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Abstract

This paper focus on parallelization of Multi-objective
Evolutionary Algorithm Based on Decomposition
(MOEA/D), and addresses the decrease of precision and
the increase of execution time in Parallel MOEA/D. This
paper proposes several grouping methods aim to
parallelize MOEA/D while solve the problems such as
the sparse boundary and Pareto front dislocation in
Parallel MOEA/D, thereby improving the accuracy of
the Parallel MOEA/D. The proposed method is also
based on the idea of setting overlap zones, but using
grouping method that uses inter-individual distances,
etc., as grouping methods to reduce additional
calculations, instead of setting additional overlap zones.
We Implemented and evaluated the grouping methods
based on K-means, Mean Shift, Random and Improved
Random (Smoother-random). Based on the testing result,
the parallel MOEA/D achieved a  significant
acceleration when the individual size reached a certain
size. In addition, these clustering methods also obtain a
better accuracy performance in massively parallel
environments compared with the grouping method based
on neighbor weight vector.
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Algorithm1 Mean-shift Clustering

Require: h : Bandwidth ; S : Vector set from population
Ensure: modes : The modes of each cluster :

1: forx € S do
2: # Initialization for each vector
3: «—X
4: Create a window : Bandwidth : h , Center :
5: # Mean-shift iteration
6: while  not converge do
7: — ()
8: Update window to the new center
9: end while
10: modes append

11: end for
12: Prune modes
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Algorithm 2 Faster Mean-shift Clustering

Require: h: Bandwidth; S: Vector set;
Ensure: x — modes: A vector-modes list
1: # Seed Selection

2: Evenly random select seed vector set Sseed € S
3: # Parallelization with GPU

4: for S do

5: while not converge do

6: em(C )+ )

7: end while

8: modes append

9: end for

10: Prune modes
11: forx € Sdo
12:  Cluster x by the distance to modes

13: end for
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original 4.11 6.58 12.69 | 18.90 | 36.32
MP-basic 1266 | 1325 | 15.09 | 1645 | 2191

MP-kmeans 13.52 14.36 15.87 | 17.57 | 24.08

MP-meanshift | 11.95 12.58 13.53 | 16.16 | 23.12

MP-random 12.56 13.31 14.86 | 16.39 | 21.85

MP-Srandom 12.54 13.27 14.88 | 1638 | 21.31
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MP-meanshift | 12.77 13.23 14.57 | 1597 | 24.69

MP-random 12.77 13.57 15.66 | 17.69 | 24.30

MP-Srandom 12.73 13.49 15.56 | 17.54 | 23.49
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original 1.0917 | 1.0937 | 1.0938 | 1.0939 | 1.0991
MP-basic 1.0570 | 1.0802 | 1.0971 | 1.0962 | 1.0947
MP-kmeans 1.0918 | 1.0991 | 1.0997 | 1.1003 | 1.1015
MP-meanshift | 1.0948 | 1.0976 | 1.0991 | 1.1012 | 1.1019
MP-random 1.0974 | 1.0999 | 1.1003 | 1.1006 | 1.1013
MP-Srandom 1.1000 | 1.1009 | 1.1013 | 1.1015 | 1.1019
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30 50 100 150 300
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original 1.6027 | 1.6176 | 1.6202 | 1.6220 | 1.6189
MP-basic 1.4078 | 1.4176 | 1.4593 | 1.4608 | 1.5555
MP-kmeans 1.6139 | 1.6263 | 1.6269 | 1.6308 | 1.6315
MP-meanshift | 1.6108 | 1.6211 | 1.6289 | 1.6311 | 1.6336
MP-random 1.6262 | 1.6276 | 1.6271 | 1.6279 | 1.6290
MP-Srandom 1.6285 | 1.6313 | 1.6310 | 1.6315 | 1.6320
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