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Abstract: The tableau method is a reaning method with high universality and gpplicability However, given the
restrictions of function symbols and equations, there remains a great deal of uncertainty in automated reaoning In
order © remove blind reaoning in the construction of a closed st for tableau reaoning, amethod was developed ©
introduce reinforcement learning into tableau reaning Reinforcement learning was canbined with the logical for-
mulae in tableau reaning © produce abstract states and actions On the one hand, reaning sequences in auto
reaning can be controlled by the leamning method o foim reasonable closed branches and reduce the blindness of
reaoning On the other hand, smple reaoning results can be reused in the complex reaning systan to mprove
reaning efficiency.
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