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Abstract: Discourse coherence modeling is a fundamental problem in natural language processing. Mainstream
coherence model have two kinds, The entity based coherence model and deep learning based model. The entity
based coherence model need to exact features, while the deep learning based model do not take full consideration
of using the important information, which is the entity link among sentences across discourse. Based on this, this
paper firstly extracts the entity information on the adjacent sentences within the discourse, then represent it in a
distributed way, and finally integrate them into the sentence-level bidirectional LSTM model through various
simple vector operation. The experiment on Chinese and English sentence ordering task and Chinese-English
statistical machine translation coherence detection task shows that our model outperforms the state-of-the-art ones,
especially in Chinese.
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