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[ Abstract] Due to the high noise characteristics of Internet corpus, traditional extraction methods based on attribute
values suffer from increased labor costs and lack of training sets:This paper proposes an entity attribute value extraction
method based on machine reading comprehension model and crowdsourcing verification. The new machine reading
comprehension model is used to extract high-quality candidate attribute values from the Internet corpus, and the weight
of each candidate attribute value is adjusted through an efficient.crowdsourcing verification mechanism to obtain the
final extraction result. Experimental results show that compared with OpenTag, QANET and other models, the machine
reading comprehension model effectively improves the accuracy of candidate attribute value extraction, and the
extraction accuracy is increased by about 10%. At the same time, it can improve the overall performance of attribute
value extraction at a low crowdsourcing cost by using crowdsourcing verification.
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Fig.1 Overall framework of the proposed method
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Fig.2 Overall framework of MCKE model
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Fig.3 User interface for crowdsourcing validation
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Table 2 Result examples of attribute value

extraction models
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Table 3 Effect of crowdsourcing validation
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Table 4 Result examples of crowdsourcing validation
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