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Semantic Reinforcement of Topic Modeling with Bi-directional LSTM

Peng Min, Yang Shaoxiong, and Zhu Jiahui

(School of Computer, Wuhan University, Wuhan 430072, China)

Abstract : Nowadays, deep learning models, such as bi-directional LSTM neutral networks, have achieved breakthroughs in
text semantic representation. This makes it possible for constructing a semantic coherent topic model with a deep architecture.
But the research is not wide and profound yet. Based on the deep semantic reinforcement from bi-directional LSTM, we
propose a probabilistic topic model DGPU-LDA (Double Generalized Polya Urn with LDA). In DGPU-LDA, we design a
document-wise semantic encoder DS-Bi-LSTM (Document Semantic Bi-directional LSTM) to embed the semantics of each
document. Then document-topic GPU semantic reinforcement, word-word GPU semantic reinforcement, together with LSTM
iterative dependency modeling, can be exploited to capture the Gibbs sampling process in model inference. Experimental
results on SogouCA dataset and 20 Newsgroup dataset demonstrate that the proposed DGPU-LDA outperform some of the
state-of-the-art topic models in topic semantic coherence and text classification. Meanwhile, these remarkable improvements
also indicate the effectiveness of our DGPU-LDA in text semantic feature representation.
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