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[Abstract] In Location-Based Social Network (LBSN) , users conduct check-ins at selected Point of Interest(POI) to
record their trajectories, share feelings with their friends and form social friends.POI recommendation is an important
service of LBSN to help users find POIs that meet their interests: The service can also help service providers understand
user interests and improve user experience accordingly.POI is implemented mainly by analyzing the historical check-in
data, social relationships, reviews and other user information that can be explored to speculate user preference.In this
paper, we summarizes challenges faced by POI recommendation, i.e., spatial-temporal sequential feature extraction,
social feature extraction from user content, multi-feature incorporation, and solutions to data sparsity. Then we give a
brief introduction to deep learning-based methods for POI recommendation, and review their advantages as well as
disadvantages displayed when dealing with the above challenges.On this basis, we point out future directions of studies
on deep learning applications in POI recommendation, i.e.,incremental learning to accelerate the recommendation model
update process, transfer learning to solve. the cold start problem, and reinforcement learning to model dynamic user
preference. The discussion attempts‘to.provide reference to studies on improving the efficiency and user experience of
recommendation systems.
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Fig.1 Classification of deep learning methods applied to POI recommendation
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Table 1 Summary of neural network methods for processing POI sequences
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