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Cooperative differential evolution in cloud computing for solving large-
scale optimization problems
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Abstract: Differential evolution is an efficient algorithm for solving continuous optimization problems. However, its
performance deteriorates quickly and the runtime grows exponentially when differential evolution is applied to solve
large-scale optimization problems. To overcome this problem, a novel cooperative coevolution differential evolution
based on Spark (called SparkDECC) was proposed. The strategy of separate processing is used in SparkDECC. Firstly,
the large-scale problem is decomposed into several low-dimensional sub-problems by using the random grouping
strategy; then each sub-problem can be tackled in a parallel way by taking advantage of the parallel computation capab-
ility of the resilient distributed datasets model in Spark; finally the optimal solution of the entire problem is obtained by
using cooperation mechanism. The experimental results on 13 high-dimensional functions show that the new algorithm
has good performances of speedup and scalability. The effectiveness and applicability of the proposed algorithm were
verified.
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Table 2 Experimental results of SparkDECC on three different cooperative modes
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5 1.00x10"+7.44x10"'+ 1.76x10™+1.28x10 = 1.10x10"+3.93x10""
fio 7.07x10 "£7.73x10 = 2.11x10™£1.43x107 - 4.55x10°+8.16x10"
i 1.72x10 +4.53x10°° - 2.78x10"£2.74x10" - 3.54x10 “£1.03x10 "
fis 6.22x10 *£2.78x10 = 3.55x10"*+7.77x10"" - 7.46x10 *£2.58x10"
fis 5.49x10 *£2.46x10 = 6.57x10""£1.20x10" - 8.79x10 *+3.04x10°°
e 3/4/6 9/0/4
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Table 3 Experimental results of SparkDECC in different number of sub-populations

FIM 1 (meantstd) 2 (meanzstd)

5 (meanzstd)

10 (meanstd) 20 (meanzstd)

£ 3.67x1074.80x107  2.34x107+8.35x10"

£ 3.18x107£2.05x10"  5.63x10"'+7.90x10™
£ 2.27x1072.28x10"°  3.05x10 +3.89x10"
£ 9.43x107£1.33x10"  9.66x10 '+4.75x10 "
£ 1.62x107£2.77x10°  6.65x107+2.33x10”
£ 418x107:4.83x107  6.08x107+1.34x10"
£ 5.24x107£3.18x107 22210 '+5.63x10™
fi —2.87x107£1.54x10°  —3.43x10"%1.17x10"
£ 3.83x107°+4.48x107  9.20x107+3.00x10"
fio 9.70x10:4.05%10  4.99x10+3.84x10""
fi, 3.34x107°4.28x10"  2.13x10"'+6.73x10"
fiy  212x10°7.51x107  1.11x107+5.63x10™

fiy  1.90x107+£526x10"°  8.57x10 "+4.55x10"

2.78x10 £1.94x10"
3.77x10 "£1.78%10
421x10"7+6.45x10"°
9.74x10"'+2.58x10 "
3.20x107+4.66x10"
8.12x10"'+8.13x10""
2.83x10"£1.70x10 '
—4.64x107£1.19x10"
1.10x10*+7.07x10™"
6.37x10 '+4.80x10 "
1.29x10 *+4.73x10
7.51x10"'+5.03x10""
2.73%10 2£1.06x10 "

5.69x10 "£1.36x10 0 1.21x10 +3.14x10 >

6.89x10 +8.90x10 " 5.79x10 ‘+8.83x10 "
5.30x10+1.05x107  5.03x10 +1.09x10"
9.75x10'£3.57x10"  9.77x10"'+2.94x10”"
1.64x10°£1.45x107  1.66x10 +1.28x10"
2.00x10'+4.08x10"  0.00x10"£0.00x10"
3.63x10"£1.35x10' 4.65%10 "£1.53x10-01
~6.15%10 "£1.12x107  -8.27x10"*£1.06x10"
1.10x10*£6.00x10"  1.04x10"*+5.14x10""
4.60x10 *£522x10°  1.98x10 "£9.93x10 "
3.95x10 *+1.97x10°  1.97x10 “+4.66x10"
4.98x10 *42.49x10°  5.50x10 +2.49x10

8.79x10 '£3.04x10°  9.77x10 "*+3.24x10

%< 4 SparkDECC ZEAREFHEHE T 115 1T B8]
Table 4 The average running time of SparkDECC

x5 #HLRET SparkDECC 4L i B B S50
Table 5 Optimization time of SparkDECC with

in different number of sub-populations ms generations ms
FIM 1 2 5 10 20 Fl/Gen 10 20 50 100 250
£ 170x10™ 1.75x10™ 2.14x10™ 2.67x10™ 3.81x10™ £ 3.69x10™ 3.50x10™ 2.85x10™ 2.72x10™ 2.65x10"
£ 170x10™ 1.88x10™ 2.46x10™ 3.33x10™ 5.16x10™ £ 434x10™ 4.07x10™ 3.48x10™ 3.34x10™ 3.25x10™
£ 206x107 3.94x10” 939x10” 1.86x10"° 3.76x10" £ 1.91x107 1.89x10"° 1.87x10™ 1.85x10" 1.86x10"
£ 1.64x10™ 1.76x10™ 2.09x10™ 2.52x10™ 3.45x10™ £ 3.44x10™ 2.99x10™ 2.70x10™ 2.56x10™ 2.45x10™
£ 166x10™ 1.79x10™ 2.23x10™ 2.87x10™ 4.22x10™ £ 3.89x10™ 337x10™ 3.03x10™ 2.89x10™ 2.79x10™
£ 191x10™ 2.28x10™ 2.71x10™ 3.37x10™ 4.98x10™ £ 5.79x10™ 4.89x10™ 3.72x10™ 3.28x10™ 3.25x10™
£ 1.68x10™ 1.78x10™ 2.20x10™ 2.84x10™ 4.17x10™ £ 3.91x10™ 3.41x10™ 3.01x10™ 2.86x10™ 2.75x10™
fi 405x10™ 6.51x10" 1.34x107 2.49x10" 4.81x10° fi 2.62x107 257x10" 2.52x10" 2.54x10” 2.48x10"
£ 355x10" 5.66x10" 1.13x10™ 2.08x10" 3.94x10" £ 222107 2.15x10" 2.08x10” 2.04x10” 2.02x10"
fio 3:60x10™ 5.58x10™ 1.02x10” 1.78x10" 3.36x10" fio 229x107 223x107 1.84x10” 1.76x10" 1.75x10"
£y 385x10™ 5.91x10™ 1.18x10” 220x10" 4.25x10° £y 242x107 235x107 2.19x10” 2.17x10" 2.16x10"
fiy 499x10™ 7.91x10™ 1.44x10" 2.37x10" 4.41x10" fin 492x107 4.76x10" 3.85x10" 2.34x10" 2.29x10"
fiy 6.12x10™ 9.91x10™ 1.63x10” 2.46x10" 4.41x10” fiy  5.42x107 527x107 4.06x10” 2.42x10" 2.34x107
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Table 6 Performance affection of SparkDECC with generations

F/Gen 10 (meandstd) 20 (meandstd) 50 (meanstd) 100 (meanzstd) 250 (meanzstd)

£ L51x107°£1.60x10™  1.14x107°£1.80x10™  7.21x10 "+2.67x10°  5.79x10 “£1.52x10° " 1.73x10 *+4.28x10 "

£ 315x107£1.99x107 2.68x10742.26x107  221x10 £3.11x10°  6.62x10 +8.59x10"°  4.63x10 +7.16x10 "
i 3.62x107£3.33x10°  4.15x107£7.19x10°  4.88x10"+7.61x10"°  5.06x10 £1.13x10"  5.60x10"+1.68x10"
£ 972x10742.55x10  9.72x107'£3.41x10 9.75x107'+3.13x107 9.75x10"'£3.14x10 9.77x10"'+3.44x10 "
£ 5.01x107£9.54x107  3.39x10749.52x107  1.08x10°+6.90x10"  1.70x107+2.96x10”  2.47x10"+2.15x10"
£ 151x10°:1.76x10™  1.13x107°42.24x10™  2.39x107'+3.29x10""  2.40x10 '+8.31x10"  1.52x10 +2.49x10"

£ 121x107:2.57x107  8.28x10742.78x107  8.79x10 '£3.26x10 ' 3.64x10:1.48x10"  1.67x10 +8.74x10

3 2 2

fi —464x107£1.28x107  —5.09x10749.98x10"  —5.68x10749.84x10"7 —6.08x10"£1.11x10"  —6.62x10 +6.21x10"
£ 138x107:7.15x107  1.32x10746.11x107 1.21x10 75443107 1.10x10£7.38x10"  9.94x107+6.59x10""
fo 201x107£1.92x10°  1.95x10"+4.83x10 7 5.70x10 £1.03x10 *  4.63x10 *£7.33x10°  2.10x10 +4.34x10
fiy o 1.36x1071.44x107  1.01x10™:1.88x107  4.83x10 “£1.55%10°  3.94x10 £1.97x10°  1.08x10 +3.11x10"
f, o 1.05x107%2.76x10°  6.77x1072.08x10°  1.35x102.77x107  9.57x10 '£7.66x10 " 1.24x10 +3.48x10"

fis 2.09x107%3.83x10°  1.37x107°+5.74x10"  7.38x10°£1.79x10°  8.79x10 £3.04x10°  2.08x10 '£7.75x10 "

3.7 SparkDECC EERIRIH BIED 5000 D, [A]fEALAE NP=100, k71247 10 K.
J T BAIE SparkDECC Bk Al Y @k, A3 OXDE. CoDE Al jDE 3 FHL7E 5 000 4 (152
SCHR[251HP Y 13 SRR B e 3 5 000 4E#4T5E BB 815 SparkDECC HISH—E, SLH 45 - an
. TR S=100, F=0.5, CR=0.9, FES= %7,
% 7 SparkDECC.OXDE.CoDE.jDE E£7E 5 000 4R FH1E  ARAEZF] Wilcoxon FEFIIRIE £ R
Table 7 Comparison of SparkDECC, OXDE, CoDE, jDE algorithms for solving the results in 5 000 dimension

F OXDE (mean+std) CoDE (mean+std) jDE (mean+std) SparkDECC (mean+std)
£ 5.69x10"4.69x10" - 4.34x107£1.04x10" - 4.49x10£1.77x10™ - 3.56x10*£3.90x10 "
5 Inf:NaN — InftNaN — InftNaN — 3.67x10 *+2.04x10
£ 1.05%10"7+1.33x10 "+ 6.88x10°+9.94x10 ™"+ 1.43x10 °+3.02x10"+ 2.51x1076.30x10™
fi 2.83x10"+1.82x10 "~ 3.25x107£1.99x10 ™% 5.98x10"+9.43x10""= 9.93x10"'+9.33x10
£ 5.80x10£9.98x10" - 1.86x107+6.81x10" - 2.52x10"£1.06x10™ - 9.87x10"+3.29x10”
£ 192x107£1.52x10" - 2.64x10*+2.86x10" - 4.67x10+1.40x10" - 1.00x10£6.67x10""
£ 7.10x107£1.76x107 - 7.11x107'£1.16x10"'= 2.65x10 "£1.12x10™ - 2.16x10"'+3.59x10 "
fi -2.03x107+4.91x10" - ~1.26x10°+8.25x10"™* - ~2.09x10*+4.17x10" - —2.73x10+1.48x10"
5 6.68%107+3.36x10 "+ 2.79x10°+1.97x10 "+ 3.34x10°£1.09x10 "+ 5.67x10™£1.31x10"
fio  913x1072.84x10 - 7.28x10""+2.39x10 ' - 1.29x10"+2.06x10 ' - 6.82x10 *+3.46x10
fi 462x107£7.75x10" - 3.78x10"'+6.80x10™ - 5.45%107£1.07x10" - 5.81x10 *£5.96x10 "
fin  4.55%10"£1.63x10" - 1.90x10"+3.67x10" - 1.16¥10+4.62x10 " - 6.22x10 °£1.97x10"*
fis  4.56x107+8.23x10" - 4.24x1077.11x10" - 2.72x1079.69x10™ - 4.40%10°£1.39x10

—/+/= 10/2/1 9/2/2 10/2/1
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