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Research on location aware interest point recommendation algorithm
based on neural networks
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Abstract; The rapid development of location services, points of interest (POI) recommendation in location—based social networks
(LBSN) has gradually become a research hotspot. Traditional machine learning methods have achieved some success in POI
recommendation, but how to fully consider geographical location, user behavior patterns, and contextual information, and
effectively slove the problem of sparse check—in data, remains an important challenge. This paper proposes a location —aware
recommendation algorithm that integrates deep learning strategies. It uses a variant of recurrent neural networks, long short-term
memory networks (LSTM) , and closely integrates it with geographic information to construct a Geo~LSTM model. This model can
capture the temporal and spatial behavior patterns of users and use geographic location information to enhance the recommendation
effect. Experiments have shown that when applied to publicly available large—scale datasets such as Foursquare and Gowalla, Geo—
LSTM not only reflects users” social relevance and spatial proximity in friend recommendations, but also demonstrates significant
advantages in POI recommendations, as reflected in significantly improved recall and precision metrics, thus confirming the
effectiveness and superiority of Geo—LSTM in location—aware recommendation systems.
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Fig. 3 Accuracy rates on the Gowalla dataset
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Fig. 4 Accuracy rates on the Foursquare dataset
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