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In this paper, we propose an extension of the dynamic subsumption algorithm for CDCL (conflict-driven clause
learning) solvers proposed by Hamadi et al. The clause learning can be formalized as a resolution process. The
dynamic subsumption efficiently checks whether a resolvent subsumes the parent clause or not. The subsumed
clause can be removed. In this study, we extend the subsumption checking not only for a parent, but also for
ancestors. Our approach can check the subsumption relation with almost no overhead. The experimental results
show that our technique can improve the performace of a CDCL solver.
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