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Abstract: In order to improve the accuracy of natural language processing, a lot of work combined constituent trees with LSTM and
proposed various LSTM models for constituent trees (this paper uses C-TreeLSTM to collectively refer to this type of model).Since
C-TreeLSTM has a low accuracy for text modeling due to the lack of the important information Sources (ie, words) in computing
hidden state of internal nodes, this paper proposes a hybrid neural network model SC-TreeLSTM, which is based on the constituent
tree structure. The model enhances node's memory of text semantics by injecting phrase semantic vectors which is covered by
corresponding node during coding section in C-TreeLSTM. The experimental results show that the performance of SC-TreeLSTM is
excellent in both sentiment classification and machine reading comprehension tasks.
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