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Abstract : Most of the traditional community detection algorithms are based on the network topological structure ,and do not make full use
of node information, so it is impossible to interpret the community structure reasonable. Social media network like Sina Weibo , Facebook
and Twitter grow rapidly, but the user tag is usually incomplete. The application of traditional machine learning model to complete the tag
usually requires a large number of training samples, which requires manual labeling of training data with a long time period and poor gen-
eralization. And applying the theory of transfer learning to such tasks can not only avoid the manual tagging of data,but also shorten the
training time. Therefore,based on the characteristics of Sina Weibo data, we propose a new method of community structure inference
model with knowledge transfer learning (KTL—CSIM ). The model is based on degree correlated stochastic block model. Likelihood
probability model is build upon network topology and node information. Word embedding model based on knowledge transfer learning
model transfers the knowledge from the source domain to the target domain. This method does not require manual tagging data, which ef-
fectively reduces the training time and improves the generalization as well.
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