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Abstract: When most of the neural network models still focus on the sequential texts, two recently-proposed tree-based models,

TreeLSTMs and TBCNNSs, perform well on multiple natural language processing tasks by the means of structural information. Since

the former faces a serious problem of inefficient training due to the structure-related computations, this paper proposes a hybrid neural

network model Quasi-TreeLSTMs, which is based on the tree convolution and pooling method of TBCNNSs to mimic the TreeLSTMs’

operations. The model has two different variants Dependency Quasi-TreeLSTMs and Constituency Quasi-TreeLSTMs, in accordance

with two kinds of syntax trees. The experimental results show that the performance of Quasi-TreeLSTMs is excellent in both sentiment

classification and semantic similarity tasks.
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