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Location-based Social Network

• Check-in

<user, POI, time>

• Friendship

• Reviews

• Categories & 
tags
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Latitude and 
longitude



POI Recommendation
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• Motivation
• Heterogeneous information

• Various influence factors
Geographical 

Factors

Social 

Content

Temporal



Problem Statement

• Users’ check-in decision is influenced by various factors. Although 
many POI recommender systems explore different influential factors 
to improve POI recommendation, they only partly exploit some of the 
factors. Therefore, there is a lack of research that attempt to 
incorporate these influential factors in a unified way.

• Two challenges
• Different factor influence users’ check-in decision in different way.

• Information of different factors is represented in different way.
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• Research Objectives 
• Identify appropriate information of content factor to model users’ preference 

more precisely.

• Develop a knowledge graph to integrate various factors in a unified way.

• Develop a latent factor model to generate POI recommendations with 
considering various influence factors as well as their personalized importance 
for each user and POI.



Overview

Research Objective 1

Heterogeneous Graph 
Construction

Research Objective 2

Neighbor Discovery

Incorporating meta 
paths into MF

Recommend Top-N POIs
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Dataset Description

• Yelp dataset is utilized for experimental 
purpose.

• This study focuses on restaurants since 
aspects are domain specific.

• Phoenix, Las Vegas and Charlotte are 
chosen for this study.

• Aspect: “I like the service and food in this 
Sushi bar”.
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Intuitions for AGSG 
Construction

• Aspect-aware Geo-Social Influence Graph (AGSG) is 
constructed based on the following intuitions: 

• Intuition 1 (Geographical factor): users prefer to visit 
place that are near to their usual activity areas (Ye et al., 
2011; Yuan et al, 2014).

• Intuition 2 (Social factor): friends share more interest that 
non-friends (Yang et al., 2013; Ye et al., 2010).

• Intuition 3 (Content factor): a user prefer a POI because 
some aspects of this place attracts her, e.g., food or 
atmosphere (He et al., 2015).

• Intuition 4 (Content factor): if user 𝑢𝑖 express concerns 
about aspect 𝑎𝑝, 𝑢𝑖 may also concern about aspect 𝑎𝑞 if 
𝑎𝑞 is semantically similar to 𝑎𝑝.

RO1&2

Heterogeneous 
graph construction

RO3

Neighbor Discovery

Incorporating meta 
paths into MF

Recommend 
Top-N POIs
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Meta Path Selection

• Meta Path Selection

• A meta path is a sequence of relations connecting different types of nodes (Sun et al., 2011), for example

𝑈
𝑚𝑒𝑛𝑡𝑖𝑜𝑛𝑒𝑑

𝐴
𝑖𝑠𝑀𝑒𝑛𝑡𝑖𝑜𝑛𝑒𝑑𝐵𝑦

𝑈

• Different recommendation strategies can be modelled in a generic way.
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RO1&2

Heterogeneous 
graph construction

RO3

Neighbor Discovery

Incorporating meta 
paths into MF

Recommend 
Top-N POIs

Meta Path Recommendation Strategy Influence factor

𝑈𝐿𝑈 User-based CF User preference

𝑈𝐴𝑈 User-based CF Content factor

𝑈𝑈 User-based CF Social factor

ULALU User-based CF User preference + Content factor

LUL Item-based CF Location preference

LL Item-based CF Geographical factor

LAL Item-based CF Content factor



• Neighbor discovery by meta-path based random walk
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𝑢1

𝑢2, 𝑢1’s friend
𝑢3, 𝑢2’s friend

x
𝑙1, 𝑢1visited before

For meta path UU,



Aspect-aware Geo-Social 
Matrix Factorization

• A unified latent factor model approach AGS-MF (Aspect-aware Geo-Social Influence Matrix Factorization) is proposed by 
extending MF with the integration of the selected meta paths:
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RO1&2

Heterogeneous 
graph construction

RO3

Neighbor Discovery

Incorporating meta 
paths into MF

Recommend 
Top-N POIs

𝑢𝑘 is a neighbor of 𝑢𝑖 based on 
meta path 𝑝 ∈ 𝑀𝑢

𝑙𝑞 is a neighbor of 𝑙𝑗 based 

on meta path 𝑝 ∈ 𝑀𝑙

The importance of a meta 
path for a user or item



Experiments

• Aspect Extraction
• Toolkit provided by Zhang et al. is used in this study.

• Aspect-opinion with sentiment polarity, e.g., (food, delicious, positive) is 
generated.

• Cross Validation
• Users and POIs with less than 10 reviews are filtered out.

• 5-fold cross validation is adopted for learning and testing.

• Evaluation metric
• Precision@N

• Recall@N
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Results of Variants of AGS-MF

• Variants of AGSRec
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• Effect of meta path length
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• Comparison result
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Contribution

• Propose a novel heterogeneous graph model to incorporate various 
influence factors in a unified way.

• Propose a novel latent factor model that exploits semantics of the 
graph and can learn personalized importance of each influential 
factor for each user and POI.
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Geographical Factor

• Users’ check-in behavior is geographically constrained.

• Representative methods that model geographical factor
• Power law distribution model (Ye et al., 2011; Yuan et al., 2014)

• Gaussian distribution (Cho et al., 2010; Cheng et al., 2012)

• Kernel density estimation (Zhang et al., 2013)
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Social Factor
• Friends in LBSNs share more common interests than non-

friends.

• User-based Collaborative Filtering Framework.
• Friend-based CF (Ye et al., 2010; Li et al., 2016)

• Random Walk (Noulas et al., 2012; Wang et al., 2013)

• Matrix Factorization Framework
• The latent features of friends are similar in latent space (Cheng et al., 

2011; Yang et al., 2013)

Social regulationTraditional MF
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Content Factor

• Inferring users’ preference for categories
• Categories provides information about the function of 

POIs.

• Bao et al. (2012) exploit the hierarchy of categories.

• Inferring users’ preference for aspects
• Aspects can be used for modeling users’ preference in a 

finer granularity (Yang et al., 2013; He et al., 2015).

• Geo-Topic model
• A region is associated with certain topics which is hidden 

in reviews, categories and tags (Yuan et al., 2013; Yin et 
al., 2013; Zhao et al., 2015).

• Geographical + Content

…
…

Food Entertainment

Chinese food Art museum

Check-ins
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