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Branching Strategy Based on Weighted Decision Variable Level
WANG Meng HE Xing-xing

(School of Mathematics,Southwest Jiaotong University,Chengdu 610031, China)
Abstract In order to improve the solution efficiency of CDCL solver,for the choice of decision variable problem of the
satisfiability (SAT) problem algorithm,a kind of branching strategy based on weighted decision variable level was pro-
posed. The main idea of the new strategy is based on the boolean constraint propagation (BCP) back track and restart
mechanism in the process. Firstly,the number of variables used as decision variables and the decision-making level are
considered. Secondly.due to the selected number of variables and the difference in the decision-making level.the weight
of variables is considered to be different. Finally,in combination with the conflict analysis process,the variables are re-
warded and scored. The scores of different variables in the new strategy are compared with those in the VSIDS and EV-
IDS strategies. A large number of examples in SATLIB (SAT Little Information Bank) are used for experimental tes-

ting,and the results show that the new strategy can reduce the number of conflicts and the solution time (CPU),and
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improve the solving efficiency of the solver.
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1. ifC UnitPropagation() = = conflict )
2 then return UNSAT;

3. end if

4. decision level of every variable=0

. conflict number n=0;

6. while (not All Variables Assigned())
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7. Pick Decision Variable() ;
8. blevel=blevel+1;
9. dvt[ v]=the number of variable is used as a decision variable

10. ifC UnitPropagation() = = conflict)

11. then blevel= Conflict Analysis() ;
12. conflict number—+ =1;

13. dj= the decision level;

14. The score of every variables is s
15. Sa =S+ 2Zdvt[v]; Xd;;

16. end if

17. IfC blevel<<0)

18. then return UNSAT;
19. else Backtrack(blevel)
20. end while

21. return SAT
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