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Status and Prospect of Deep Learning Technology
in Education Application

LIU Yong, LI Qing & YU Cuibo

(School of Network Education, Beijing University of Posts and Telecommunications, Beijing 100088, China)

Abstract; Deep Learning is a new technology in the artificial intelligence field , which could achieve deep presen-

tation of input data by layer-wise characteristic transformation of Neural Network (NN). Deep Learning technology

could provide excellent performance in the speech recognition, image recognition , handwriting recognition , etc. Artifi-

ctal intelligence based on Deep Learning could bring deep innovation to education and promote intelligent education to

a higher degree. This paper first introduces the origin of Deep Learning and some typical Deep Learning models. It e-

laborates the different aspects in education applied by different Deep Learning models. And then it presented the excel-

lent performance of Deep Learning in the speech recognition, image recognition and the combination of Deep Learning

and Reinforcement Learning. Afier that, four cases including deep knowledge tracing, intelligent tutor, intelligent

marking , and foreign language teaching were introduced and corresponding analysis were given. Futhermore, influ-

ence and application of artificial intelligence based on Deep Learning in education were elaborated. Finally, the con-

clusion was given.
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