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Sentiment Classification Method for Sentences via Self-attention
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Abstract Although attention mechanisms are widely used in many natural language processing tasks,there still lacks of related
works about its applications in sentence-level sentiment classification. By taking advantage of self-attention mechanism in learning
important local features of sentences, a multi-layer attentional neural network based on long-short term memory network
(LSTM) and attention mechanism,named AttLLSTM, was proposed and then applied into the fields of sentiment classification for
sentences. AttLSTM firstly uses LSTM network to capture the contexts of sentences,and then takes self-attention functions to
learn the position information about words in the sentences and builds the corresponding position weight matrix, which yields the
final semantic representations of the sentences by weighted averaging. Finally, the results is classified and outputted via a multi-
layer perceptron. The experiment results show that AttLSTM outperforms some relative works and achieves the highest accuracy
of 82.8%,88.3% and 91. 3% respectively on open two-class sentiment classification corpora,including Movie Reviews (MR),
Stanford Sentiment Treebank (SSTh2) and Internet Movie Database (IMDB) ,as well as 50. 6 % for multi-class classification cor-
pora SSThS.
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