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A recommendation model combining point of interest category
periodic attributes and user short-term preference features
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(1. School of Software Engineering,, Chongqing University of Posts and Telecommunications, Chongqing, 400065, China;
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Abstract: With the widespread application of location-based social networks in daily life, how to effectively extract users’
hidden interests and behavior sequence patterns, and provide users with the next Point of Interest (POI) recommendation
service to meet their personalized needs has become one of the hot issues in the recommendation field. Aiming at the problem
of user preference mining in the next POI recommendation, this paper proposes a POI recommendation model CPSTIN
(Combining Periodic and Spatio-Temporal Intervals’ Network) based on the combination of periodic preference of user POI
category and short-term interest. The model embeds the user record of signing in into the time window by hour period
pattern, and uses the multi-head self-attention mechanism to extract the the user’s periodic preference combined with the
category of POI. At the same time, the model sends the discontinuous spatio-temporal interval information into the learnable
matrix, and uses the linear interpolation method to extract the user's short-term interest based on high-order correlation.
Finally, the validity of the model is verified on two real datasets. The model effectively uses the user’s high-order relevance
short-term interest and the periodic preference based on the POI category to more accurately predict the next POI that the
user is most likely to visit.
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Fig. 1 Diagram of a user’s action trajectory
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Table 2 Experimental results of CPSTIN and benchmark models on the NYC and TKY datasets
NYC TKY

Recall@5 — Recall@l0  MRR@5 MRR@10  Recall@5  Recall@10 ~ MRR@5 MRR@10
NSSR 0. 2446 0. 2566 0.2162 0.2179 0.1936 0.2123 0.1677 0.1702
FPMC 0.3727 0.5392 0.2192 0.2377 0.1528 0.2155 0. 0967 0.1049
ATSTLSTM 0.2923 0.3951 0.1859 0. 1996 0.3165 0.4330 0.1894 0. 2050
PLSPL 0.3221 0.3962 0.2117 0.2218 0.3438 0.4207 0.2271 0.2374
STAN 0.3634 0.5146 0.1988 0.2189 0. 2500 0. 3300 0.1645 0.1756
CORE 0.5226 0.5991 0.3738 0.3833 0.4208 0.4771 0.2975 0.3053
LSTM 0.5024 0.5986 0.3311 0.3437 0.4219 0.5108 0.2824 0.2944
LightSANs 0.5125 0.5771 0.3511 0. 3600 0. 4566 0.5556 0.3020 0. 3155
HST-LSTM 0. 5304 0.6230 0.3679 0. 3807 0.4105 0.4873 0. 2906 0.3009
GeoSAN 0. 4297 0.5841 0.2592 0.2794 0.5629 0.6942 0.3626 0.3798
DeepMove 0.5782 0. 6857 0.3847 0.3994 0.5032 0. 6004 0.3358 0. 3489
LSTPM 0.5993 0.7084 0.4184 0.4335 0.5031 0.5877 0. 3564 0.3679
OURS 0.6996 0. 7491 0.5643 0.5710 0. 6435 0. 7065 0.5053 0.5138
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