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Fig. 1 Overall framework of the model
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Tab.2 Overall Results of Proposed Model Compared with Baseline Models
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Tab.3 Results of Ablation experiments
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A Multi-Source Domain Adaptation Approach in Named
Entity Recognition

LI Jiarui, LIU Jian, CHEN Yufeng', XU Jinan, ZHANG Yujie

(School of Computer and Information Technology, Beijing Jiaotong University, Beijing 100044, China)

Abstract: Domain adaptation is a general way to solve the problem of lacking training data, which can be
applied to all kinds of Natural Language Processing tasks. At present, the research of domain adaptation for
Named Entity Recognition (NER) usually follows the setting adapting from single source domain to single
target domain. Though it can achieve certain results for the target domain which is close to the source domain,
it has great limitations for the target domain which is not highly related to the source domain. To solve this
problem, a multi-source domain adaptation named entity recognition model based on importance weighting
is proposed, which promotes the performance of the target domain through the knowledge of multiple
domains, models the importance of the target domain according to different domains and their samples, and
weights to the named entity recognition model, so as to achieve better model adaptability. Experiments on
several target domains show that the performance of the model is better than the state-of-the-art method,
which verifies the effectiveness of the model.

Keywords: Named Entity Recognition; domain adaptation; importance weighting; multi-source



