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Abstract: Although complete algorithms can be used in finding the optimal solution of a
distributed constraint optimization problem, the resource and time consumptions are heavy. On the
contrary, the shortcoming can be avoided in incomplete algorithms by obtaining suboptimal
solutions. As an effective incomplete algorithm, MULBS can improve the quality of solution and
reduce the runtime of solving process. However, there are shortcomings in parallel search and
backtracking processes in dealing with conflict assignments. Based on thorough analysis of
MULBS, an improved algorithm MULBS " is proposed, which overcomes the disadvantages of
backtrack strategy caused by conflict and parallel search strategy in the original algorithm. In
MULBS *, a minimal conflict selection mechanism is introduced in backtracking. On the other
hand, MULBS " adopts global parallel search strategy based on dynamic graph partitioning which
can quickly find a better solution in a constraint graph with large density. Experiments show that
the proposed algorithm is better than the original one in both execution time and solution quality,
except a certain increase of communication information.
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Table 1 Experimental analysis under different domain sizes
Bt ] ifk 1) S8 BE L TEPR AL AT /s HEAE THE

- MU/MU * AD/DP/MU/MU"  AD/DP/MU/MU* AD/DP/MU/MU * AD/DP/MU/MU *

3 0.9950/0.9951 1450/100/98/101 400/15/15/14 100 000/10 563/8 000/8 500  500/55/49/48

5 0.9920/0.9930 1560/110/99/105 408/20/16/15 113 450/22 554/90 00/9 200 500/60/50/51

7 0.996 0/0.9950 1680/116/100/104 410/30/18/17 105 630/29 875/9 100/9 500 500/65/51/52

10 0.9950/0.996 0 1970/120/101/115 409/68/20/18 110 560,39 877/9 300/10 000  500/70/54/55
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Table 2 Experimental analysis under different graph densities
] fRIERE DR (IR0 AT IR E) /s HEAR HE A
- MU/MU* AD/DP/MU/MU*  AD/DP/MU/MU * AD/DP/MU/MU * AD/DP/MU/MU *

0.3 1/1 267/109/101/106 375/10/11/9 5480/3 680/4 000/4 200 490/55/49/48
0.5 1/1 1450/100/98/98 400/15/15/14 113 450711 000/9 000/9 500 500/60/50/53
0.7 0.9750/0.9900 80 000/101/94/94 750/46/67/72 900 000/40 459/35 608/45 673  573/65/51/52
0.8 0.9510/0.9510 500000/1023/92/91  900/68/240/213 3 120 000/98 700/57 895/59 240 602/72/50/49

0.9 0.9480/0.9500 1100 000/102/100/102 1200/128/367/299 10 120 000/123 809/67 830/68 972 680/79/51/65
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