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Combination characteristics based on BiLSTM for short text classification
HE Zhiqiang, YANG Jian, LUO Changling
(Information Technology College, Hebei University of Economics & Business, Shijiazhuang 050061, China)

[ Abstract] Due to the characteristics that the short text itself has a small number of vocabulary and format is not standardized, the
input matrix of neural network has problems such as sparse features, high dimension and insufficient extraction of semantic feature.
In order to solve the above problems, this paper proposes a short text classification algorithm ( WTL - BiLSTM ) based on
bidirectional long short—term memory cyclic neural network. This algorithm combines Word2vec model, TF-IDF model and LDA
theme model to implement text vectorization. At the same time, it acquires the importance of vocabulary features and text topic
features while acquiring short text semantic features. The algorithm uses BiLSTM to capture the short text semantic features from the
front and back directions, effectively avoiding the gradient explosion and gradient disappearance of the RNN model. The
experimental results show that the designed classification algorithm can effectively solve the problems in the short text classification
process. Compared to the traditional short text classification algorithm, the classification accuracy rate is improved to a certain
degree.
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