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Application and frontier research of question generation
ZHU Shengquan, SHAO Qing

(School of Optical-Electrical and Computer Engineering, University of Shanghai for Science and Technology, Shanghai 200093, China)

Abstract: Question generation is one of natural language generation tasks, which aims to generate questions by a given text.
Question generation has a wide range of applications, such as reading comprehension, conversational question generation, data
enhancement, etc. , which has attracted the attention of relevant researchers. This paper firstly gives a brief overview of the question
generation task, including its basic concept and research significance, introduces relevant datasets and expounds the technical route
of the question generation task, nextly summarizes and classifies the application direction of the question generation technology, and
then introduces some frontier researches of question generation. Finally, the paper introduces the evaluation metric of question
generation, the future research direction and challenge.
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P: The role of teacher is often formal and ongoing, carried out at a
school or other place of formal education. In many countries, a
person who wishes to become a teacher must first obtain specified
professional qualifications or credentials from a university or
college. These professional qualifications may include the study of
pedagogy -+

Q: What can a teacher use to help student learn?

A lesson plan.

1 SQuAD1. 1 ¥iE&EM— 1 HiEGIF
Fig. 1 Data example of SQuADI. 1
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Doc: ... gases have energy that is proportional to the temperature.
The higher the temperature, the higher the energy the gases have.
The crazy thing is that at the same temperature, all gases have the

same energy .. .

Q: If you were given oxygen ( molecular mass = 18 AMU) and
hydrogen (molecular mass = 1 AMU) at the same temperature and

pressure, which has more energy?

B 2 LearningQ #{E&E/M—/1 6T
Fig. 2 Data example of LearningQ
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Paragraph: “ Other legislation followed, including the Migratory
Bird Conservation Act of 1929, a 1937 treaty prohibiting the
hunting of right and gray whales, and the Bald Eagle Protection Act
of 1940. These later laws had a low cost to society—the species were

relatively rare—and little opposition was raised. ”

Question 1:“Which laws faced significant opposition ?

Plausible Answer: later laws

Question 2; “What was the name of the 1937 treaty ?”
Plausible Answer: Bald Eagle Protection Act

3 SQuAD2. 0 BEEHN—1FIF
Fig. 3 Data example of SQuAD2. 0
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Table 1 Statistics of question generation dataset
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Fig. 5 Transformer—based question generation model
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Table 2 Different domain question generation model
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