NaN(NaN) NaN(NaN) NaN(NaN) NaN(NaN) NaN(NaN) NaN(NaN)
HYL4 NaN(NaN) NaN(NaN) NaN(NaN) NaN(NaN) NaN(NaN) NaN(NaN)
HYLS5 3.3505— 2.2113— 3.5498— 3.9354— 1.6894— 4,.2122

+/—/= 0/3/0 0/3/0 0/3/0 0/3/0 0/3/0

F 4 IGDX #£ MMF 55 56 58 1145 5 (91D
Table 4 Experimental statistical results of IGDX in MMF (mean)

Problem DNNSGAIIL MORingPSOSCD MMEAWI MMEAPSL TriMOEATAR MMEAGNG
MMF1 7.2338X10 2 — 1.0159X 1071 — 6.6350X10 2 — 5.4787X10 2 — 8.9871X10 2 — 5.2827 X102
MMF2 1.2408 X101 — 1.3469X10" 1 — 7.4851X10 %2 — 8.4015X10 3+ 1.1114X10 1 — 1.5827x10 2
MMF3 8.7947X1072— 8.8235X10 2 — 4,3312X107 % — 8.6246X10 3= 8.7091 X102 — 1.1131X10°2
MMF4 5.1997X10 2 — 7.4188X10 2 — 4.2951X10 2 — 3.1324X10 2 — 1.2783X 1071 — 2.8721X10 2
MMEF5 1.3602X10—1 — 1.5671X10— 1 — 1.0803 X101 — 9.5961X10 2— 1.9279X10~1 — 9.0791X10 2
MMF6 1.1182x 1071 — 1.3989X101 — 9.2640X10"2— 8.5204X10 2 — 1.5393x1071— 8.0280x 102
MMF7 4.0752X10 2 — 6.4343X10 2 — 4.2166X10 2 — 3.2850X10 2 — 6.9820X107 2 — 2.8641x10 2
MMF8 1.8028 X101 — 2.2394X10" 1 — 1.0280X10" 1 — 6.0895X10 2— 6.8798ex10 "1 — 5.8083X10 2

+/—=/= 0/8/0 0/8/0 0/8/0 1/6/1 0/8/0
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5 PSP 7E MMF [ 55 G0 it 45 5 (D
Table 5 Experimental statistical results of PSP in MMF (mean)

Problem DNNSGAII MORingPSOSCD MMEAWI MMEAPSL TriMOEATAR MMEAGNG
MMF1 1.376 6 X10— 9.7690— 1.506 1 X10— 1.8245X10— 1.1144X10— 1.8893X10
MMF2 9.3827— 8.1689— 1.9030X10— 1.1976 X102+ 9.1058— 8.7979X10
MMF3 1.1905X 10— 1.1543X10— 2.4624X10— 1.2078X10% = 1.1112X10— 1.1220X 102
MMF4 1.9525X10— 1.3836 X10— 2.3286X10— 3.1971X10— 1.1194X10 3.4819X10
MMF5 7.3563— 6.2404— 9.2245— 1.0422X10— 5.1953— 1.0998X10
MMF6 8.9347— 7.0450— 1.0757X10— 1.1729X10— 6.5311— 1.2434X10
MMEF7 2.4385X10— 1.5373X10— 2.3487X10— 3.0444X10— 1.2011X10— 3.4806 X 10
MMF8 5.9096— 4.8045— 9.8790— 1.6342X10— 1.3350— 1.7094X10
+/=/= 0/8/0 0/8/0 0/8/0 1/6/1 0/8/0

F 2 Ol LIF 1, MMEAGNG 5 5 A%} [ ok B0 L 5
i i £, 8 HYL3 #l HYL4 ' R il TriMOEATAR; 1
HYL1,HYL2 1 HYL5 w1, IGDX G5 -, B R 7 T3 86 i
B Pareto B W H A #5085 0 90 000 M 0 7 52 1 i RE 45 5 38 5
43 A 7 3 46 B ) A IX 38k e, {45 IGDX fE % 45 &0 b 4 & A7 1
Fitd. 76 HYL3 fl HYL4 1, IGDX P2, T EEW X
B [a] ) Pareto F V22 B 00 42 2% L TR RO B4 &5 6 (Cln &2
A A EAE I XD . 5 30 IGDX I 12 1 i 4 48 A 1) BT &
JeILRAE Z RS VB AR R S0 1 BT L B B % 16 46 T g
Toik 51 % A X

MF 3 4 EE AT LR 1 MMEAGNG 5 5 /4~ %F L e
HOHT H B 0 1 B 22 S DR O o o R 140 50 78 00 U sk 45 g £ 1
Pareto Fi i » I 76 422 3 M A 35 % 22 o) R 45 R 4P T 5. 76
HYL3 F1 HYL4 3K e B0 o B A7 75 G 35 38 81 ) 17 ff 79 17
i, Btk PSP 48 F5 19 TF 5 80 0] 8, BRI &, PSP 8 AR 19 1
I T W AT RN A BE 2 o B R TR A R AR AR T

MF 4 T LLEH  MMEAGNG 5 5 4% H & £k e i
W& %, MMF2 fl MMF3 [ IGDX I A ] fig 2 th T 40 B
PEFI Z B R R3S N TR s M &2 22t . eolE BRI 4 )R
TERGE 1 FhBE 22 B M i 4 WL DL R 4 BEAG T 68 7, 2 4R Tt
IGDX FRIAY SCHE, 38 o &1 ) M 4 p £ 3k 28 [) L, 7T LA fg 3
2 9 SR 7R 5 2 0 3 oA AR b R

#5484 T MMEAGNG #1 5 4~ %} e 56 80 MMF 3%
£ Ly PSP 455, MMEAGNG 5 5 A% [ 56 R L 5 4 1
et % . 16 MMF2 il MMF3 L, PSP P:&E A4z, al B8 2 (K R
B ME DL ) BT A6 5T 2% 1Y e SR S TR AR R CAn 3 B R R A0
). AR 4 R 1 R EE ST o BEIR B AL R B 2 R v 4
UL E AR S U5 s E B BRSO 4G, W] LA R PSPk
Al o X B AR IA] R o3 B Pk s TP | 3T 3 e PE A O Ak 5K

WL N EE
BERIE AR T MR T A K2 AR K

LM L BAR S . TR R B — i 0 4 B AN
2 IR AR AR B v 45 A GNG 25 AN RGE Ry X iR
R I AT IR e R . 7 HYL #1 MMF 3 p6 34 T 47
B S50 R MMEAGNG 76 £ B AR 040 b 19 R 80 8 F L T
A 7k 38 B R 4 e AR TR R B LA 2 S R ik
SR AR bR R, RITIEARIGHE T 2 B AR5 /9 1
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