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A Constructive Learning Differential Evolution Algorithm for
Partially Separable Function Optimization Problems
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Abstract The dependence among decision variables in complex optimization problems leads to the
appearance of a large number of local optimal solutions in the fitness landscape of functions, which are difficult to
be solved by classical evolutionary algorithms. In this paper, a constructive learning success-history based adaptive
differential evolution (CLSHADE) algorithm is proposed to solve partially separable function optimization
problems. Firstly, CLSHADE uses the differential grouping technology (DG) to reduce the complexity of a
complex problem by dividing it into multiple sub-problems. Then, a constructive learning strategy, based on the
grouping structure, is designed. It learns from the constructed optimal solution in a certain probability to guide the
search direction and improve the search performance of the CLSHADE. The experimental results on the partially
separable function of CEC 2017 demonstrate the effectiveness of the CLSHADE.
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¢ 0.35 0.45 0.55 0.65
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Sum of  Degrees of  Mean .
Source F-ratio p-value
squares freedom Square
Mp 0.410 3 0.137 0.43 0.730 3
Mcy 0.591 3 0.197 0.63 0.604 5
1 1.549 3 0.516 1.64 0.203 3
Mp = Mc, 2.780 9 0.309 0.98 0.477 1
Mg *¢ 2.259 9 0.251 0.8 0.621 6
M+ ¢ 0.782 9 0.868 0.28 0.976 0
Error 8.498 27 0.315
Total 16.869 63
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Xpbest X X2 X3 X4 X5 X6 F(x)
1 —43.67 2611 —2875 -79.55 -3851 7129 53573
2 —22.06 —4.18 49.64 -1393 19.72 0.24  538.07
3 —32.94 1891 —28.04 -1442 22.07 8343 540.03
4 37.80  70.86 —60.65 -26.23 49.67 1295 541.39
5 -68.07 —39.78 -27.09 -42.74 2582 7439 541.48
6 2336 8311 896 -97.31 17.70 31.17 541.90
7 1048 16.73  38.69 3844  13.00 —37.07 542.02
8 —21.81 18.78 2774 -4274 -3.60 28.81 545.09
9 —87.73  60.57 16.15 4129 3596 —8.70 54545
10 —40.63 98.65 72.85 3197 34.68 -24.68 546.14

—

—15.94 -33.65 2452 —-62.09 —24.69 -22.56 547.46
12 24.66 —46.47 20.06 -64.49 4471 14.16 547.82
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0.09 0.61 0.00 0.00 0.00 0.00
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0.00 0.00 048 0.00 0.00 0.11
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Func SHADEMeangy AMECoDEsMeangy HS-ESMeangy EBLSHADEMeangy CLSHADEMeangy

1 0.00E+00, 005100 0.00E+00, 005100 0.00E+00, 00100 0.00E+00, 0p.r00 0.00E+00, 005100
2 0.00E+00, 005:00 0.00E-+00, 005100 0.00E-+00, 005100 0.00E+00, 00500 0.00E-+00, 05100
3 0.00E+00, 005:00 0.00E-+00, 005100 0.00E-+00, 005100 0.00E+00, 00500 0.00E-+00, 05100
4 0.00E+00, 005:00 0.00E-+00, 005100 0.00E-+00, 005100 0.00E+00, 00500 0.00E-+00, 05100
5 2.05E+00g 06101 7.14E+005 g5500 5.66E—01, 5450, 1.97E+007 4301 7.70E-01; 70501
6 0.00E+00¢ g9E+0 4.60E—063 45506 0.00E+00, 9500 0.00E+00, o5-+00 0.00E+00¢ g9E+0
7 1.20E+01 5 gops_o; 1.65E+01 5 775100 113E+01 1 g5 01 119E+014 geso; LO6E+01, og01
8 2.19E+00g 45101 6.52E+00, 74400 6.83E-01, 5501 2.24E+00; 051 o1 1.68E—01, 501
9 0.00E+00, 005:00 0.00E-+00, 005100 0.00E-+00, 005100 0.00E+00, 00500 0.00E-+00, 05100
10 1.26E+015 35101 1.58E+02, 54500 113E+02, 40100 8 4TE+007 04500 4.67E-01, g5,
1 0.00E+000 60500 1.03E+000 5501 1.81E+00 555400 1.20E—03 5503 0.00E+000 60500
12 14SE+015 955401 1.25E+015 675401 2.88E+015 o401 2.45E-01, g0z, 9.52E+009 55k+00
13 3.08E+00, 3,500 4.31E+00, 55100 3326400, 46400 3.26E+005 201100 3.13E+005 13500
14 1.93E=02, 50501 1.75E+00, 355100 5.11E+00; gapeor 3.08E-03, o400 9.35E-04 55504
15 5.52E-03, o150 1.20E-015 o051 6.13E-01 sepo1 6.67E-02, gor_o1 2.53E-02, 53502
16 1.25E-01, 65501 6.04E=01, 535400 5.10E+005 g4£: 101 1.66E—015 11501 7.51E—027 51502
17 8.89E-03 4350 1.27E+005 30501 1.39E+01, 1s5-01 1.63E-024 0602 3.20E—03; 50503
18 7.61E-02, eqr01 6.05E-025 56501 4.48E-01, gspo1 7.53E-02, 47501 5.40E—025 40 0
19 6.03E-053 30504 3.59E-024 41502 8.79E-014 49100 1.02E-08; 3/50s 4.85E-08, 55505
20 0.00E+004 605+ 00 8.68E-02, 45 o1 131E+01 0 605100 0.00E+004 00500 0.00E+004 605+ 00

R 5 N30HEN B SLIR R, A BIETE R
B~ folBUSHIFERENM, 7Ef - CLSHADE
F1 HS-ES. EBLSHADE #{ 3k B & UfE, EFIR K
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Func SHADEMeangy AMECoDEsMeangy HS-ESMeang EBLSHADEMeangy CLSHADEMeangy
1 0.00E+00, 900 0.00E+00¢ g9£+0 0.00E+00¢ g9£+00 0.00E+00, g£-+00 0.00E+00¢ g9£+00
2 0.00E+00, 005100 0.00E+00, 005100 0.00E+00, 001100 0.00E+00, 05100 0.00E+00, 005100
3 0.00E+004 605::00 0.00E+000 60::00 0.00E+000 00::00 0.00E+004 6000 0.00E+000 60::00
4 5.87TE+017 75501 5.89E+01; 30k+00 5.29E+00; 20501 5.86E+01 90400 5.86E+01¢ oo+00
5 5.81E+00; 165200 2.80E+01, grp101 8.29E+005 155+00 5.48E+00; 23400 2.84E-+00, 011 o,
6 6.71E-104 79509 1.07E~08; 72508 0.00E+00, 900 0.00E+00, g9£-+00 0.00E~+00¢ g9E+00
7 3. 71E+019 51501 5.63E+019 29g+00 4.07E+016 578400 3.63E+019 6101 3A4TE+01¢ 1501
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