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Abstract: With the background of optimization of the learnt clauses database, a new optimization
method for learnt clauses based on the original MiniSAT solver was proposed. Based on game
theory , this method adjusts the growth parameters after several restarts on the basis of the real-time
feedback of the current solver, in order to be as close as possible to the balance point of clauses in
the learnt clauses database. This makes the storage capacity of the learnt clause database reach the
Pareto optimality as much as possible. Experiments showed that the proposed method is effective
and outperforms existing optimization methods in random SAT problems. This method neither
affects the speed of unit propagation because of too many clauses in the learnt clause database, nor

destroys the integrity of learning because of too few clauses in the learnt clause database.
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Table 2 Real payment matrix of learnt clause database
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2. if P assigns a value to every variable

DPLL with clause learning

3. return success

4. else

5. P contains a conflict

6. choose a conflict graph G to find clause C
under P and add it to F
rollback variable or backjump
conflict_num + +

if conflict_num > &

10. restart + +

11. if restart% S ==

12. BCP_total + = BCP_num

13. speed_average = BCP_total/nowtime

14. speed_now = BCP_num/ ( nowtime —
lasttime )

15. if speed_now > speed_average

16. learntsize_inc + =p

17. else if speed_now < speed_average
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20. restarts
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Table 4 Test of Increasing or decreasing the
parameters for GTMiniSAT solver
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Table 6 Comparative evaluation between GTMiniSAT
and MiniSAT solvers
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Table 7 Comparative evaluation of between GTMiniSAT
and MiniSAT solvers(common instances solved)
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