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Application of Hybrid-Topic Model Based on Deep Learning

Wan Jiashan
(School of Big Data and Artificial Intelligence, Anhui Institute of Information Technology, Wuhu 241000, China)

Abstract: The rapid development of online social networks was atiributed to the extensive application of topic
models. Some typical topic models still had such problems as the manual regulation of parameters, insufficient
semantic coherence, feature extraction deficiency and low sampling efficiency. For that reason,the deep learning
technique was applied to topic division. The Author—Topic model was applied to topic feature extraction to
optimize the BiLSTM — CNN model framework, a Hybrid — Topic Model ( HTM) was proposed. LDA, CNN,
BiLSTM-CNN and HTM topic models were applied to two data sets of different scenarios and the results were
compared and analyzed. The results indicated that in terms of topic classification effect and content confusion,
HTM is significantly more effective than the existing models. In addition, the model provides excellent
performance in terms of sample use efficiency and model transfer learning ability, which points out the direction
for later research.
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