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Abstract

Abstract: As it is difficult to realize local optimization of the Multidimensional Multiple-choice Knapsack
Problem (MMKP), the Estimation of Distribution Algorithms (EDA) is applied to optimize the MMKP. In
order to improve the local optimization ability of EDA, value weight factors of items for selection are built
to improve the EDA initial model and probabilistic model updating methods. The impact of the extreme
effects on the algorithm optimization process is balanced to overcome the defect that the local
optimization ability of the traditional EDA is weak. A new non-feasible solution repair mechanism is
adopted to maintain the facilitation of machine learning methods for the probabilistic model and improve
the global optimization ability of the improved algorithm. Experimental results show that this algorithm
can effectively optimize the MMKP and its performance is much better than traditional optimization
algorithms.
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Abstract: As it is difficult to realize local optimization of the Multidimensional Multiple-choice Knapsack
Problem (MMKP), the Estimation of Distribution Algorithms (EDA) is applied to optimize the MMKP. In
order to improve the local optimization ability of EDA, value weight factors of items for selection are built to
improve the EDA initial model and probabilistic model updating methods. The impact of the extreme effects
on the algorithm optimization process is balanced to overcome the defect that the local optimization ability
of the traditional EDA is weak. A new non-feasible solution repair mechanism is adopted to maintain the
facilitation of machine learning methods for the probabilistic model and improve the global optimization
ability of the improved algorithm. Experimental results show that this algorithm can effectively optimize the
MMKUP and its performance is much better than traditional optimization algorithms.
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Tab. 3 101~113 optimization expense for Compare algorithm

9 X b
MOSER KLMA MRLS ACO&PR CH LNS CHMW FABC MACH CPH EDA/w
101 151 167 173 173 173 - - 173
102 291 354 364 364 364 - - 364
103 1464 1533 1602 1556 1602 1602
104 3375 3437 3597 3452 3597 3597
105 3905.7 3899.1 3905.7 3905.7 3905.7 3905.7
106 4115.2 4799.3 4799.3 4799.3 - - 4799.3 - - 4799.3
107 23 556 23912 24587 23938 24587 24592 24585 23980.14 24586 24592 24 595*
108 35373 35979 36877 35997 36894 36886 36885 3600556 36888 36885 36873
109 47 205 47901 49167 47 928 49179 49180 49172 47 968 49180 49179 49179
110 58 648 59 811 61 437 59 846 61464 61469 61 460 59879.34 61480 61464 61480
111 70532 71760 73773 73780 73783 73778 73783 72780 73789*
112 82 377 84141 86 069 86081 86097 86077 86094 86081 86091
113 94 166 96 003 98 429 98433 98436 98429 98438 98433 98 440*
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Tab. 4 InstO1~Inst20 ptimization expense for Compare algorithm

e fol X LA

MRLS CH LNS CHMW MACH CPH EDA/w
Inst01 10714 10738 10738 10 732 10 724 10 727 10738
Inst02 13598 13598 13598 13598 13 598 13 598 13598
Inst03 10 943 10 944 10 955 10 943 10 938 10 955 10 944
Inst04 14 429 14 442 14 445 14 445 14 456 14 452 14 447
Inst05 17 053 17 053 17 055 17 055 17 053 17 055 17 059*
Inst06 16 823 16 827 16 835 16 823 16 832 16 823 16 840*
Inst07 16 423 16 440 16 440 16 440 16 442 16 440 16 440
Inst08 17 506 17510 17514 17 505 17 508 17 510 17 507
Inst09 17 754 17 761 17 757 17 753 17 760 17 761 17 753
Inst10 19 314 19 316 19 305 19 306 19311 19 316 19 316
Inst1l 19431 19 441 19 441 19434 19 437 19 441 19 437
Inst12 21730 21732 21739 21738 21738 21732 21738
Inst13 21569 21577 21577 21574 21577 21577 21 577
Inst14 32869 32874 32873 32869 32872 32872 32872
Inst15 39148 39 160 39159 39160 39161 39 160 39 162*
Inst16 43 354 43 362 43 364 43 363 43 366 43 362 43 362
Inst17 54 349 54 360 54 360 54 352 54 363 54 360 54 360
Inst18 60 456 60 464 60 463 60 463 60 467 60 460 60 467
Inst19 64 921 64 925 64 928 64 924 64 931 64 925 64 932*
Inst20 75 603 75 612 75 615 75 609 75614 75612 75614
Bests 1 7 8 1 7 6 9
Sum. 587 987 588 136 588 161 588 086 588 148 588 138 588 163
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