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Large-scale Multi-objective Natural Computation Based on Dimensionality
Reduction and Clustering

Abstract

Abstract: In multi-objective optimization problems, as the number of decision variables increases, the
optimization ability decreases significantly. To solve "dimension disaster’, a large-scale multi-objective
natural computation method based on dimensionality reduction and clustering is proposed. The decision
variables are optimized by locally linear embedding(LLE) to obtain the representation of high-dimensional
variables in the low-dimensional space, then the individuals are grouped through K-means to select the
appropriate guide individuals for the population to strengthen the convergence and diversity. To verify the
effectiveness, the method is applied to the multi-objective particle swarm optimization algorithm and the
non-dominated sorting genetic algorithm. The convergence is analyzed to prove that the algorithm
converges with probability 1. Experiments is carried out through 8 functions of ZDT and DTLZ series,
compared with 6 representative algorithms, and its comprehensive performance is verified through the
evaluation results of PF, IGD and HV, and applied to the water pump scheduling problem. Comprehensive
experimental results show that the proposed method has better performance.
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Algorithm 1: DRC-MOPSO
pop=initialize(LLE h, D, sizepop, x_long)
npop=LLE(pop, x_long)
[F1, npop_non]=non_domination_sort(npop)
npop=crowding_distance_sort(F1, npop_non)
For i in maxgen:
[npop_k]=k_means(npop, k)
leader=npop_first(npop_first_index)
npop=MOPSO(npop)
sort(Fi, < n)
Pt+1=Pt+1UFi[1: (N-|Pt+1|)]
End for
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Algorithm 2: DRC-NSGA
pop=initialize(LLE h, D, sizepop, x_long)
npop=LLE(pop, x_long)
[F1, npop_non]=non_domination_sort(npop)
npop=crowding_distance_sort(F1, npop_non)
For i in maxgen:
[npop_k]=k_means(npop, k)
leader=npop_ first(npop_ first_index)
Rt=PtU Ot

RGN
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npop=NSGA-Il(npop)

Sort(Fi, < n)

Pt+1=Pt+1 UFif1: (N-|Pt+1])]

Ot+t1=make _new_pop(Pt+1)
End for
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#2 DRC-NSGA 5y FI DRC-MOPSO 5 5 H B 575 1GD FR AR LL
Table 2 IGD indicators of DRC-NSGA and DRC-MOPSO compare with other algorithms
IIREVESE IGDfgt#  DRC-NSGA  NSGA-II DRC-MOPSO MOPSO  MOEA/D SPEA2

Best 4.20x107 1.53x10° 7.55%107 2.67%10° 2.02x10° 2.21x10°
ZDTI Mean 5.33x107 1.70x10° 9.74x107 2.97x10° 2.43x10° 2.70x10°
std 2.78x107 1.13x10? 1.77%107 1.43x10 9.98x10 1.18x10°
Best 1.41x107 1.57x10° 7.80x107* 1.66x10 1.30x10° 1.75x10°
ZDT2 Mean 2.73x107 1.76x10° 1.12x107" 1.95x10° 2.38x10° 2.67x10°
std 2.39x107 1.12x10? 2.46x107 4.55x10 9.68x10 1.21x10°
Best 2.78x107 1.53x10° 7.93%107 1.67x10° 2.14x10° 1.14x10°
ZDT3 Mean 3.79x107 1.71x10° 8.91x107 2.96x10° 2.45x10° 1.98x10°
std 3.16x107 9.14x10" 9.84x107 2.95x10 8.40x10 8.65x10
Best 3.90x107" 5.05x10° 4.12x10™ 3.80x10° 5.41x10° 4.05%x10°
ZDT4 Mean 6.03 5.53x10° 6.57x107" 4.91x10° 6.49x10° 4.93x10°
std 1.34 1.95%10 1.17 2.79x10° 1.99x10 1.75%10
Best 1.09x107 3.03x10 3.70x107 2.19x10 3.09x10 3.89x10
ZDT6 Mean 2.32x107 3.49x10 5.87x107 2.40x10 3.68x10 4.29x10
std 1.83x107 5.13x10" 1.68x107 1.09 6.10x107" 4.13x10™
Best 4.91x107 3.45x10° 4.85%107 2.93x10° 2.85x10° 421x10°
DTLZ2 Mean 5.83x107 4.76x10° 5.27x107° 3.46x10° 3.96x10° 5.02x10°
std 1.88x107° 2.49x10° 2.03x107 2.03x10 8.74x10 9.83x10?
Best 3.97x107 2.67x10° 3.75%107 1.93x10° 4.86x10° 3.74x10°
DTLZA4 Mean 4.70x107 3.01x10° 4.68%107 2.94x10° 6.83x10° 4.19x10°
std 2.89x107 2.07%10? 3.93x107 4.53x10 9.93x10 2.98x10
Best 4.67x107 2.45%10° 4.78%107 1.96x10° 3.85x10° 2.47x10°
DTLZ7 Mean 5.86x107 4.18%10° 5.98x107" 2.27%10° 4.73x10° 4.03x10°
std 7.98x107° 8.02x10 7.53x107° 2.86x10 8.37x10 8.92x10
%3 DRC-NSGA 751 DRC-MOPSO i 5 H A 5% HV #ebrxt L
Table 3 HV indicators of DRC-NSGA and DRC-MOPSO compare with other algorithms
i o 2 HV#E#5 DRC-NSGA  NSGA-II  DRC-MOPSO MOPSO CCMOPSO GDE3
ZDT1 Mean 0.858 0.309 0.762 0.407 0.850 0.407
ZDT2 Mean 0.780 0.310 0.650 0.603 0.850 0.603
ZDT3 Mean 0.957 0.305 0.925 0.437 0.864 0.437
DTLZ2 Mean 0.991 0.567 0.974 0.853 0.587 0.759
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Table 4 Coding implementation of pump scheduling problem
I 1] 171 o

(5 min) 288

KES 1 2 300 1 2 3
oz H 0 1 0 1 0 1
I S Y = A N JFE ok JFA

AR e an B 7 B, KRR B T R R
AU S5 s

K E AL
170 a,
160 Al %e
150} o TR
% 140}
= 130} ° o DRC-MOPSO
=
2 120 — DRC-NSGA
110} . ~=- MOPSO
100} X\ —a- NSGA-II
) N S -~ SPEA2
80720 140 160 180 200 220 240

LR
7 KL
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