DOI: 10.7544/issn1000-1239.202220837
61(12): 3168-3187, 2024

i HELE S KR

Journal of Computer Research and Development

ETREFINEAZNUEGR

B 2 fEMN ITHE

Clemtpkly K2z f5 B 2EBE - JExt 100083)

CREIZEMROE B 0RO B RE AR B AL PR TR BRBI S b0 (st k) dbst
(tianxuan@bjfu.edu.cn)

100083)

Review of Deep Learning Based Query Suggestion

Tian Xuan, Xu Zezhou, and Wang Zihan

(School of Information Science and Technology, Beijing Forestry University, Beijing 100083)

(National Forestry Grassland Forestry Intelligent Information Processing Engineering Technology Research Center (Beijing Forestry
University), Beijing 100083)

Abstract Query suggestion (QS) is an indispensable part of search engines. It can provide query candidates before
users entering a complete query to help express their information needs more accurately and more quickly. Deep
learning helps to improve the accuracy of QS and it has become the mainstream technology to promote the
development of QS in recent years. We mainly summarize, analyze and compare the research status of deep learning
based QS (DQS). According to the different application stages of deep learning, DQS methods are divided into two
categories: generative QS methods and ranking-based QS suggestion methods, and the modeling ideas of each model
are analyzed. In addition, the data sets, baselines and evaluation indexes commonly used in the field of QS are
introduced, and the technical characteristics and experimental results of different models are compared. Finally, the
current challenges and future development trends of QS research based on deep learning are summarized.
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Tt AR A A AR B 5 1 ) B AN ) 2 B 22 e AR R A
CEETEA R PR & T AR BT R AR
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Table 3 Experimental Comparison of Encoder-Decoder Model Based DQS Method
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