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Short-text classification with topic competitive relationship
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[ Abstract] Internet short texts have already become the most important data resource as the texts are short and spread widely and
rapidly. The short texts usually have a few words, which makes it difficult to extract the effective features for natural language
processing algorithms, such as topic model, and limits the applications of the models. For the characteristics of short—text data, this
paper combines the data processing of biterm topic model and K — competitive autoencoder to propose a new method. The method
uses the biterms to express word relationship, introduces competitive relationship into the topic features, and builds the global
relationship of topics by fully—connected layers. Therefore the method highlights the key topics, overcomes the limitation of ignoring
the word relationship and the topic relationship, and enhances the representative ability of topic features. The experimental results of
short - text classification on two standard datasets ( 20newsgroup and Reuters —21578) show that the method outperforms the
traditional topic models.
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Fig. 2 The architecture of K—competitive layer
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Tab. 1 The comparison results of short—text classification on Reuters—21578
Topic100 Topic200 Topic500 Topic1000
A
macro_f,  micro_f, macro_f, micro_f macro_f;  micro_f; macro_f,  micro_f;
LDA+SVM 0.14 0.71 0.15 0.69 0.19 0.67 0.22 0.68
BTM+SVM 0.18 0.77 0.24 0.78 0.31 0.79 0.32 0.78
LDA+Softmax 0.26 0.75 0.36 0.77 0.45 0.81 0.46 0.82
BTM+Softmax 0.25 0.77 0.34 0.43 0.83 0.45 0.84
KFTN 0.24 0.79 0.38 0.83 0.47 0.85 0.49 0.85
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