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Abstract In terms of the dynamic community discovery problem, this article came up with the idea of basing on the pri-
ority complex and thegrouth theorem and according to the nodes degree distribution to construct the time axis to dy-
namically simulate the social network’s mechanism of formation and evolution, simultaneously divide the community
structures, We used Zachary Club and Les Miserables as the experiment data to test our algorithm. Experimental results

show that, the communities that the algorithm gets are all strong connected communities, it is able to dynamically,accu-

rately discover the community structure with high practical value.
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