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A next POI recommendation method for data-poor cities

Tan Haining” ™, Yao Di* ™, Bi Jingping” ™ , Xiang Xu ™ , Yang Xiao ™"
( " University of Chinese Academy of Sciences, Beijing 100049)
( ™ Institute of Computing Technology, Chinese Academy of Sciences, Beijing 100190)
( ™ National Key Laboratory of Science and Technology on Blind Signal Processing, Chengdu 610041)
Abstract

In location-based social networks ( LBSNs) , the uneven distribution of users’ check-in data and the fact that
some users deliberately hide some of their location information for privacy and security concerns aggravate the diffi-
culty of point of interest (POI) recommendation. Aiming at this issue, a meta-learning based ordinary differential
neural network ( ML-ODE) is proposed to carry out effective POl recommendation tasks. ML-ODE leverages the
meta-learning mechanism to optimize the parameters of recommendation model. ML-ODE utilizes different tasks to
initial parameters, during which the generalized mobility knowledge in the data-rich area is transferred to the data-
poor area to achieve the purpose of optimizing the POl recommendation. The network defines a continuous dynamic
process that can accept input data that is sporadically-observed. It overcomes the static discretization constraints of
most time series prediction models and is more suitable for POl recommendation. The experimental results on the
Foursqure real public dataset show that ML-ODE has better performance in POI recommendation than the current
state-of-the-art POI recommendation method on the index of NDCG@ N which has been increased by more than
10% .

Key words:; point of interest ( POI) recommendation, location-based social network ( LBSN) , meta-learning,

neural ordinary differential equation, recommender system
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