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Social network bursty topic discovery based on RNN and topic model
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Abstract: The data is noisy and diverse, with a large number of meaningless topics in social network. The traditional

method of bursty topic discovery cannot solve the sparseness problem in social network, and require complicated

post-processing. In order to tackle this problem, a bursty topic discovery method based on recurrent neural network and

topic model was proposed. Firstly, the weight prior based on RNN and IDF were constructed to learn the relationship

between words. At the same time, the word pairs were constructed to solve the sparseness problem. Secondly, the “spike

and slab” prior was introduced to decouple the sparsity and smoothness of the bursty topic distribution. Finally, the

burstiness of words were leveraged to model the bursty topic and the common topic, and automatically discover the

bursty topics. To evaluate the effectiveness of proposed method, the various experiments were conducted. Both qualitative

and quantitative evaluations demonstrate that the proposed RTM-SBTD method outperforms favorably against several

state-of-the-art methods.
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