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Joint Extraction Model of Multi-entity Relations for
Poultry Diagnosis and Treatment Text
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(1. College of Artificial Intelligence, Nanjing Agricultural University, Nanjing 210095, China
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Abstract; Aiming at the problems that the subject feature and sentence vector in the traditional entity
relationship extraction method are difficult to effectively integrate, and the existing BIO annotation
strategy is difficult to effectively deal with the overlapping relationships, a joint extraction of entity
relationship of poultry disease diagnosis and treatment text ( JEER _PD) based on BERT and
dual-pointer was proposed. JEER_PD used the dual-pointer labeling ( DPL) strategy to establish two
pointer labelers at the head and tail, marking the beginning and ending positions of all entities at once;
introduced the conditional layer normalization ( CLN) network layer to strengthen the connection between
the subject extraction task and the object relationship joint extraction task; and used the probability
balance strategy (PBS) to combat the imbalance of positive and negative labels to accelerate the model
convergence. The experimental results showed that the accuracy, recall and F1 value of JEER_PD were
97.69% , 97.59% and 97.64% , respectively, and the three indicators were significantly improved
compared with that of the existing methods, which proved that JEER _PD can quickly and accurately
extract the entity relationship triples in the complex knowledge text of the diagnosis and treatment of
poultry diseases.
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Types and examples of entity relationships
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Tab.4 CLN ablation experiment %
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Tab.5 Extraction errors caused by eliminating CLN layer
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