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Abstract; Point—Of-Interest (POI) recommendation aims to analyze the user’s check—in data and predict the next most probable
location for the user to visit. Recurrent neural networks have been widely utilized in recommendation systems with some success,
but they struggle to capture complex high—order information. To address these limitations, this paper proposes a self —supervised
hypergraph attention network model for POI recommendation. Firstly, the user’s check—in trajectory is represented as a hypergraph,
and then a node and hyperedge—specific hypergraph attention network is designed based on the attention mechanism, enabling high—
quality embedding of nodes through node —hyperedge —node two —step information aggregation. Finally, the node information is
aggregated to derive the user preference representation. Additionally, in order to mitigate data sparsity issues in recommendation
systems, gated recurrent unit is employed to extract sequence supervision signals from raw data and enhance user representation
through self-supervised learning for improved recommendation performance. Experiments on three public social network datasets
demonstrate that the proposed model outperforms other baseline models for POI recommendation.
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Fig. 1 The framework structure diagram of the model in this paper
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Fig. 2 Hypergraph Attention Network
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Table 1 Basic information of the datasets
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Table 2 Experimental results of different models on datasets

Foursquare Gowalla Yelp
Model

Recall@5 NDCG@ 5 Recall@ 5 NDCG@ 5 Recall@5 NDCG@ 5

ST-RNN[' 0.167 9 0.076 8 0.142 2 0.083 5 0.2156 0.0713

LSTPM! 0.2015 0.1536 0.1835 0.1125 0.2832  0.113 4

STGN'3! 0.2730 0.1425 0.172 6 0.156 3 0.3429 0.1654

DeepMove[zo] 0.3516 0.1813 0.2034 0.1836 0.324 5 0.203 5

STAN!2¢] 0.3218 0.215 4 0.234 5 0.2358 0.384 3 0.265 4

SS-HAN 0.4156 0.2652 0.3156 0.2934 0.4286 0.3186
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