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Abstract

The focus of point-of-interest recommendation techniques is to suggest a venue to a given user that would
match the users’ interests and is likely to be adopted by the user. Given the multitude of the available
venues and the sparsity of user check-ins, the problem of recommending venues has shown to be a difficult
task. Existing literature has already explored various types of features such as geographical distribution,
social structure and temporal behavioral patterns to make a recommendation. In this thesis, we show
how a comprehensive set of user and venue related information can be methodically incorporated into
a heterogeneous graph representation based on which the problem of venue recommendation can be
efficiently formulated as an instance of the heterogeneous link prediction problem on the graph and
we propose a new set of features derived based on the neural embeddings of venues and users. We
additionally show how the neural embeddings for users and venues can be jointly learnt based on the
prior check-in sequence of users and then be used to define a set of new features. We have also used
a new proposed heterogeneous graph similarity search framework to find similarity between users and
venues using our graph. These features are integrated into a feature-based matrix factorization model.
Our experiments show that the features defined over the user and venue embeddings are effective for

venue recommendation and outperform existing state of the art methods.
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Chapter 1

Introduction

1.1 Background

With a significant number of users, Location-Based Social Networks (LBSN) such as Facebook Places,
Yelp, and Foursquare are starting to be well known as a result of their capability to share location related
information. Until August 2018, Foursquare users have generated over 12 billion check-ins over more
than 105 million spots mapping organizations across the world. Also, at least fifty million users use
Foursquare City Guide along with Foursquare Swarm every month.! LBSNs collect users’ check-in info
such as visited locations’ geographical information (longitude and latitude) and also users’ comments
about a location.

Obtaining information on human spatiotemporal actions is a perennial study. Today, as a result of its
abundant potential applications, this particular information is becoming increasingly more important.
The recent years have experienced a significantly improved way of life of modern society. Together with
the ubiquitous access to the web and the popularity of different kinds of location-based social networking

sites (LBSN) including the microblogging service Twitter or even the check-in service Foursquare, most

L (https://foursquare.com/about)
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people are progressively prepared to report the personal experiences of theirs on the LBSNs from their
immediate vicinity in all sorts of scenarios.

In these services, users could easily share their geospatial Point of Interests and its related contents
in the actual physical community by using web-based platforms. For example, an individual with a cell
phone is able to share feedback with the friends regarding a restaurant at which she’s dined. Different
users can expand their social networks by using friend recommendations produced from overlapped
location records. For instance, individuals who regularly play soccer at the same soccer field could be
placed in contact. The location dimension bridges the gap between the actual physical world as well as
the digital online social network providers, providing rise to unique challenges and opportunities within

traditional recommender models within the following aspects:

(i) Abundant knowledge: A point of interest is among the most crucial elements determining a user’s
context. Extensive information about a user’s preferences and behavior may be learned by us-
ing their location history [49]. The enormous amount of location related statistics generated by
consumers enhances the chance that social opinions can be can be effectively evaluated by recom-

mender techniques.

(ii) Complex relations and objects: A location is a unique object in location based social networks
(LBSNSs), producing unique associations between individuals, point of interests, and also locations
and users. New recommendation scenarios, like location and itinerary suggestions, can certainly
be allowed by using this type of information, while with traditional recommendation scenarios, like
friend and advertising recommendation, can be improved. Nevertheless, these recommendations

demand new techniques for producing high-quality suggestions.

In an effort to enhance user experience in LBSNs, Point-of-Interest (POI) recommendation can be
proposed which suggests locations for people to check out from mining users’ social relationships and

check-in records. The following figure shows an ordinary LBSN, exhibiting the interactions (e.g., check-
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in activity) between POIs (also called venues) and users. There are two types of nodes, locations, and
users. An edge starting right from a person and ending at point of interest can indicate the user’s
traveling histories, and the weight of the edge is able to indicate the number of visits or perhaps the

user’s feedback ratings.

< User |

Figure 1.1: A regular LBSN where users visit various point of interests.

POI recommendation is among the more important tasks in LBSNs that enables users to explore
new places inside the LBSNs. POI recommendation commonly mines users’ check-in records, venue
info including categories, plus users’ interpersonal interactions to suggest a list of POIs where users will
probably check-in later on. POI recommendation does not just improve the user viscosity to LBSN service
distributors, but additionally benefits advertising organizations with an efficient method of launching ads
to potential customers. Notably, users are able to explore restaurants that are nearby and shopping malls
in Foursquare. However, by using effective POI recommendation models, merchants are in a position to
help users quickly find them.

Point-of-interest (POI) recommendation has been investigated recently by researchers and it is among
the more interesting tasks that enhance user participation on the social network. In the past few years,

researchers have designed and discovered various POI recommendation models to increase the accuracy
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of the recommended venues to the users. The simple idea behind this is to recommend a set of locations
to the user based on her historical visits. These visits are also called check-ins in the social networks
where the user will generate footprints of the locations she has visited and/or left a comment or a review
for that location. This task has been well studied using Location-based Social Networks (LBSNs) which
are social networks that use smart devices GPS for broadcasting the users’ location and other content
from their mobile device. Due to the growing popularity of LBSNs, a high volume of user location
information has been generated [46].

Due to the growing popularity of LBSNs, a high volume of user location information has been
generated [46] and as such, point-of-interest (also called venue) recommendation models have received
attention by researchers in the past few years and many providers are now focused on developing such
recommendation systems for their end-users to facilitate social interaction [26]. Due to this, researchers
have focused on analyzing these generated social data that are related to users point-of-interests (POI)
based on their preferences and personalities.

In this thesis, we take a different perspective on the problem of Point-of-Interest recommendation by
formalising user LBSN info in the style of a heterogeneous graph and proposing a new set of features based
neural embeddings of users and venues and the metrics generated from the graph [33]. We propose how
the problem of point-of-interest recommendation can be considered as an instance of the link prediction
problem on heterogeneous graphs. In our proposed approach, these newly derived features are integrated
into a feature-based matrix factorization model for Point-of-Interest recommendations. Our experiments
demonstrate that the features outlined across the user and venue embeddings are effective for venue

recommendation and outperform current state of the art approaches.
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1.2 Problem Statement

In this thesis, we take a different perspective on the problem of Point-of-Interest recommendation by
formalizing user LBSN information in the form of a heterogeneous graph, and we propose a new set
of features based on the neural embedding of users and venues. A set of features are integrated into
a feature-based matrix factorization model for more accurate recommendations. We have proposed
the following models for the problem of POI recommendation and investigated and compared their

performance:

1. Heterogeneous Link Prediction Model

2. Neural Embedding Model

3. Ensemble Model

POI recommendation seeks to mine users’ check-in data and recommend POIs for the individuals in
LBSNs. POI recommendation aims to recommend a user a listing of POIs through available check-in

data.

H .
£ ’ . *
' i
Venues £ : -
1 )
/ N r
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i _‘\‘: = —f— -
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Figure 1.2: Point-of-Interest Procedure in LBSNs.
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There is a high amount of useful data in user check-ins which can be used for Point-of-Interest recom-
mendation. As illustrated in Fig 1.2, users, venues, regions and categories of venues are rich information
for making more accurate recommendations. Also, as it can be seen, black bolded lines indicate users
historical check-ins and dashed lines are for recommendations made to the user. For instance, user
“Alex” is a friend of “Joe” and “Alex” plays soccer at the “Trio Sportsplex” venue many times. If “Joe”
is also interested in playing Soccer, “Trio Sportsplex” will be recommended to him and there is a high
chance that “Joe” may visit that venue in the future.

To describe the problem more formally, assume a check-in (digital footprint that users leave after
visiting a location) is denoted as a triple (u,v,t) that indicates a user u heading to POI v at time ¢.
Given the check-in sequences, POI recommendation seeks to recommend a POI list for every user u. A
variety of locations are recommended to the user and in case she is keen on one of them and visits that
place, the most effective results are attained. The dataset for this certain problem consists of users and

location identification, categories of the locations and the time of the visits.

1.3 Contributions

In this thesis, we provide the following major contributions:

1. We show how a collection of LBSN information including user relationships, past user-venue in-
teraction history, venue category information and geographical coordinates can be unified into
and represented as a heterogeneous graph. How meta-paths can be extracted from such a het-
erogeneous graph representation in order to identify potential links between users and venues

(points-of-interest).

2. We systematically show how the check-in sequence of users can be utilized to learn neural em-
beddings for both users and venues within the same embedding space. We introduce three classes

of features based on neural embeddings of users and places, which capture the characteristics of
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users, locations, and their interactions.

3. We also show how the embedding-based and metapath-based similarity is used to find the similarity
between users and venues by utilizing the generated embeddings and defined meta-paths, which
lead to higher accuracy recommendations to the users. We formalize how the defined features
are encoded into feature-based matrix factorization for venue recommendation and extensively

compare our work with the state-of-art.

1.4 Structure of the thesis

This thesis is prepared as follow:

1. Chapter 2 - Literature Review: This chapter covers the details of heterogeneous link prediction,

feature-based matrix factorization and Point-of-Interest recommendation techniques.

2. Chapter 3 - The Proposed Approach: This chapter describes the proposed approaches for the
problem of Point-of-Interest recommendation using three different techniques of Heterogeneous
Link Prediction, Feature-based Matrix Factorization and Ensemble of these methods through an

ablation study.

3. Chapter 4 - Empirical Evaluations: This chapter focuses on the through evaluations performed on

the three proposed approaches and also the weaknesses along with strengths of them are reviewed.

4. Chapter 5 - Conclusion: In this chapter we summarize the proposed strategies and talk about

potential future work.



Chapter 2

Literature Review

In this chapter, we present an introduction of the models used in our work including Heterogeneous
Link Prediction, Feature-based matrix factorization followed by the state-of-the-art in Point-of-Interest

recommendation.

2.1 Heterogeneous Link Prediction

2.1.1 Heterogeneous Information Networks

Information Networks: An information network is described as a directed graph G = (V, E) where
each object v € V' belongs to one specific object form in the object type set, and each link e € E belongs
to one specific relation type in the relation type set.

Heterogeneous Information Networks: An information network is called heterogeneous informa-
tion network in case the types of objects or the types of relations are larger than one; if not, it is known
as a homogeneous information network. The majority of contemporary information network analysis
techniques use a simple assumption: the types of objects and links are unique [38] where the networks

are generally homogeneous filled with identical type of links and objects as investigated in most link
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prediction studies [12], [20], [41]. However, since we have multiple objects in our work (users, venues,
categories, etc.) which will be covered in the following chapter, homogeneous information network cannot
be a helpful solution. As compared to widely used homogeneous information networks, heterogeneous
information networks can easily fuse a lot more information and contain richer semantics within links
and nodes, as seen in Figure 2.1.

Homogeneous Network Heterogeneous Network

& = B 2
Y B

B E
Authors Network Author-Paper Network

Figure 2.1: Homogeneous and Heterogeneous Network

Since the introduction of the idea of heterogeneous information network in [37], more and more re-
searchers have recognized the significance of Heterogeneous Information Network Analysis (HINA) and
many studies have been based on this idea [40, 13, 33, 39]. In addition, since most of the networks in
the real word contain multiple types of objects and links, homogeneous networks does not give us the
ability to construct effective recommendation systems due to the multiple types of objects available in
the digital footprints. For example, a shopping network such as Amazon, contains information about

the types of products, companies, users, and reviews, with links from types of buy/bought, sell/sold,
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review/reviewed and so on.

Metapath Methodology: Distinct from homogeneous networks, in heterogeneous networks objects
can be connected via various paths and each path has a different meaning. For example, Table 2.1 shows
various meta-path instances with their meanings. These paths could in fact be classified as meta paths
[37] where a metapath P is a path defined on a Schema S = (N, E). Each metapath starts with a source
node and ends with a target node. The length of each metapath is not limited and each one can be up
to n hops long. In addition, meta-paths are abbreviated using the first letters of paths. For example,

write published—at
_—

as described in Table 2.1, Metapath Author —— Paper Venue (APV) has a source node
of Author and target node of Venue or the authors publishing a paper in the same venue is denoted as

AVA. A meta path P is a symmetric path, when the relation R outlined by it’s symmetric (i.e., P is the

same as P~1), like AVA.

Path Instance Meta-path Meaning

Jiawei - EDBT - Tianyi | Author - Venue - Author (AVA) | Authors publish a paper in the same venue

Jiawei - CIKM - Tianyi | Author - Venue - Author (AVA) | Authors publish a paper in the same venue

Jiawei - ROPA - EDBT | Author - Paper - Venue (APV) Author publish a paper at a venue

Table 2.1: Heterogeneous Information Network Meta Paths and Their Meanings.

The heterogeneity of objects along with links makes it difficult to work with known topological
principles in homogeneous networks for algorithmic design. For instance, the number of the common
neighbors is regularly employed as a feature for link prediction in homogeneous networks. Nevertheless,
in heterogeneous networks, the neighbors of an item can come from various types, and the amount of
shared neighbors is not in a position to completely represent this heterogeneity. The recent work of [37]
has drawn a lot of attention due to its developed methodology of PathPredict. In this paper, Sun et al
examined the challenge of co-author relationship prediction in the heterogeneous bibliographic network

10
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and solved it by using the meta path-based PathPredict relationship prediction model which will be

covered in subsection 2.1.3.

2.1.2 Link Prediction

Link prediction is an essential dilemma of link mining which attempts to estimate the chance of the
presence of a link between two nodes, based on found links and also the features of the nodes. The
majority of the current link prediction research studies are intended for homogeneous networks, where
only one kind of objects is present in the network [20], [41]. Link prediction is commonly considered a
simple binary classification problem: for any kind of 2 possibly linked objects, predict whether or not the
link exists (1) or otherwise (0). Link prediction in an Heterogeneous Information Network has continued
to be an important research subject in the recent years, that has the following qualities. To begin with,
the links being predicted are of different types, because objects in HIN are linked with various links
types. Next, there are dependencies existing among several forms of links. Hence link prediction in an
Heterogeneous Information Network needs to predict various links types collectively by capturing the
complex and diverse relationships among different sorts of links and using the complementary prediction
information. For example, Fig 2.2 presents a collective prediction dilemma of numerous links types in
Heterogeneous Information Network. As seen, there are four types of nodes in this network (Topic,
Paper, Author and Venue) and six types of edges (contain, cite, write, publish and mention) between
these nodes.

One sort of approach is making this prediction solely based on structural characteristics of the network
as also discussed in Liben-Nowell’s [23] survey of predictors on various graph proximity measures. A
different type of approach is making use of attribute information for link prediction. For instance, in our
work a structured logistic regression model has been trained by using relational features of users digital

footprints to predict potential links between users and point-of-interests in future which will be covered

11
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Figure 2.2: Heterogeneous Information Network for DBLP Bibliographic Network

in Chapter 3.
Similar to our work, many researches in this field have employed a three-step process to find solutions

to the link prediction problem in Heterogeneous Information Networks.

1. Define a set of meta-paths from the Heterogeneous Information Network
2. Extract meta-path based feature vectors (covered in Chapter 2.2.3)

3. Train a logistic regression model to compute the presence likelihood of a link

2.1.3 Topological Features in Heterogeneous Information Networks

Topological features are also called structural features, which aim at extracting connectivity charac-
teristics for pairs of objects. Topological feature based link prediction aims at inferring the upcoming
connectivity by using the present connectivity of the network. There are a handful of often used topo-

logical features outlined in homogeneous networks, including the number of common neighbors [16], [29].

12
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We first review several commonly used topological features in homogeneous networks, and then review
the systematic meta path-based methodologies to define topological features in heterogeneous networks.

Homogeneous Information Networks Topological Features:

1. Jaccard’s coefficient: Jaccard’s coefficient is a measure to assess the similarity among 2 neighbor

sets, which can be considered the normalized selection of common neighbors.

2. Common neighbors: Common neighbors is described as the amount of common neighbors shared

by 2 objects

3. PropFlow [24]: a random walk-based measure PropFlow is suggested to determine the topological
feature between 2 items. This specific approach assigns the weights to each and every path (with

fixed length ) through the products of specifications of the flows on the edges.

We are able to observe that, almost all of the current topological features in homogeneous networks
depend on neighbor sets or perhaps paths between 2 objects. Nevertheless, as there will be multi-typed
objects as well as multi typed associations in heterogeneous networks, the neighbors of an object could
belong to various types, and also the paths in between two objects could follow various meta paths and
indicate various relations. Therefore, a more complex approach is needed to produce topological features
in heterogeneous networks to differentiate paths with various meanings. In order to achieve this, the
topology between the network objects should be defined by using the concept of meta-paths (covered

earlier). The following measures are proposed on the meta paths determined topologies.

1. Path Count[37]: Path count measures the amount of path instances in between 2 objects following
a certain metapath and it is denoted as PCg in which R is the relation denoted through the meta

path.

2. Random Walk: Random walk is a natural regularization of PropFlow (defined earlier) which is

defined as: RWg (a;,a;) = %W, where PCg (a;,a;) denotes the number of paths starting

13
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from a; following R and ending with a; and PCg (a;, -) denotes the total number of paths starting

with a; following R.

3. Degree-Weighted Path Count[13]: DWPC is developed by adopting the existing method
called PathPredict. DW PC downweights paths by high degree nodes when computing metapath
prevalence. The strength of this method depends on parameter w which is optimized to w = 0.4,
similar to Himmelstein et al [13] work. Every path gets a path degree product (PDP) calculated

by:
(a) Extracting all meta edge-specific degrees on the path, Dyain

(b) Raising each degree to —w (damping exponent) which is optimized to 0.4 as mentioned earlier.

(¢) Multiplying all of the exponentiated degrees to deliver the PDP

PDP(path) = Zdeth a-"
By using the Path-degree Products summation, the Degree-weighted Path Count is obtained:
DWPCh(8,t) = 3 pathe Paths,, (s,t) P PP (path)

For every meta path, we are able to apply some measure functions on it and receive a distinctive
topological feature. For instance, Figure 2.3 is an example of how the feature between a user and a
venue is calculated. The feature that is used in our model is the calculated degree-weighted path count
(DWPC) between the users and the venues. For the defined metapaths, the users are treated as the
source nodes and the venues are treated as the target nodes. As it is shown in Figure 2.3, between
user “Branko” and venue “LS3”, each metapath receives a different value of DWPC based on the path

characteristics.
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Figure 2.3: Degree-Weighted Path Counts in LBSNs

In addition to the meta-paths topological measures, similarity measures have been also a hot topic in
the recent years. Similarity search continues to be thoroughly examined for traditional categorical as well
as numerical data types in relational data. Most of these research studies are centered on homogeneous
networks, such as Sim-Rank[14] and PageRank[15]. For example, in our work, a user may be interested
in the (top-n) most similar point-of-interests for a given point-of-interest.

Nevertheless, these similarity methods overlook the subtlety of various types among links and objects.
Using the new similarity measure of PathSim[40], the subtle semantics of similarity among peer objects
of the Heterogeneous Information Network is captured.

Given a symmetric metapath P, the Meta path-based similarity measure (PathSim[40]) between the
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two nodes x and y is :

B 2 X {pe—y : Py € P}
s(zc,y) T Hprox i Proa EP}—l—{py—>y ‘Py—y € P}

where p,_.; is a path instance between nodes a and b.

PathSim is able to identify objects that are not only strongly connected but additionally share
identical visibility in the network considering the meta path. The intuition behind it is that 2 similar
peer objects should not solely be strongly linked, but additionally share comparable visibility. This
similarity measure has been used in our Ensembled Point-of-Interest Recommendation as a feature of

feature-based matrix factorization which will be discussed in Chapter 3.

2.2 Feature-Based Matrix Factorization

Since early 1990s, research on recommender methods has shown excellent efficiency in solving the issue
of information overload by connecting information actively, instead of passively, to possibly associated
people based on their information utilization history [1, 21]. Recommendation plays highly crucial role in
our daily lives. Recommender systems automatically recommend to a user things that could be appealing
to her. Recommender system (RS) origins date back to many similar research disciplines, for example
cognitive science, approximation principles as well as information retrieval. The primary task is figuring
out beneficial patterns describing the connection between users and items from user item usage history,

and after that to generate predictions for potential user-item links based on these patterns [27].

2.2.1 Collaborative Filtering Based Approaches

In general, there are two variants of recommendation approaches: collaborative and content-based, CF
and CB, filtering based approaches. CB filtering is popular for recommendation systems design, and
uses the information of products to produce features and also attributes to match up with user profiles.

The CF approach is considered the most preferred method for recommendation systems design. It uses
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a significant volume of data collected from user actions in the past and predicts what items users will
be interested in future. It does not need to evaluate the content of the items. Rather, it depends on the
relationship between items and users, which are generally encoded in a rating feedback matrix with each
component representing a certain user rating on a certain product. An illustration of the Collaborative

Filtering process is shown in Figure 2.4.
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Figure 2.4: Collaborative Filtering Process

The common CF recommendation task is predicting the missing ratings by provided users or for
specified items by data exploring and mining the user item score matrix [42]. For instance, Point-of-
Interest recommendation using CF models can be seen in Fig 2.4 where CF algorithms signify entire
m X n user location statistics as being a visits matrix, RM. Each entry in RM belongs to the amount of
visits of the ith user on the jth location. Each person check-ins is inside a numerical scale and it can also
be 0 indicating the user has not visited that location. However, as discussed in the following chapter,
this is not how we deal with this problem since this is a solution cannot deal with the sparse RM matrix

in POI Recommendation.
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2.2.2 Matrix Factorization Based Procedures

Matrix-factorization (MF') based procedures have found to be scalable and accurate highly in dealing with
collaborative filtering (CF) conditions. The CF is generally implemented by a handful of approaches.
The latest advances in this particular area show that matrix-factorization (MF)-based models are scalable
and highly accurate for many cases [17, 51, 44, 34]. An MF based model operates by mapping both
the items along with users directly into the same latent feature space, training preferred user/item
features on existing ratings, and then creating predictions for unidentified ratings highly depending on
the internal products of related user item feature-vector pairs. Due to the typical low-rank of the rating-
matrix created by its extreme sparsity, the dimension of the latent feature space could be set to a low
value without impairing accuracy.

Thus, the dimensions of feature matrices in a MF based design is linearly associated with item and
user counts. Many MF based methods have been proposed and effectively applied to CF recommenders.
For instance, at the Netflix-prize competition, the Collaborative Filtering recommender which was based
on regularized Matrix-Factorization model has established high performance [10]. The concept of MF
based CF has additionally been employed in several relevant areas, e.g., image tagging in image processing
[53] and video re-indexing in information retrieval [43].

The typical framework of matrix factorization approach in the recent studies is singular value decom-
position based recommender [4] which is the earliest model of its kind. In order to execute a regular SVD
process, this particular model demands prefilling the unidentified reviews synthetically with the rating
data. The SVD based model has a benefit in storage effectiveness, which is crucial for the majority of

industrial applications.
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2.3 Neural Embeddings

Neural embedding approaches, such as word2vec, proposed in [19] for word embedding learning is often
put into use to model numerous kinds of sequential data. The core concept could be summarised as
follows. Provided a set of symbolic representation sequences, a fixed-length vector representation for
every symbol could be learned in a latent space by exploiting the context information amongst symbols,
in which regularly “similar” symbols will likely be mapped to close by positions [52]. If we treat every
single location ID as a word token, and also turn the historical location visit records of a user to a
timestamped sequence, we are able to subsequently make use of the exact same methods to acquire
location embeddings.

Skip-gram model vs. Continuous Bag-of-Words: Mikolov et al.[28], proposed two recurrent
neural architectures for training product embeddings, called Continuous Bag-Of-Words (CBOW) and the
Skip-gram model which has been used in our work. The key distinction between these two architectures
lies in the path of prediction: CBOW predicts the present item using the surrounding context, while

Skip gram predicts the context together with the present token as also shown in Fig 2.5.

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT
Pt-2 Pt-2
Prl Pt Pt Prl
u : u
Pi+1 Pr+1
Pt+2 CBOW Skip-Gram Pr+2

Figure 2.5: Recurrent neural architectures
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2.4 Point-of-Interest Recommendation

In this section, we first discuss pure check-in data based POI recommendation methods. Next, we split
POI recommendation procedures into state based POI recommendation, social impact and temporal
and spatial impact influenced depending on which type of supplemental information are merged with

check-in information to enhance the quality of POI recommendation.

2.4.1 Pure Check-in Data Based Point-of-Interest Recommendation

Generally there has been strong work on state-based Point-of-Interest (venue) suggestion within the
literature. Gambs et al.[8] have suggested a version of typical Markov Chains that includes the n
previous visited venues of users. In this work, the next place of the users is predicted by using the
mobility Markov chain which was developed for every individual user. For instance, if user “Lionel” has
visited “Tim Hortons” at ¢t = 0, “Cineplex Empress Walk” at ¢t = 1 and “Tim Hortons” at ¢t = 2, these
models (based on their n value) will recommend one of the locations at time 0 or 1 for the next place of
the user. The majority of the location recommendation Markov based models just use the geographical
information of the locations without taking into consideration the context of the user footprints.
Supervised learning models were additionally examined in [30] for location recommendation. In this
particular work, two supervised procedures, linear M5 and regression trees have been compared and it
was discovered that M5 trees attain higher prediction accuracy. Much like various other works, the set of
attributes that have been used for training in the classifiers had been the user transitions between places
as well as spatio temporal features of the check-in footprints. In our work, we’ve trained our model with
the linear regression classifier and also have accomplished much better recommendation accuracy as a
result of using the features collaboratively rather than independently as compared to the work by Noulas
et al[30]. In [47] and also [26], the significance of venue context information like different categories for

location recommendation had also been investigated.
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The accuracy of point-of-interest recommendations was elevated by getting the users’ preferences
which were depending on the place categories they had visited. While in many established work the
current place of the user is necessary for location recommendation; in our work, we clearly show increased
performance as compared to the state of the art without needing information regarding the last place of
the user.

Because of the success of Netflix Prize tournament, matrix factorization [18] based recommendation
algorithms have received a substantial popularity due to their efficiency and effectiveness in dealing with
very large user item rating matrix. It is intuitive that matrix factorization strategies can certainly be put
into use for POI recommendation in LBSNs and it can be commonly used in POI recommendation by
treating locations as items. In [6], matrix factorization is fused with geographical effect by using Multi
center Gaussian Model (MGM) and social influence. Throughout the work [4], location recommendation
is based on the likelihood of a Gaussian distribution model, which is applied to the checked in location
centers together with the fusion framework with user preferences. Nevertheless, the information of the
check-in footprints for instance the geographical context aren’t taken into consideration.

In addition, the authors in [48] suggested item-based and user-based POI recommendation methods.
In their work, item based POI recommendation technique assumes that users are attracted to quite
similar POIs. However, User-based POI suggestion approach assumes that quite similar users have
equivalent tastes for locations and tends to make POI recommendations based on the views of almost

all very similar neighbors.
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2.4.2 Social Impact

Collaborative recommendation approaches have been extensively explored in traditional recommender
systems due to its positive impact on the quality of recommendations. Inspired from the presumption
that friends of LBSNs share more common pursuits than non friends, several POI recommendation
strategies enhance the quality of their recommendations by taking community impact straight into ac-
count such as [48]. For instance, in their approach, POI recommendations is based on a friend-based
collaborative filtering model. Their model is trained based on the friendships similar preferences instead
of the similarity between all the users in the social network. However, in [6] recommendations are made
based on social influence of the network being examined. In addition, we have taken the social impact
based on the friendship between users in our Heterogeneous Link Prediction POI recommendation model

which will be covered in the next chapter.

2.4.3 Temporal and Spatial Impact

Social and temporal influence on the quality of Point-of-Interest recommendations has been well studied
in the past few years. Yuan et al. [50] believe that users tent to check out locations that are different
at different time and proposed time aware POI recommendation algorithm. Specifically, their proposed
POI recommendation algorithm expands the user-based POI recommendation algorithms by leveraging
the time aspect when computing the similarity between two individuals along with taking into consid-
eration the historic check-in times to make POI recommendation. For instance, Yang et al.[47] have
recommended a fusion framework, which exploits both equally temporal and spatial activity personal
preferences (using tensor factorization) of users to predict the next point-of-interest. For every person,
the spatial features are captured by generating Personal Functional Regions, that are made based on
frequented regions which the person visits. This particular design utilizes the temporal and spatial fea-

tures separately for recommendation to users. In this work, each region is assigned to a category which
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the user is much more keen on depending on her historical visits.

As a result, if the user is close to each region, the category assigned to that particular region is put
into use for venue recommendation. Additionally, in this particular work, the lifestyle actions of users
is noticed by using the temporal nature of the check-ins. It must be noted that Yang’s model doesn’t
recommend venues to users and mainly recommends location categories.

Nevertheless, the rich information of the check-in data for instance the spatial context aren’t taken
into consideration. Recently, Pham et al.[32] proposed an algorithm which exploits the spatial impact
among venues, rather than dealing with them separately to evaluate attractiveness. Conversely, there
are actually work which exploit the transition of users across venues along with solely directly predicting
users’ interest in venues. For instance, Noulas et al. [30] proposed a set of features which exploit
information on transitions among kinds of venues, mobility moves in between venues and spatio temporal
qualities of user check-in patterns.

In order to integrate a pair of user along with venue associated information, Xie et al.[45] proposed
a graph based embedding that captures sequential impact, geographical impact, temporal cyclic as well
as semantic influences in a single approach to produce a spatio-temporal context awareness model to
tracks user’s most recent preferences. Guo et al.[11] viewed the venue recommendation issue as being a

node ranking issue that operates on a heterogeneous graph.

2.4.4 Summary

In this section, we covered a detailed study of Link Prediction, Feature-Based Matrix Factorization
approaches and recent state-of-art Point-of-Interest models. Explicitly, we have divided Point-of-Interest
models into three categories which are 1) Pure Check-in Data based POI Recommendation models, 2)
Collaborative-based approaches and 3) Spatial and Temporal based POI recommendation models. The

details behind using these approaches for the problem of POI recommendation is covered in Chapter 3.
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Chapter 3

The Proposed Approach

The objective of our work is to recommend a point-of-interest (venue) to a user based on her historical
check-in data. We propose turning the problem of venue recommendation into feature based recommen-
dation. The primary goals of our work are i) find the rich features from user check-ins and generate a new
set of features for point-of-interest recommendation; and ii) compare the results of the recommendations
made by comparing the best performing features with each other and use the best ones for the problem
of POI recommendation.

As it can be seen in Fig 3.1, we first use the checkins from our dataset and build two models:
i) Heterogeneous Information Network from the user footprints features (Users, Venues, Categories of
Venues and the Regions of Venues) which will be covered in the next section; ii) Develop a new set of
features derived based on the neural embedding representation of venues and users. Depending on the
curated training set, we measure the level of influence of every feature on the overall performance as
well as robustness of the point-of-interest recommendation results. We find the top-n similar users and
venues by using different methods in each model. For Heterogeneous Link Prediction, we use the idea
of PathSim (covered in Section 2.2) and its’ meta-path based similarity search to find the similar users

and venues. Likewise, we find the top-k similar users and venues in the Neural Embedding approach
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based on the cosine similarity between users and venues embedding vectors.
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Figure 3.1: Approach Overview

We show the specifics of every step in the following subsections.

3.1 Heterogeneous Link Prediction

The objective of our work is to recommend a point-of-interest (venue) to a user based on her historical
check-in data. Formally, given the check-in profile of a user in time interval ¢ (Definition 1), we aim at

recommending a list of venues that the user may be interested in at time interval ¢ + 1.

Definition 1. (User Check-in Profile). The check-in profile of user u € U at time interval t, with
respect to a set of venues V, denoted by CP*(u), is represented by a vector of weights over the K venues,
i.e., (fL(vi),..., fL(vk)), where fl(vg) is equal to one if user u checked in at venue v in time interval t

and 0 otherwise.

We propose to turn the problem of venue recommendation into a link prediction problem that operates
over a heterogeneous graph. In addition to historical check-in data of users, there are other types of

data that can be considered while recommending venues, namely venue categories, venue regions and
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user relationships. In this paper, we combine these data points into a unified heterogeneous graph
representation model to consider them simultaneously. An illustration of our underlying representation

model G can be found in Fig 3.2.
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Figure 3.2: Sample heterogeneous graph representation of LBSN data.

As illustrated in Fig 3.2, our representation model contains four types of nodes and four types of
relations. Besides User and Venue nodes and User-Venue relations that represent historical check-in data

of users, other types of data that are included consist of the following:

e Category nodes: In location-based social networks, venues are organized by a hierarchical category
tree which provides a semantic classification of the various venues. For example, Foursquare
contains a 3-level category hierarchy where categories are grouped into 10 top-level categories,
such as Event, Food, Nightlife Spot and Residence. Each top-level category is classified into

different subcategories. In our approach, we have infused the categories at the lowest level (Level
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3) as our category nodes.

e Region modes: Each region indicates a geographical area. Given the longitude and latitude of
existing venues, we use X-means clustering [31] to cluster geographical coordinates and extract

different regions.

o Venue-Category relations: Based on the hierarchical category tree defined in LBSNs for organizing

venues, we assign each venue to its corresponding category in the lowest level of the hierarchy.

e Venue-Region relation: To identify the region of a venue, we calculate the Euclidean distance
between the venue geographical coordinate (longitude and latitude) and the center of the identified

regions and connect each venue to its nearest region.

e User-User relation: Users are connected to each other based on the friendship relation among
them on the LBSN. By using this relation, potential interaction between users is also taken into

account for point-of-interest recommendation.

Having built the representation model G, in order to recommend a point-of-interest to a user u € U,
we formulate a graph-based link prediction problem that operates over GG. As our representation model is
a heterogeneous graph, the neighbors of an object could belong to multiple types and the paths between
two objects could have different meanings. Therefore, it is not possible to apply link prediction strategies
such as Adamic/Adar and Common Neighbor, which treat all types of nodes and relations as the same
in the form of a homogeneous graph [22].

Sun et al. [40] proposed the concept of heterogeneous information networks and the meta-path con-
cept for heterogeneous information network analysis, which are now widely known and used in different
data mining tasks such as ranking [25], clustering [36], link prediction [3], and influence analysis [35].
In order to solve the problem of link prediction in heterogeneous graphs, Sun et al. [37] proposed the
PathPredict method, i.e., meta path-based relationship prediction model to predict links between dis-
similar node types. Therefore, to distinguish different types of objects and relations, following the works
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in [37, 39], we use the PathPredict method to determine the relevance of a point-of-interest v € V for
a user u. The core of the PathPredict method rests on the idea of meta-paths. A meta-path is a path
defined over the heterogeneous network schema which can be used to define topological features with
different semantic meanings. Fig 3.3 summarizes our representation model using a meta-structure known

as the network schema.
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Figure 3.3: Network schema of the representation mode.

Based on PathPredict, for the target relation < U,V >, we define a set of meta-paths starting with
type U and ending with type V other than the target relation itself. We extract all such meta-paths by
traversing the network schema using Breadth-First Search (BFS) within a fixed length constraint (max
= 3). The extracted meta-paths and their semantic meaning are shown in Table 3.1. For example, The
meta-path U — V — C — V, i.e., user-venue-category-venue considers those venues which belong to the

same category of the historical check-in venues of a user as her next check-in venue.
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Meta-path Meaning of the Metapath

U-0U-V A user visits a venue where her friends have visited

U—-V—-C-—YV | A user visits venues that belong to the same category

U-V-R-V A user visits venues located in the same region

Table 3.1: Meta-Paths between users and venues

Once the meta-paths are retrieved from the network schema, for each user-venue pair in the repre-
sentation model G, we use the Degree-Weighted Path Count metric [13] to quantify each meta-path as
a topological feature in the training step. For the given meta-path, Degree-Weighted Path Count penal-
izes paths, which pass through high-degree nodes. Then, given all user-venue pairs in the representation
graph G and the extracted topological features for them, a logistic regression classifier is trained as the

learning model to recommend a ranked list of points-of-interest for a given user.

3.2 Neural Embedding Model

Similar to the previous model, the objective of our work is to recommend a point-of-interest (venue) to
a user based on her historical check-in data. We formally define the point-of-interest recommendation

problem as follows:

Definition 2. (Venue Recommendation). Let the check-in sequence of user u € U, denoted by
CS(u) = (vh), be a sequence of venues ordered on t, where v}, shows a venue v € V that user u checked
in at time t. Based on the C'S(u) from T consecutive time intervals, we aim at recommending a ranked
list of venues that the user w may be interested in, each denoted by vl such that x € T + 1. The
recommendations are ranked descendingly, based on the predicted degree of interest of user u in v at time

x.
Our key contribution is to learn user and venue representations in the same embedding space based
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on the check-in sequence of users with the expectation that a user would be closer to the venues that
she has checked-in at compared to those she has not, in the vector space. We show that by embedding
users and venues in the same space, it will be possible to construct different types of features based on

these embeddings, which can be directly incorporated into a feature-based recommendation model.

3.2.1 User and Venue Embeddings

Our goal is to learn user and venue embeddings in the same space so that a user is closer to the venues
that she has checked-in compared to those that she has not. To this end, given the check-in sequence
of all the users up to time interval T, i.e., {C'S(u) = (v},) |u € U}, we map each user and venue into an
L-dimensional embedding vector, denoted by e, and e, within the same embedding space in the same

feature space by applying a neural embedding model based on the framework shown in Figure 3.4.
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Figure 3.4: A framework for learning user and venue embeddings in the same feature space.

We consider the sequence of checked-in venues of each user u as a sentence and place the ID of user
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u at the beginning of each sentence which results in |U| sentences. In the learning process, both the
ID of users |U| and venues |V| are treated as word tokens and a user ID is essentially always associated
with a set of check-ins. In other words, during training, for each sentence, the sliding context window
will always include the first word in the sentence (i.e., user ID). Formally, given the check-in sequence
of each user u, C'S(u) = (v},), and a context window size of k, the objective is to maximize the following

log probability:

T—k

1 _

T E log pr(vd |l .. viTF ) (3.1)
t=k

We adopt the skip-gram model for which the conditional prediction probability is characterized by a

softmax function as follows:

T
t t—k t+k exp(econtext'evfl)
r(v,, |V ) = 3.2
P ( U| T ) Z exp(e;)ntewt'evi) ( )
veV
Ccontert — h(evi—k, cony 6U5+k7€u) (33)

Here, e,: denotes the latent embedding vector of venue vl € CS(u) and econtert denotes the associated
context vector, which is obtained by averaging over the embedding vectors of the context information
(Equation 3.3). Further, h(.) is a function that averages the embedding vectors. By sampling a target
venue and its context window at each iteration, our neural network is trained using stochastic gradient
descent and updates the parameters gradually via backpropagation. As such, the final result of the
learning process is an L-dimensional embedding for each user v € U and each venue v € V, i.e. e, and

€y, respectively.

31



CHAPTER 3. THE PROPOSED APPROACH 3.2. NEURAL EMBEDDING MODEL

3.2.2 Embedding-based Features

Given user and venue embeddings, i.e., e, and e,, which are located in the same embedding space, we
aim at exploiting these vectors to define a set of features for the purpose of venue recommendation.
These features are categorized into three categories:

User features: for each user u € U, we propose two types of features: 1) user embedding feature,
which is equivalent to the L-dimensional embedding vector for user u, i.e. e,: and 2) top-N similar users
feature that is inspired from the main idea of collaborative filtering based on which similar users share
similar check-in behaviour in the future. Therefore, for a given user u, we consider her top-NN similar
users, denoted by 5,. This provides us with N features, which correspond to the most similar users to
a target user. To compute the similarity of two users u; and u2, we apply cosine similarity between e,,
and e,,.

Venue features: for each venue v € V, we define two types of features: 1) venue embedding feature,
which is the learnt L-dimensional embedding vector for venue v, i.e., e,; and 2) top-N similar venues
feature where for a venue v, we calculate its similarity with other venues through cosine similarity of
their embedding vectors and then select the top-N most similar venues to v, denoted as S,,.

Global user-venue interaction feature: Given both user and venue embeddings in the same feature
space, we can incorporate a global feature to denote the similarity between any given user and venue
pair. The global feature of a user-venue pair such as (u,v) is calculated by the cosine similarity between

e, and e,.
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3.2.3 Venue Recommendation

Here, we show how the proposed features can be encoded into a feature-based matrix factorization model

as follows:

Fuso (0, B7) = ot 32055 30, 05y 4+ 325 6078 + (5 )T (55 i)
(3.4)

where o € RV~ 3 € R™V# and v € R are the input vectors consisting of the features of user u,
the features of venue v and the global feature for the pair (u,v) with the lengths of N,, Ng and N,
respectively. Further, bg-g ), b;u) and b§»v) are the global, user and venue bias parameters. The latent vectors
x; and y; capture the 4" user feature and the j** venue feature, respectively. The global features and
bias values do not have any corresponding latent vectors. The response value, i.e., 7, ,(a, 5,7), predicts
whether user u will check-in at venue v in the future. In the following, we show how to encode our
features into Equation 3.4.
Encoding user features: In the user input vector a € R™«, consisting of the user features of user
u, we reserve the first |U| dimensions to one-hot encode the ID of user u and its top-N most similar
users, i.e. S,. Therefore, given Q = {u} U S,, each user ¢ € Q is encoded by inserting a “1” in the ¢**
dimension of the |U]-dimensional vector. The rest of dimensions are set to “0”. Then, given a user u, we
use the dimensions from (|U+ 1]) to (JU + L|) to encode her user embeddings, e,,. Therefore, the total
number of user features is N, = [U| + L.
Encoding venue features: We reserve the first |[V| dimensions in the venue input vector 8 € RV, to
one-hot encode the venue v and its top-N most similar venues, i.e. S,. Then, given a venue v, we use
the dimensions from (|V + 1]) to (|V + L|) to encode the venue embeddings, e,. The total number of
venue features is Ng = [V| + L.

Encoding global user-venue interaction feature: The idea behind the user-venue interaction fea-
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ture is that a user is more likely to check-in at a venue closer in the latent feature space to those she
checked in at before; therefore, the corresponding venue should receive a larger global bias value. There-
fore, we define the global user-venue interaction feature as 3 = cosineSim (e,, e,) and the number of
global features is IV, = 1.
With these coded features, for a user-venue pair (u,v), based on Equation 3.4, we have the following
factorization formula:
Puw(e,8,7) = p+ 099 + 3 0Ma; + 3685 +

J J

T
L

L
Z Tq+ Z €, 1T|U|+1 Z Yp + Z €1 Y|V|+1

ge{u}us, =1 pe{v}Ius, =1

(3.5)

The parameters are trained by minimizing the log-likelihood loss function using stochastic gradient
descent. Based on Definition 1, our goal is to construct a ranked list of venues that v may be interested
in, at time interval T+1. Therefore, for a given user u, we first calculate the value 7, , for all the pairs

{(u,v)|v € V} and then construct the ranked list by descendingly ranking on 7 ,.

3.3 Ensemble Features

As stated previously, the objective of our work is to come up with a solution for Point-of-Interest Recom-
mendation. As discussed earlier, we have proposed two methods for this specific problem, heterogeneous
link prediction along with neural embedding. Similar to our second proposed approach of using neu-
ral embeddings for point-of-interest recommendation problem, in this section we propose to turn the
problem of venue recommendation into feature-based recommendation.

Hence, the data that is used in the feature-based matrix factorization model consists of several sets
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of features. As mentioned earlier, inspired from the principal idea of collaborative filtering technique
based upon which identical users share identical check-in behaviour as time goes by, we have proposed
two features of top-N meta path-based similar Users and Venues (equivalent to top-N similar users and
top-N similar venues). Since, meta path is a path consisting of a sequence of associations determined
between various object types, a meta-path based unique similarity measure called PathSim[40] is a better
solution then applying cosine similarity on the meta-path topology metrics such as DWPC, RW, among
others. to find the similarity between nodes.

Unlike path count and random walk-based similarity measure, the intuition behind PathSim is that
two similar peer objects should not merely be strongly connected, but additionally share comparable
visibility. The problem of Point-of-Interest recommendation in this model is solved similarly to the Neural
Embedding Model. There are various features used in this model’s feature-based matrix factorization

for the problem of Point-of-Interest recommendation:

(i) Embeddings Feature: User and venue embeddings, i.e., e, and e,

(ii) Top-N Similar Users and Venues Feature

(a) Embedding Similar Users and Venues: Computed by using cosine similarity between their
embedding vectors.

(b) Meta Path-based similar Users and Venues: Gathered by using similarity search framework
of PathSim between Users and Venues.

(iii) Global User-Venue Interaction:

(a) Embedding-based Global Feature: Computed by cosine similarity between the user eu and
venue embeddings ev pairs (u,v).

(b) Metapath-based Global Feature: Computed by using the PathSim metapath based similarity

search in user-venue pairs.

35



CHAPTER 3. THE PROPOSED APPROACH 3.3. ENSEMBLE FEATURES

Since, PathSim is a metapath based similarity framework which finds two similar peer objects in
the heterogeneous information network, a set of meta-paths are defined for finding similarities between
Users, Venues and Users-Venues. Based on the PathSim approach, we need three target relations to find
similarities for the nodes (Users and Venues) that we are dealing with for the problem of Point-of-Interest
recommendation. For user similarities the target relation is < U,U >, venue similarities < L,IL > and
user-venues similarities < U,IL >. The user-venue similarity metapaths are similar to the ones discussed
in the Heterogenous Link Prediction model. We extract all such meta-paths by traversing the network
schema using Breadth-First Search (BFS) within a fixed length constraint (max = 3). The extracted

meta-paths and their semantic meaning are shown in the following tables.

Meta-path Meaning of the Meta-path
U-U Similarity of users based on their friendship
U-L-U Similarity of users based on the venues they have both visited

U—-L—-R—-L~—-U | Similarity of users based on the venues they have both visited in the same region

U—-L—-C—-L—-U | Similarity of users based on the venues they have both visited in the same category

Table 3.2: PathSim Meta-Paths between Users

Meta-path Meaning of the Meta-path
L-U-L Similarity of locations visited by the same user
L-R-L Similarity of locations in the same region
L-C-L Similarity of locations in the same category
L —U-TU-L | Similarity of locations based on the users friends checkins

Table 3.3: PathSim Meta-Paths between Venues.

Similar to our previous proposed approach, we have encoded the defined features into a feature-

based matrix factorization model. We have formulated a feature based matrix factorization design for
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the process of Point-of-Interest Recommendation similar to (3.4).
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Chapter 4

Empirical Evaluations

We conduct experiments to show our proposed is more accurate compared to the state-of-the-art. We

discuss the dataset used, baselines, gold standard, and metrics we adopt to examine our proposed models.

4.1 Heterogeneous Link Prediction Method

In this section, we describe our experiments in terms of the dataset, setup and the details of the baselines
used. The performance of our approach is then compared to the state of the art baselines and our findings

are discussed.

4.1.1 Dataset and Experimental Setup

Our experiments were conducted on a dataset collected from the popular location-based social network of
Gowalla introduced in [26]. It includes check-in data (longitude, latitude, timestamp, categories, among
others.) of more than 600,000 users from Austin, Chicago, Houston, Los Angeles and San Francisco.
For each user, we randomly select 70% of her check-ins to construct the training data and the remaining

30% of her check-ins for testing data as suggested in [26].
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We compare our approach with several state of the art point-of-interest recommendation methods

that are briefly described in the following:

1. BasicMF is a classical matrix factorization techniques, which only considers users’ past venue

check-ins and, hence their preferences, for Point-of-Interest recommendation.

2. GeoCF[48] is based on both user preference and geographical influence which are integrated into

a collaborative filtering model.

3. MGMMEF(6] is a framework based on Multi-Center Gaussian Model, which combines both the

user preference and MGM based check-in probability for Point of interest recommendation.

4. Markov[7] applies Mobility Markov Chain model for predicting next venue of a user based on her

mobility behavior over different time intervals and the recent venues that she has visited.

5. ML(30] considers user mobility, global mobility and temporal features to describe users’ check-in

behavior and applies M5 decision tree to predict the next POIs of a user.

6. CPOIR is one of the most related work in the literature by Liu et al [26], which proposes a
Category-aware Point-Of-Interest Recommendation model that exploits the transition behavior of
users between venue categories. They employ a matrix factorization model to predict the transition

patterns of users’ interests over categories and consequently her interests in different venues.

For evaluation purposes, we measure the performance of the methods based on Precision@K, Re-

call@K and Fl-score as suggested in [26].

4.1.2 Experimental Results

In this section, in-line with [26], we compare the performance of our proposed approach with other state
of the art baselines when Top-6 venues are recommended by each method. The results are reported in

Table 4.12 in terms of Recall, Precision and F1-score.
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It can be observed that BasicMF model, which is solely based on user interests performs worse
than others for most of the cities and in terms of all three metrics. This means that incorporating
other auxiliary information such as geographical, social, and temporal features leads to improved quality
of venue recommendation. Markov models that incorporate temporal features outperform BasicMF;
however, they perform much less accurately than the other baselines. This is because Markov models
assume that a user’s mobility data is dense, as a result they may not perform so well on users’ venue
data in LBSNs which is very sparse.

As another observation, MGMMF and GeoCF that fuse geographical influence and user interest into
their proposed approach and take into account the correlation between these features offer more accurate
recommendations compared to the ML model, which exploits geographical influence as a single feature.
As mentioned before, the CPOIR model incorporates two novel features, i.e., the transition patterns of a
user’s interests among venues and venue categories, for the purpose of point-of-interest recommendation.
It can be seen that CPOIR offers superior results compared to both MGMMF and GeoCF in all cities
and in terms of all metrics. This demonstrates the benefits of these two factors to improve the quality
of venue recommendations.

Inspired from these insights, in order to be able to utilize the benefits of useful features in a unified
model for point-of-interest recommendation, we formalize user LBSN information in the form of a het-
erogeneous graph. As highlighted in Table 4.12, it is evident that our proposed approach outperforms all
the comparison methods in all cities in terms of Precision and F1-score. This means that our approach
can successfully take advantage of different features, i.e., venue categories, geographical influence, the
relationship between users, and the correlation between these features to produce more accurate recom-
mendations, i.e., less false positive. However, it can be observed that our proposed approach results in
lower Recall values, i.e., more false negatives compared to others. In other words, our method is not able
to identify those venues through the current limited set of defined meta-paths in this paper. To cover

more meta-paths, as our future work, we intend to increase the length constraint of meta-paths, which
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is currently set to 3, and take into account more features in our representation model such as transition

of user’s interests and sentiments of user-venue related comments.

4.2 Neural Embedding Method

4.2.1 Dataset and Evaluation Methodology

Our experiments were conducted on a dataset collected from the Gowalla LBSN introduced in [26].
Table 4.1 shows some statistics about the number of users and venues in each city. Since, each city has
a different number of check-ins in our evaluation, the impact of the features is not always to the same
degree. Our evaluation strategy and metrics are based on [26], which suggests to randomly select 70%
of the check-ins of each user as the training data and leave the rest of the check-ins for testing. Further,
the quality of the recommendations is measured based on Precision@6, Recall@6 and F1-Score. In terms
of the parameters of our model, we train our embeddings based on an embedding dimension size of 100.
Further, we perform 10-fold cross-validation and select N = 5, which is the best performing value for N
in top-N similar user and venue features. The hyperparameters of the feature-based matrix factorization
model were set as suggested in [9]. Namely, the learning rate, the regularization parameter for the user
factor, the regularization parameter for the venue factor and the number of latent factors were set to

0.005, 0.004, 0.004 and 64.

City Users | Venues | checkins/user | checkins/venue
Austin 339 7936 138.226 5.905
Chicago 257 1704 18.732 2.825
Houston 163 6812 162.135 3.880
Los Angeles 280 3607 43.179 3.352
San Francisco 370 5447 62.405 4.239

Table 4.1: Number of users and venues per city
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Figure 4.1: Seven variants based on our proposed features.

4.2.2 Features Analysis

In this section, we comprehensively evaluate the performance of the different features that we have
proposed in this paper. We have proposed three types of features, i.e., user, venue and global user-venue
interaction. Therefore, by selecting and combining the different alternatives for each feature, we obtain
seven variants that we will systematically compare in this section. These seven variants are illustrated
in Figure 4.1. For example, the method named ETI means that all the introduced features are encoded
in the model and similarly EI means that only embedding vectors are included as well as the global
user-venue interaction feature but the top-N features are not included.

The results of comparing different variants of our model are reported in terms of Precision@6 and
Recall@6 in Figures 4.2 and 4.3 based on the 70-30 split that was mentioned earlier. As depicted in
these figures, it can be observed that embedding features show the lowest performance. We believe the
reason for this is that the number of embedding features is quite high (200 for user and venue features
together) and each of the features does not convey any meaning in isolation. Therefore, the high number
of highly dependent features leads to poor prediction. However, when merged with the top-N similar
features the quality of the results improve. This observation shows that highly similar users and venues,

regardless of their social connection to the user of interest, can serve as strong indicators of relevant
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venues for a user. It can also be seen in the results that when these two features are combined with the

global feature, the results do not show any noticeable improvement.

Precision
0.25 :
| BE1 BE BETI BET SI OTI @T |
0.2
0.15
0.1 K -
werEs I ] ]
AN e Bl e i
0.05 SIEINE = s i3
Rk iyl 9 |® FARA 154
ENLE R o 5
San Franciso Chicago Los Angeles Austin Houston
Figure 4.2: The Precision@6 of the seven variants of our proposed approach.
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Figure 4.3: The Recall@6 of the seven variants of our proposed approach.

On the other hand, when global feature is used alone or in combination with the top-N similar
features, the accuracy of venue recommendation increases. We conclude that the top-N similar features
are the most effective for Point of Interest recommendation due to finding similar users and venues
that are located close to each other in the embedding space. Given the way the embeddings are learnt,
this finding basically means that considering information from (1) similar users that have shown similar
check-in behavior and (2) venues that have had similar user check-ins have the highest predictive power
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for point-of-interest prediction. So in summary, we find:

1. Among the features, top-N similar users and venues serve as the best performing features compared

to the other features.

2. The best variant that benefits from more than one feature is the “TT” model that uses both Top-
N similar features and the interaction between them, but it still has a weaker performance when

compared to top-N similar features.

These findings show that our approach for embedding users and venues in the same space has been
able to identify users with similar check-in patterns and venues with similar user check-ins behavior.
Given the effective embedding of the users and venues, the consideration of top-N features and the
global user-venue interaction feature based on these embeddings will point to the users that have similar
behavioral patterns and so can be used for recommending the best point-of-interest. Based on this
observation and from among the different variants analyzed in this section, we select model T as the

point-of-interest recommendation model to be compared to the other baselines in the next section.

4.2.3 Comparison with baselines

For comparison, we use those baselines that have already used the same benchmark dataset and the
same evaluation strategy for all of our models. In addition, we also compare this model’s results with
the Heterogeneous Link Prediction Model (covered in the last section) which formulates the problem as
heterogeneous link prediction over venue categories, venue regions and user relationships in addition to
historical check-in data of users. We perform our comparative analysis based on the strategy proposed in
[26] and so only the top-6 venues are taken into consideration. We report precision, recall, and f-measure
in Table 4.12.

This model outperforms all of the previous models which shows how significant these features are for

venue recommendation. The Heterogeneous Link Prediction model, which uses link prediction for venue
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recommendation achieves better results compared to CPOIR model in terms of precision. However, it
shows lower Recall compared to the others.

As reported in Table 4.12, our proposed model outperforms all the comparison methods in all three
metrics. This observation indicates that by embedding user and venue vectors into the same space, a new
set of effective features can be developed that are suitable for venue recommendation. By presenting the
users and venues into the same space, not only closer users and locations are discovered, but also similar
user-location pairs are found. We found that direct social connection between users is not necessarily an
accurate indicator for venue recommendation. This is because users’ social connections do not directly
translate into visiting the same venues. In contrast, we developed an alternative feature for finding
top-NN similar users and venues for each user and venue, which might not even be directly connected
to the user or the venue. These top users and venues have similar temporal check-in behavior and as
such have a similar embedding vector. The incorporation of these top-N users and venues substantially

increases performance.

4.3 Ensemble Method

4.3.1 Dataset and Evaluation Methodology

Similarly to the previous evaluations, our experiments were conducted on a dataset collected from the
Gowalla LBSN. Our evaluation strategy and metrics are based on [26], which indicates to randomly select
70% of the check-ins of each user as the training information and leave the remainder of the check-ins for
testing. Additionally, the quality of the recommendations are assessed based on Precision@6, RecallQ6
and F1-Score.

The top — n similarity measure, as discussed before, has been divided into two categories, top-n
embedded based similarity and meta-path based similarity. The embeddings have been trained based

on an embedding dimension size of 100. In addition, similar to Section 4.2, we have selected the best
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performing value of N = 5 for users and venues by performing 10-fold cross validation. For training

feature-based matrix factorization model, the hyperparameters are set to similar values as Section 4.2.

4.3.2 Ablation Study

In this section, we comprehensively study the impact of the various features which we have proposed
in this thesis. Results are summarized in Tables 4.3 to 4.12. Similar to our previous model, we have
proposed three types of features of user, venue and global user-venue interaction. However, we have
evaluated the features by doing an ablation study, which refers to the removal of some “feature” of our
model, and discovering precisely how that affects performance.

Since, there are three important factors, users, locations and user-location interaction which immedi-
ately impact users’ personal preferences over locations, we have performed ablation study on our model
and gathered Precision@6, Recall@6 and F1-Score@6 based on the 70/30 split that was mentioned be-
fore. Unlike our previous evaluations, we have trained and tested our model in three stages to compare
the feature’s influence on the results in an isolated approach.

For Users and Venues ablation study, by selecting and also mixing the various alternatives for every
feature, we get 5 variants that we’ll systematically compare in this section which are based on the fea-

tures illustrated in Table 4.2.

Variant Meaning
E User or Venue Embedding
TE Top-N Embedded based Similarity
TS Top-N Meta-Path based Similarity
I Embedded based User and Venue Similarity
PS Meta-path based User and Venue Similarity

Table 4.2: Five variants based on our proposed features

First, for user and venue features, when the user and venue embeddings (E) is used solely for Point-

of-Interest recommendation, we validated the hyptohesis that we have discussed in Section 4.2, that
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there is no significant improvement in the results. Next, we studied the results of the similarity features
described earlier. As seen in the third row of Tables 4.3 to 4.8, we observed that by using Top-N Meta-
Path based Similarity (TS) instead of Top-N Embedding based Similarity (TE), the model outperforms
most of the other features and achieves state-of-the-art results in terms of Precision@6, Recall@6 and
F1-Score metrics.

Based on the gathered results from our last model and these features, it is clearly shown and the high
number of dependent features does not improve the performance of Point-of-Interest recommendation.
Therefore, as illustrated in the following tables, the embeddings features have the lowest performance
effect on our model. However, top-N similarity features improve the results even when they are combined
with the embedded features.

Hence, when the results of similarity measures are compared with each other, the quality of the results
are improved considerably by using the meta-path based similarity between the nodes. Therefore, the
top-N meta-path based similarity feature is the most effective for Point-of-Interest recommendation due
to capturing the subtle semantics of similarity among peer objects in our Heterogeneous Information
Network. It is seen that finding similar users and venues by using their distance in the same embedding
space alone without using any additional data, cannot be the best solution. Also, for user and venue
interaction, similar to other observations, meta-path based similarity between users and venues performs

much better and it is a better solution than the embedding based similarity.
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User Features

TE | TS | Austin | Chicago | Houston | LA SF
0.187 0.174 0.175 0.142 | 0.179
v 0.265 0.102 0.140 0.200 | 0.262
v | 0.273 0.208 0.184 0.195 | 0.213
v 0.111 0.083 0.162 0.176 | 0.111
v o | 0.212 0.187 0.181 0.146 | 0.207
Table 4.3: Precision@6 for User Features
TE | TS | Austin | Chicago | Houston | LA SF
0.132 0.470 0.422 0.307 | 0.236
v 0.180 0.246 0.305 0.309 | 0.293
v | 0.188 0.535 0.465 0.359 | 0.279
v 0.071 0.330 0.385 0.269 | 0.134
v | 0.151 0.493 0.427 | 0.305 | 0.285
Table 4.4: Recall@6 for User Features
TE | TS | Austin | Chicago | Houston | LA SF
0.155 0.254 0.247 0.194 | 0.204
v 0.214 0.144 0.192 0.243 | 0.277
v | 0.223 0.300 0.264 0.253 | 0.242
v 0.087 0.133 0.228 0.213 | 0.121
v | 0.176 0.271 0.254 0.197 | 0.240

Table 4.5: F1-Score for User Features
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Venue Features

TE | TS | Austin | Chicago | Houston | LA SF
0.050 0.081 0.092 0.073 | 0.075
v 0.393 0.232 0.241 0.254 | 0.309
v | 0.395 0.242 0.244 0.284 | 0.346
v 0.079 0.076 0.087 | 0.077 | 0.079
v | 0.072 0.084 0.095 0.078 | 0.061
Table 4.6: Precision@6 for Venue Features
TE | TS | Austin | Chicago | Houston | LA SF
0.053 0.321 0.243 0.220 | 0.151
v 0.235 0.553 0.489 0.397 | 0.338
v | 0.232 0.526 0.507 | 0.446 | 0.385
v 0.072 0.301 0.248 0.233 | 0.158
v | 0.057 0.324 0.309 0.237 | 0.033
Table 4.7: Recall@6 for Venue Features
TE | TS | Austin | Chicago | Houston | LA SF
0.051 0.129 0.133 0.110 | 0.100
v 0.294 0.327 0.323 0.310 | 0.323
v | 0.292 0.331 0.329 0.347 | 0.364
v 0.075 0.121 0.129 0.116 | 0.105
v | 0.064 0.133 0.145 0.117 | 0.043

Table 4.8: F1-Score for Venue Features

49




CHAPTER 4. EMPIRICAL EVALUATIONS 4.3. ENSEMBLE METHOD

User-Venue Similarity Features

I | PS | Austin | Chicago | Houston | LA SF

v 0.164 0.084 0.133 0.125 | 0.133

v 0.320 0.265 0.273 0.312 | 0.292

Table 4.9: Precision@6 for User-Venue Similarity Features

I | PS | Austin | Chicago | Houston | LA SF

v 0.116 0.272 0.340 0.259 | 0.169

v | 0.213 0.504 0.631 0.475 | 0.431

Table 4.10: Recall@6 for User-Venue Similarity Features

I | PS | Austin | Chicago | Houston | LA SF

v 0.136 0.117 0.191 0.169 | 0.149

v | 0.255 0.347 0.381 0.377 | 0.348

Table 4.11: F1-Score for User-Venue Similarity Features

4.3.3 Comparison with Baselines

For the purpose of comparison, we utilize a number of strong baselines that have been used in our
previous evaluations and have also already used a similar benchmark dataset and used the identical
evaluation approach to evaluate the work of ours with. We only take the top-6 venues into consideration
and report precision, recall and f-measure based on the top-6 venues. As discussed before, we take the
top-performing features and gather the final results of our model’s point-of-interest recommendation.
Based on the achieved results, the top performing features were Top-N Meta-Path Based Similarity
(TS) for Users and Venues and Meta-path based User and Venue Similarity (PS). The comparison of

our results with other state-of-the-art approaches are reported in the following table.
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Austin Chicago Houston Los Angeles San Francisco

City
R P F1 R P F1 R P F1 R P F1 R P F1

Ensemble Features Method 0.214 | 0.200 | 0.207 | 0.671 | 0.248 | 0.362 | 0.774 | 0.349 | 0.481 | 0.634 | 0.280 | 0.388 | 0.438 | 0.280 | 0.342

Neural Embedding 0.134 | 0.178 | 0.153 | 0.513 | 0.194 | 0.282 | 0.380 | 0.155 | 0.220 | 0.306 | 0.159 | 0.153 | 0.195 | 0.146 | 0.167

Heterogeneous Link Prediction | 0.056 | 0.096 | 0.071 | 0.096 | 0.130 | 0.111 | 0.207 | 0.122 | 0.153 | 0.120 | 0.112 | 0.116 | 0.072 | 0.116 | 0.089

CPOIR[26] 0.157 | 0.026 | 0.045 | 0.292 | 0.049 | 0.083 | 0.279 | 0.046 | 0.080 | 0.203 | 0.034 | 0.058 | 0.159 | 0.027 | 0.045
BasicMF 0.064 | 0.011 | 0.018 | 0.086 | 0.014 | 0.025 | 0.082 | 0.014 | 0.024 | 0.072 | 0.012 | 0.021 | 0.066 | 0.011 | 0.019
GeoCF[48] 0.122 | 0.020 | 0.035 | 0.227 | 0.038 | 0.065 | 0.165 | 0.027 | 0.047 | 0.164 | 0.027 | 0.047 | 0.126 | 0.021 | 0.036
MGMMEF[6] 0.117 | 0.020 | 0.034 | 0.186 | 0.031 | 0.053 | 0.159 | 0.027 | 0.045 | 0.152 | 0.025 | 0.046 | 0.112 | 0.019 | 0.032
Markov(7] 0.086 | 0.014 | 0.025 | 0.116 | 0.019 | 0.033 | 0.102 | 0.017 | 0.029 | 0.096 | 0.016 | 0.027 | 0.088 | 0.015 | 0.025
ML[30] 0.116 | 0.019 | 0.033 | 0.170 | 0.028 | 0.049 | 0.152 | 0.025 | 0.044 | 0.132 | 0.022 | 0.038 | 0.111 | 0.018 | 0.032

Table 4.12: All models comparative analysis with the baselines divided across different cities.

As mentioned before, BasicMF produces the lowest results because it is solely based on user interests.
Therefore, when rich information such as social, geographical and temporal features are encoded to the
model, quality of Point-of-Interest recommendations is improved. This is clearly seen and validated
from Markov model’s results which incorporates temporal features. However, both of these models have
achieved the lowest recommendation results compared to other state-of-art models since they assume
user’s mobility data is dense. Our observation of encoding rich information into the Point-of-Interest
recommendation is also proven by looking at other models such as MGMMF and GeoCF results which
are more accurate recommendations compared to the ML model.

As highlighted in Table 4.12; it is evident that our final proposed approach outperforms all the
comparison models in all cities in terms of Precision, Recall and F1-Score. This means that our ap-
proach can successfully take the advantage of different features (relationship between users, category of
locations,etc.) and produce more accurate recommendations.

In addition, compared to our second proposed approach, our ensemble method is outperforming the
top-k embedding based similarity results due to taking more features into account. This is done by
using the metapaths defined in Tables 3.2 and 3.3 and finding the similarity between users and venues

based on various properties. Thus, finding the similarity between users and venues based on their
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generated embeddings from their IDs in the same space is not the best solution for point-of-interest
recommendations. Since the metapath-based similarity framework finds the similarity between the users
and venues by going through the defined meta-paths, more auxiliary information is used for making
recommendations to the users. For instance, it can be observed that embedding users and venues into
the same space by using their IDs does not take the categorical and geographical information about the
user and venue into account. As seen in Tables 4.3 to 4.8, the recommendations created from the pair of
Embeddings (E) and Top-n metapath-based similar users and venues (TS) have generated higher results

than the pair of Embeddings (E) and Top-n embedding-based similar users and venues (TS).
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Chapter 5

Conclusion

The focus of this thesis has been to provide point-of-interest recommendation by viewing it as an instance
of the link prediction problem on heterogeneous graphs and learning neural embeddings from users
historical check-in sequences. As such, we have systematically shown how various types of information
can be incorporated into a heterogeneous graph based on which distance metrics between nodes can be
employed as features to learn ranking classifiers. We find that even a logistic regression method can
effectively show competitive performance compared to the state of the art despite its simplicity and
light-weight computational requirements.

We also show how sequence of user check-ins can be used to learn user and venue representations
within the same embedding space that are then used to introduce three types of features. Our analysis
of earlier methods had shown that the real social network of each user does not necessarily indicate
similar venue recommendations and as such we build user relationships based on finding the top-N
meta-path based similar users and venues to the given user within the embedding space. This feature
showed to have the strongest performance for predicting a point-of-interest. Finally, we also considered
the raw embedding representation of users and venues to serve as features, which did not show a good

performance.
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We also systematically explored the possibility of building models that use a combination of these
methods and found that the top-N meta-path based similar features are the strongest features both in
isolation and when combined with other features. We also showed that compared to the state of the art
methods, which benefit from a wide range of social, geographical and content features, that our variant
that only relies on top-N meta-path based similarity features shows a noticeably better performance.
We further found that our proposed approach shows improved performance over the baselines in terms

of all metrics of Precision, Recall and F1-Score.

5.1 Future Work

Based on the evaluations that we have reported in this thesis and the comparison with the current state-
of-the-art approaches, it is clearly seen that our proposed approaches are the effective Point-of-Interest
recommendation models. Our future work will explore various synergistic directions:

We will explore whether a more extensive set of meta-paths defined over the network schema can lead
to improved recall for the Heterogeneous Link Prediction method or not. Currently, we have narrowed
our meta-paths length to four. By increasing the amount of metapaths our meta-path based similarity
framework would take more paths into consideration and consider similarity between users and venues
from different aspects.

As mentioned before, recently there have been various point-of-interest recommendation models.
However, we are interested in the possibility of making recommendation by using heterogeneous link
prediction and Sun’s approach [39] to recommend venues at a certain time. Right now, we do not take
time into consideration for making recommendations and this can be an interesting topic to research on
for future.

In addition, since users may visit new locations in future, historical derived features such as the

embeddings and top-k similarity fail to increase the accuracy of Point-of-Interest recommendations for
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these cases. New locations can be recommended to the users by mining users personalities [2] from their
social network profiles. Similar to the cold-start users where there is no information to be used about
their location preferences. We are also interested in the possibility of using users social-network profiles
and the locations popularity among the cities for POI recommendations.

We are also interested in integrating our Point-of-Interest recommendation model data with adver-
tisements [5] based on the locations that the user might visit in future. This could additionally help
third-parties including advertisers to offer precise advertisements for the recommended positions.

Some users provide written textual feedback about their experience at venues they visit. These
include textual reviews or recommendations. We are interested in the possibility of incorporating such
unstructured user feedback into the network schema to see whether textual feedback, while quite sparse,

can improve the venue recommendation task.
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