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Survey of machine reading comprehension based on deep learning

DU Yongping, ZHAO Yiliang, YAN Jingya, GUO Wenyang
(Faculty of Information Technology, Beijing University of Technology, Beijing 100124, China)

Abstract: In recent years, there has been a great deal of interest in the task of machine reading comprehension. It en-
ables computers to learn and answer questions based on text input. One of the long-standing challenges in the field of ar-
tificial intelligence is how to make machines understand natural language. In recent years, machine reading comprehen-
sion has advanced rapidly as a result of the large-scale release of high-quality data sets and the application of deep learn-
ing technology. The use of an end-to-end model structure based on neural networks, a pre-trained language model, and
reasoning technology has greatly improved their performance on large-scale evaluation data sets. However, there is still
a big gap in real language understanding. This paper summarizes the research status and development trend of machine
reading comprehension tasks, including division of tasks, analysis of machine reading comprehension model and related
technologies, particularly machine reading comprehension technology based on knowledge reasoning, and finally dis-
cusses the development trend in this field.

Keywords: machine reading comprehension; natural language processing; deep learning; neural network; end-to-end
model; knowledge reasoning; pretrained language model; artificial intelligence
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