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Abstract: Aming at the problem of the computational complexity caused by the exponential increase in
the number of partitioning schemes with the number of vertices in large-scale graph partitioning
problems, and the inefficiency and imprecision of traditional genetic algorithms when dealing with
large-scale problems, we proposed a hybrid genetic algorithm. Firstly, the algorithm performed
optimal matching on individuals encoded in binary, identified and screened out good genes, effectively
narrowing down the search range and focusing on more promising search areas. Secondly, in order to
avoid the illegal solutions that might arise from traditional crossover operations, the algorithm
abandoned the random crossover strategy and only generated one potential solution. Finally, by
introducing a tabu search operator in the mutation operation to generate complete individuals, thereby
enhancing local search capability of the algorithm and achieving a dynamic balance between global and
local searches. Experimental results of applying this hybrid genetic algorithm to the partitioning
problem of ultra large-scale integrated circuits show that the algorithm can effectively improve the
quality of solutions for large-scale graph partitioning problems.
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Table 1 Experimental results under the first set of data based on framework of reference [11]

(i) 5 53 s by sy iREg s At AT ok it
i 51 g54 2 R 3 ik VETE J5 i P i ¥ gl [ERg 94
ibm01 212 192 213 192 189 189 3 1.56
ibm02 438 461 347 347 347 320 27 7.78
ibm03 1091 1130 1099 1091 995 1 009 82 7.52
ibm04 618 634 680 618 618 588 30 4.85
ibm05 1915 1 896 1903 1 896 1877 1 858 38 2.00
ibm06 1021 1 006 1117 1 006 935 928 78 7.75
ibm07 906 905 1 081 905 905 896 9 0.99
ibm08 1328 1405 1645 1328 1 264 1233 95 7.15
ibm09 709 700 694 694 671 660 34 4. 90
ibm10 1513 1558 1551 1513 1512 1513 0 0
ibm11 1166 1150 1173 1150 1142 1126 24 2.09
ibm12 2524 2108 2 315 2108 2 080 2 033 75 3.56
ibm13 976 961 1010 961 918 926 35 3. 64
ibm14 2 419 2553 3194 2 419 2 418 2 334 85 3.51
ibm15 3135 3134 3133 3133 3 046 3 050 83 2.65
ibm16 2078 2 291 2 115 2078 2 006 2 009 69 3.32
ibm17 2 819 2 968 2 888 2 819 2770 2775 44 1.56
ibm18 2 168 2162 2 187 2162 2 086 2 096 66 3.05
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Table 2 Experimental results under the second set of data based on framework of reference [11]

I7] il a5y a5y iR g At g et &3
%i 5 ikl 42 43 Lkl 73 VC L7 ¥ W 77 3% HiE H R %
ibmo1 191 191 246 191 191 188 3 1.57
ibm02 413 408 447 408 405 405 3 0.74
ibm03 1087 1063 1081 1063 1020 995 68 6. 40
ibm04 673 673 687 673 672 668 5 0.74
ibm05 1897 1915 1913 1 897 1 880 1882 15 0.79
ibm06 1143 1 090 1161 1 090 1 059 1039 51 4.68
ibm07 1073 1065 1089 1065 1038 1013 52 4.88
ibm08 1 360 1329 1740 1329 1305 1299 30 2.26
ibm09 722 708 672 672 658 653 19 2.83
ibm10 1 906 1 665 1709 1 665 1 665 1662 3 0.18
ibm11 1364 1224 1 289 1224 1224 1202 22 1. 80
ibm12 2 628 2 567 2 448 2 448 2 448 2 368 80 3.27
ibm13 981 946 1073 946 912 911 35 3.70
ibm14 3174 3144 3 256 3144 3141 2 995 149 4.74
ibm15 3145 3384 3229 3145 3086 3013 132 4.20
ibm16 2 920 2 563 2717 2 563 2 562 2 560 3 0.12
ibm17 3010 2 992 3387 2 992 2 825 2 801 191 6. 38
ibm18 2214 2 246 2 157 2 157 2136 2079 78 3.62
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