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Short text classification based on improved BERT and multi-stage TCN
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[ Abstract] Short text classification is a challenging task in natural language processing. At present, traditional methods using
external knowledge to deal with the sparsity and ambiguity of short texts have achieved good results, while RNN-based methods
perform poorly in parallelization and results in low efficiency. The CNN -based method can capture local features, but due to
ignoring context—related features and polysemy, the accuracy remains to be improved. In response to the above problems,a short text
classification model is proposed combining weight optimization and attention based on CNN and TCN. Probase is taken as external
knowledge to enrich semantic representation and solve the problem of sparse features and insufficient semantics. BERT is trained with
word vectors and part of speech and word weights is introduced to optimize word vectors which is used as input layer information.
The combined method extracts features, and finally combines the attention mechanism to splicing vectors to highlight key
information and obtain text feature representation. Experiments show that this method is more accurate and efficient in short text
classification compared with several commonly used CNN and RNN-based short text classification methods.
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Tab. 2 Results of different models on the dataset

Value
Model
Ace F,

BERT 0.938 6 0.930 4
LSTM 0.923 5 0.312 0
CNN 0.893 5 0.887 6
Transformer 0.904 5 0.870 9
Seq2seq_Att 0.896 7 0.889 7
AR 0.945 7 0.942 8
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