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Abstract. Entity Recognition and Linking (ERL) is one of the basic tasks in
NLP field. It is to recognize the entities in a given short Chinese text and asso-
ciate them with the corresponding entities in a given knowledge base. Tradi-
tional entity chain refers to the task mainly for long documents, long documents
have context information in writing, which can assist entity disambiguation and
complete the chain finger. In contrast, the entity chain finger for short Chinese
texts is a big challenge. To solve this problem, this paper presents a method to
solve the task, that is, entity recognition and entity chain referring to two sub-
tasks. For the sub-task of entity recognition, this paper adopts the structure of
BERT-BiLSTM-Dense semi-pointer and semi-annotation, which improves the



performance of entity recognition by flexible decoding. For the sub-task of enti-
ty chain, a small candidate set is obtained by effectively screening candidate en-
tities according to the length of entity description text, and then entity disam-
biguation is transformed into multi-classification on this small candidate set. In
the evaluation task of entity chain finger of CCKS 2019 Chinese short text, the
method proposed in this paper achieves the result of F1 0.79654 on the final
evaluation data.

Key words: entity links, entity recognition, entity disambiguation, BERT, mul-
ti-classification
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