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Abstract; Considering that both named entity recognition and coreference resolution depend on the same context of
the entity word, this paper proposes a hybrid neural network model to settle these problems which contains a named entity
recognition (NER) module and a coreference resolution (CR) module. NER and CR share the same bidirectional LSTM en-
coding layer, which is used to encode each input word by taking into account the context on both sides of the word. The con-
textual information of entities obtained in BILSTM encoding layer further pass through to FENN module to improve the core-
ference resolution. Furthermore , by adding domain documents and chapter semantic vectors to FFNN, the coreference resolu-
tion algorithm is improved and the coreference resolution model is optimized. Finally , we conduct experiments on the domain
dataset to verify the effectiveness of our method. The joint model can effectively improve the accuracy of coreference resolu-

tion task.
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