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Solving quadratic assignment problem based on actor-critic framework

LI Xueyuan, HAN Congying
(School of Mathematical Sciences, University of Chinese Academy of Sciences , Beijing 100049, China)

Abstract The quadratic assignment problem ( QAP ) is one of the NP-hard combinatorial
optimization problems and is known for its diverse applications in real life. The current relatively
mature heuristic algorithms are usually problem-oriented to design customized algorithms and lack
the ability to transfer and generalize. In order to provide a unified QAP solution strategy, this
paper abstracts the flow matrix and distance matrix of QAP problem into two undirected complete
graphs and constructs corresponding correlation graphs, thus transforming the assignment task of

facilities and locations into node selection task on the association graph. Based on actor-critic
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framework , this paper proposes a new algorithm ACQAP ( actor-critic for QAP ). Firstly, the
model uses a multi-headed attention mechanism to construct a policy network to process the node
representation vectors from the graph convolutional neural network; Then, the actor-critic
algorithm is used to predict the probability of each node being output as the optimal node. Finally,
the model outputs an action decision sequence that satisfies the objective reward function within a
feasible time. The algorithm is free from manual design and is more flexible and reliable as it is
applicable to different sizes of inputs. The experimental results show that on QAPLIB instances,
the algorithm has stronger transfer and generalization ability under the premise that the accuracy is
comparable to the traditional heuristic algorithm, while the assignment cost for solving is less

compared to the latest learning-based algorithms such as NGM, and the deviation is less than 20%

541 &

in most instances.
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Fig. 1 Transformation process of association map
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Table 2 Comparison of the deviation and execution time generated by different algorithms for solving QAP

S ILS SA GA PSO CSA ACQAP-100
D/% T/s D/% T/s D/% T/s D/% T/s D/% T/s D/% T/s
tai30a 4.87 0. 281 7.33 1.125 13.39  0.664 12.37  0.278 14.79 0.214 9. 80 0. 086
tai35a 5.78 0.332 7.14 1.232 15.49  0.729 12.30 0.364 16.73  0.257 10.39 0.128
T k25 taid0a  7.13  0.362 8.18 1.275 14.70 0.761 14.06 0.482 15.80 0.302 9.45 0.182
tai50a 8.04 0. 428 8.98 1.457 15.22  0.889 13.15  0.750 16.25 0.366 6. 25 0.313
fe tai60a 8.47 0.493 9.56 1. 656 14.72 1. 050 13. 15 1.093 15.49 0.453 9.00 0. 447
tai80a  8.43  0.641 9.30 2.175 12.80 1.296 12.54 1.959 13.19 0.601 9.57 0.815
tail00a 8.87 0.918 9.22  2.884 12.32 1.596 11.67 3.754 12.53 0.764 9.23 1. 846
tai6Ob  14. 55 0.461 14.06 1.575 45.18 1. 021 35.96 0.803 41.36 0.450 17.03 0.451
tai80b  17.29 0.614 18.33 2.054  38.61 1.274  35.59 1.410 41.00 0.643 17.54 0.783
I EES  1il00b 17.47  0.894 19.12  2.674 38.50 1.601 32.20 2.326 37.97 0.759 16.31 1. 825
SEAG) tail50b  17. 64 2.262  17.58 6.130 25.99 2.532 23.80 7.474  26.08 1.533 16.25 6. 542
taib4c 0 0. 496 0 1. 665 13.77 1. 120 8.63 0.876 14.08 0.471 3.21 0.493
tai256c  4.91 10.773 4.66 18.964 12.33  4.564 10.20 45.963 12.99  2.318 5.12  84.678
3T sko72 8.83 0.544 16.47 1.645 16.01 1.245 14.60 0.913 15.68 0.541 10.76  0.643
¥ 1 1 5 sko81 9.09 0.632 15.63 1.962 14.71 1.382 14. 46 1.325 16. 11 0.625 10.54 0. 804
sko90 9.03 0.756 15.06 2.280 15.29 1.426 14. 45 1. 730 15.16  0.745 11.23 1.231
HiFE skol00a  9.45 1.016  14.58 2.583 14. 14 1. 575 13.76  2.172 14.40 0.861 11.04 1. 852
els19 0.61 0.224 0 0.494 64.19 0.573 53.20 0.143 47.73 0.173 4.90  0.061
IV HS5  kra30a 9.20 0.275 33.41 1.113  31.70 0.662 29.38 0.262 33.95 0.224 17.69 0. 085
151 kra32 9.41 0.315 35.33 1.128  34.90 0.683 29.36 0.273 36.18 0.242 19.21 0. 089
ste36a 21.58  0.324 88.37 1.254  86.77 0.720 59.16 0.357 88.35 0.278 36.01 0.139
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Fig. 6 Comparison of bias produced by ACQAP-100 and meta-heuristic algorithms on solving QAPLIB instances
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Table 3 Comparison of the cost( 0, ) produced by ACQAP and NGM models in solving QAPLIB instances

S 451 By ACQAP-20  ACQAP-50  ACQAP-100 NGM NGM-G5  NGM-G50  NGM-G500 NGM-G5k
lipa20a 3638 3851 3836 3845 3929 3904 3891 3864 3853
lipa30a 13178 13 525 13 499 13 502 13 841 13756 13742 13 660 13631
lipad0a 31538 32301 32107 32114 32 666 32658 32521 32 504 32 454
lipa50a 62093 63107 62937 62950 64 100 63 886 63 816 63705 63671
roul2 235 528 257 769 257761 257 681 321082 301 728 275 876 252156 264 898
rouls 354210 410 076 410153 410203 469 592 453 260 430 000 413294 403872
rou20 725 522 817793 821 069 821077 897 348 876 282 867 682 845494 817776
taid0a 3139370 3447918 3436119 3436002 3610604 3755024 3672066 3660256 3610604
tai50a 4938796 5563996 5213447 5247496 5891066 5788660 5704692 5714682 5677282
nug27 5234 5828 5798 5812 6332 6 860 6 546 6276 6208
nug28 5166 6057 6003 6024 6128 6764 6332 6424 6128
nug30 6 124 7143 7221 7119 7608 7 666 7780 7530 7294
serl2 31410 35292 35312 35306 44 400 38228 42014 40908 36292
serl5 51140 64 407 64 597 64611 81344 77376 75 746 75224 68768
ser20 110 030 152 634 152 647 152 622 182 882 212432 175 534 171666 154 636
skod?2 15812 18617 18 233 18 242 20192 19274 19 340 19218 18716
skod9 23386 27 160 26 934 26922 28712 28 584 27718 27238 27 554
tho30 149 936 184 632 184 589 184 573 187 062 207 424 198 456 196072 185622
thod0 240 516 294 878 293 465 293 877 313 026 323 808 311780 318188 304 878
wil50 48 816 53418 53260 53167 55390 54962 54 552 54 086 53418
bur26a 5426670 5621443 5620996 5621332 5684628 5828287 5650343 5650343 5621774
chr25a 3796 5152 5246 5207 18 950 16704 13758 13162 11648
els19 17212548 18041490 18065473 18056732 34880280 53830864 31247564 28600336 27029 748
esc16a 68 78 76 78 88 84 86 82 78
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Table 4 Comparison of the deviation produced by ACQAP and NGM models in solving QAPLIB instances
SEAG) B ACQAP-20  ACQAP-50 ACQAP-100 NGM NGM-G5 NGM-G50 NGM-G500 NGM-G5k
lipa20a 3638 5.85 5.44 5.69 8.00 7.31 6.95 6.21 5.91
lipa30a 13178 2.63 2.44 2.46 5.03 4.39 4.28 3.66 3.44
lipa40a 31538 2.42 1. 80 1.83 3.58 3.55 3.12 3.06 2.90
lipa50a 62 093 1.63 1. 36 1.38 3.23 2.89 2.77 2. 60 2.54
roul2 235528 9.44 9.44 9.41 36.32 28. 11 17. 13 7.06 12. 47
roul5 354210 15.77 15.79 15. 81 32.57 27.96 21.40 16. 68 14. 02
rou20 725522 12.72 13.17 13.17 23. 68 20.78 19.59 16. 54 12.72
tai40a 3139370 9.83 9.45 9.45 15.01 19. 61 16.97 16. 59 15.01
tai50a 4938 796 12. 66 5.56 6.25 19.28 17.21 15.51 15.71 14.95
nug27 5234 11.35 10.78 11. 04 20.98 31.07 25.07 19.91 18. 61
nug28 5166 17.25 16. 20 16. 61 18. 62 30.93 22.57 24.35 18. 62
nug30 6124 16. 64 17.91 16. 25 24.23 25.18 27.04 22.96 19. 11
serl2 31410 12. 36 12.42 12. 40 41.36 21.71 33.76 30.24 15. 54
serlS 51 140 25.94 26.31 26. 34 59. 06 51.30 48.11 47.09 34.47
scr20 110030 38.72 38.73 38.71 66. 21 93.07 59.53 56. 02 40. 54
sko42 15812 17.74 15.31 15.37 27.70 21.89 22.31 21.54 18.37
sko49 23 386 16. 14 15.17 15.12 22.77 22.23 18.52 16. 47 17.82
tho30 149 936 23.14 23.11 23.10 24.76 38.34 32.36 30.77 23. 80
tho40 240516 22.60 22.01 22.19 30. 15 34.63 29. 63 32.29 26.76
wil50 48 816 9.43 9.10 8.91 13.47 12. 59 11.75 10. 80 9.43
bur26a 5426 670 3.59 3.58 3.59 4.75 7.40 4.12 4.12 3.60
chr25a 3796 35.72 38.20 37.17 399.21 340. 04 262.43 246.73 206. 85
els19 17 212 548 4.82 4.96 4.90 102. 64 212.74 81.54 66. 16 57. 04
esclba 68 14.71 11.76 14.71 29.41 23.53 26. 47 20. 59 14.71
failed -
—e ACQAP-20
—— ACQAP-50 /
ACQAP-100 7
—+— NMG /
40 + NGM-GS /’.
—=— NGM-G50 7
NGM-G500 I N, b
—*— NGM-G5K
30
&
3
20
10 -
1 1 1 1 1 1 1 1 1 1 1

1
& & & & & L LS A E RN E R Y Y LSS S I, T
S TTFTFFISFTEITEFFFIIISISFTyS S
e e ¥y e sy sy ¥y Sy S gy ¥4

7 ACQAP 5 NGM #E 7R % QAPLIB LB 7= 4 iR 2 Lh 5%
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Table 5 Comparison of the cost of models

5 4RI

ARSI — 3w B AL g~ ST B ACQAP

under different scale training
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