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Table 2 Comparison of experimental results between different
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5 ME-BiGRU-GRU-SA 67.3 46.9 55.3
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7 MBGAB 65.3 49.1 56.1
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Table 3 Triple extraction prediction results for Text 1
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Knowledge Extraction Method of Scientific and Technological
Text Based on Word Mixing and GRU

OUYANG Suyu,SHAO Yingxia,DU Junping,LLI Ang

(Beijing Key Laboratory of Intelligent Telecommunication Software and Multimedia,College of Computer Science,Beijing Univer-

sity of Posts and Telecommunicates, Beijing, 100082, China)

Abstract: The knowledge extraction task is to extract triple relations (head entity-relation-tail entity) from
the unstructured text data. The existing knowledge extraction methods are divided into " pipeline" method
and joint extraction method. The "pipeline" method extracts named entity recognition and entity knowledge
extraction with their respective modules. Although this method has better flexibility, the training speed is
slow. The learning model of joint extraction is an end-to-end model implemented by neural network to realize
entity recognition and relationship extraction at the same time, which can well preserve the association be-
tween entities and relationships,and convert the joint extraction of entities and relationships into a sequence
labeling problem. The main contributions of this paper are as follows:® A knowledge extraction method for
scientific and technological text based on word mixing and Gated Recurrent Unit (MBGAB) is proposed,
which combines attention mechanism to extract the relationship between Chinese scientific and technological
resource text. @ Vector mapping method using mixed words can not only avoid boundary segmentation er-
rors to the greatest extent, but also effectively integrate semantic information. @ The end-to-end joint extrac-
tion model, the bidirectional GRU network and the self-attention mechanism are used to effectively capture
the long-distance semantic information in the sentence,and the bias weight is introduced to improve the effect
of model extraction.

Key words: knowledge extraction;vector map; GRU;triple relation;joint extraction method
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