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Abstract By constructing an appropriate minimum unsatisfiable formula, the 3-CNF formula can be reduced and converted into a
regular (3,4)-CNF formula in polynomial time. The converted regular (3,4)-CNF formula has the same satisfiability as the origi-
nal 3-CNF formula. The structure of the formula has also changed accordingly. The community structure of the graph reflects the
modular characteristics of the graph. The CNF formula can be transformed into the corresponding graph to study the relationship
between the modular characteristics of the formula graph and some properties of the formula. The two types of formulas before
and after the reduction are converted into corresponding graphs,and the module characteristics are studied. It is found that the
regular (3,4)-CNF formula obtained after conversion has a high modularity. In addition,in the process of using the DPLL (Davis
Putnam Logemann Loveland) algorithm to solve the CNF formula,when a conflict is encountered,the conflict-driven clause lear-
ning strategy is used to obtain a learning clause and add it to the original formula, which reduces the modularity of the original
formula. The research finds that when the DPLL algorithm combined with the conflict-driven clause learning strategy is applied to

the regular (3,4)-CNF formula, most of the variables contained in the learning clause are located in different communities.
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