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The BiLSTM-Att-B CRF Model for Low Resource Named Entity Recognition

ZHONG Maosheng WU Jiahua LUO Wei WU Shuixiu
( School of Computer and Information Engineering Jiangxi Normal University Nanchang Jiangxi 330022 China)

Abstract: In low-resource scenarios the existing models are limited by the small amount of training data and the

parameters are not fitted to the expected effect resulting in poor performance of the model in recognizing entities. In

this paper a new loss function incorporating Bernoulli distribution is proposed to allow the model to fit the data bet—

ter. In addition a BiLSTM-Att-BCRF model based on the BIiLSTM-CRF model is constructed by fusing multidayer

character feature information and self-attention mechanism combined with a novel loss function based on Bernoulli
distribution. The BiLSTM-Att-BCRF model proposed in this paper improves the F, values by 7.00% and 4.08%
based on the BiILSTM-CRF model on the datasets of 20% CONLL2003 and 20% BC5CDR respectively. The model

is better adapted to low resource named entity recognition tasks.

Key words: low resource named entity recognition; neural network; Bernoulli distribution; self-attention mechanism



