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Active Learning-based Text Entity and Relation Joint Extraction Method

DING Hongxin"*,ZOU Peinie'* ,ZHAO Junfeng'’ and WANG Yasha'*
1 School of Computer Science,Peking University,Beijing 100871, China
2 Key Laboratory of High Confidence Software Technologies, Ministry of Education,Beijing 100871, China

3 School of Software &. Microelectronics, Peking University, Beijing 102600, China

Abstract Unstructured text data contains a large amount of valuable knowledge, entities and relations extracted {from which can
form structured knowledge and help to build knowledge graphs and support downstream tasks. There is a wide range of applica-
tion prospects for entity and relation extraction. Currently,entity and relation extraction mostly use deep learning methods. How-
ever,the training of deep learning models consumes large amounts of annotated datasets,resulting in high labor cost. Therefore,
how to reduce the workload of manual annotation is one of the focuses of research. Active learning is a subfield of machine lear-
ning, which aims to maximize a model’s performance gain while annotating the fewest samples possible, by selecting the most va-
luable samples to be labeled and handed over to the model for training. Its potential to reduce training data complements the data-
hungry nature of deep learning. Therefore,deep active learning that applies active learning in deep learning has become a hot re-
search topic in entity and relation extraction. In the above context,using deep active learning for joint entity and relation extrac-
tion and appling active learning to the training process of the deep learning model to minimize the manual labeled data required for
training while maintaining model performance,a deep learning model based on unified label space and matrix annotation for entity
relation joint extraction is implemented and based on it,a variety of active learning query strategies are designed and implemen-

ted. The validity of the method is verified on text datasets and common entity and relation joint extraction datasets in the medical
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field. Several methods are proposed to select the stopping time of model training,including methods based on training loss curve

of the model,model performance on the training set,and the prediction stability on reserved data. The method of selecting stop

time for practical application scenario is studied by experiments. An intelligent text annotation tool based on active learning for

joint extraction of entity and relation is designed and implemented, which allows users to annotate entities and relations in the

text. The tool implements a deep learning model for entity and relation extraction and active learning methods to minimize the an-

notation workload of users.
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Table 1  Number of queries required for each sampling strategy to

achieve 90% of the training performance of using full amount

of data
. Least . .. Entropy
Dataset Random Entropy . Margin K-means BADGE
confidence Kmeans
CMeEE 7 5 12 10 6 8 6
CMelE 30 24 34 36 30 34 34

2 A RBER MR T A BRI M RE 95 260 BT T 1 SRR UL
Table 2 Number of queries required for each sampling strategy to
achieve 95% of the training performance of using full amount

of data
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