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An efficient verification algorithm to the maximal clique enumeration

DU Ming, ZHONG Peng, ZHOU Junfeng
(School of Computer Science and Technology, Donghua University, Shanghai 201620, China)

[ Abstract] As a representative type of dense subgraphs, the maximal clique has always been the focus of attention in the field of
data mining. The important data information contained in maximal clique has also been widely used in various fields, such as
community discovery in social networks, etc. This paper studies the problem of enumerating all maximal cliques on an uncertain
graph. The existing method is based on the idea of " subgraph division—solving—verification" , which can effectively use the property
of maximal clique to accelerate the computation. Here, the problem is that the efficiency of the verification algorithm DPMC is
unstable. When the number of maximal cliques increases, the efficiency of verification will drop rapidly, which seriously affects the
overall performance of the system. This paper proposes an efficient verification algorithm, FDPMU, which improves the operation
efficiency of the algorithm by constructing a mapping table and a dynamically constructed inverted table. Finally, the comparison is
performed on multiple real data sets, and the experimental results verify the efficiency of the FDPMU algorithm.
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