it B N I O’

Computer Engineering

R 5 S T TR st B B R o 4o

ALK Y, BRRE Y, REEE Y, EE
(1.2 BR%, HENAEERSEE, b 201203; 2. F#FmE AR BAEE S E (HEK%), ki 201203)

W OB IR, ETAENERMER) IR, PSS AR DL SR TR, IS P AT A
TR o DL AR T AL E AL MBI — T R4S, — 5 B Rl DA B A P Dol & BB B A B s, 25—
J5 A AT S IR 2 RN T AR P WL, A IR F RS R . OB R T TR R P R A E
BTN R RAEE BN . XEIECRGETN 7B ez BRI kAL, B2 R ISR B Y
BAL R HACIREG AR EA DL RO B F itk o] j A AR B, 45 T 0l R R 2 S 5 IR X IO AR A > AR, 48
TEMMAR. BIGIERE T =R S LR A R 70 IR 7, B I B2 Y s i i B o
BN A FIERS S SRR 2 11 DL T A R SR AL 2 ST AR P S AR AT o X 18 SCER FRAE IR B 22 X 5 YR eS8 p 7 L B
M, #EESSN SRR ERE, Rit— PR A RUR R o R

R LW WRIEEY; FEIREG S ERA; SRR

Deep Learning for POl Recommendation: A Survey
Tang Jiaxin'2, Chen Yang'2, Zhou Mengying'2, Wang Xin'2

(1. School of Computer Science, Fudan University, Shanghai 201203, China;
2. Shanghai Key Laboratory of Intelligent Information Processing, Fudan University, Shanghai 201203, China)

[Abstract] Location-based social networks (LBSNs) are popular recently. Users conduct check-ins at selected POls to
record their trajectories and share feelings with their friends. POl recommendation is an important service of LBSN which
can facilitate users to find interesting POIs and help service providers understand user interests and improve the user
experience. The quality of POl recommendation depends on the performance of unknown user preference prediction.
Historical check-in data and other information in LBSN such as social networks and user reviews can be explored to
speculate the user preference. In this paper, we give a brief introduction to the deep learning methods for POI
recommendation. We point out four challenges of POl recommendation, i.e., spatial-temporal sequential feature extraction,
content and social feature extraction, multi-feature incorporation, and solutions to data sparsity. We review the existing
work which leveraged deep learning methods to solve these challenges respectively. The limitations of them are analyzed.
Finally, we point out three potential research directions in the future to use deep learning methods for POl recommendation
based on existing work, i.e., incremental learning to accelerate the model update process, transfer learning to solve cold
start problem, and reinforcement learning to capture dynamic user preference. In conclusion, we focus on the application of
deep learning methods for POl recommendation in this survey and we attempt to analyze the future trend to improve the

performance of POl recommendation by analyzing the latest research outcomes.
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Fig.1 Category of deep learning methods for POl recommendation
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Table 1 Neural Network methods to deal with POl sequences
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Table 2 Methods and Related works about Content and
Social Feature Extraction in LBSNs
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