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Survey on Deep-learning-based Machine Reading Comprehension

LI Zhou-jun WANG Chang-bao
(School of Computer Science and Engineering, Beihang University, Beijing 100191, China)
Abstract Natural language processing is the key to achieving artificial intelligence. Machine reading comprehension, as
the crown jewel in the field of natural language processing,has always been the focus of research in the field. With the
rapid development of deep learning and neural network in recent years,machine reading comprehension has made great
progress. Firstly, the research background and development history of machine reading comprehension were introduced.
Then, by reviewing the important progress in the development of word vector,attention mechanism and answer predic-

tion, the problems in recent research related to machine reading comprehension were proposed. Finally, the outlook of

machine reading comprehension was discussed.
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Fig. 1  Basic architecture of deep MRC model
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