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Human Mobility Pattern Prior Knowledge Based POI Recommendation
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1 College of Computer Science and Technology,Zhejiang University of Technology, Hangzhou 310023, China
2 School of Software,Dalian University of Technology,Dalian, Liaoning 116000, China

3 Zhejiang Dahua Technology Co. . Ltd,Hangzhou 310051, China

Abstract Point of interest(POI) recommendation is a fundamental task in location-based social networks, which provides users
with personalized place recommendations. However, the current point of interest recommendation is mostly based on learning the
user’s check-in history at the point of interest in the social network and the user relationship network for recommendation, and
the travel rules of urban crowds cannot be effectively used. To solve the above problem,firstly,a human mobility pattern extrac-
tion(HMPE) framework is proposed,which takes advantage of graph neural network to extract human mobility pattern. Then at-
tention mechanism is introduced to capture the spatio-temporal information of urban traffic pattern. By establishing downstream
tasks and designing upsampling modules, HMPE restores representation vectors to task objectives. An end-to-end framework is
built to complete pre-training of human mobility pattern extraction module. Secondly.the human mobility tecommendation( HM-
Rec)algorithm is proposed, which introduces the prior knowledge of crowd movement patterns,so that the recommendation re-
sults are more in line with human travel intentions in cities. Extensive experiments show that HMRec is superior to baseline mo-
dels. Finally, the existing problems and future research directions of interest point recommendation are discussed.

Keywords POI recommendation, Human mobility pattern,Graph neural network
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Fig. 1 Human mobility pattern discovery architecture
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Table 1  Results of urban traffic congestion prediction
i GCN-CNN-  N2V-MLP- ANRL-MLP- GCN-MLP- .
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18 #r Trans Trans Trans GRU
RMSE/ % 16.93 15.17 18.07 14.73 14.66
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Table 2 Comparison of experimental results of interest point

recommendation model

AL W R (ACO) AUC(ROC) AUC(PR)
HMRec 0.8103 0.7331 0.3558
wide&. deep 0.7978 0.7271 0.3499
DeepFM 0.8095 0.7253 0.3610
NeuralCF 0.7810 0.7078 0.3097
p&3 0.6922 0.6097 0.1781
EmbeddingMLP 0.7966 0.7103 0.3302
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Fig. 3 ROC and PR curve visualization of experimental results of

recommendation algorithms
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