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Location Knowledge Discovery

from User Activities∗

Chenyi ZHUANG

Abstract

The explosion of Social Networking Services (SNSs), such as Twitter, Facebook,
and Flickr, has lead to a wealth of research into social media content and various so-
cial graphs. Recently, with the development of mobile devices, the Global Positioning
System (GPS), and Web 2.0 technologies, users can easily share their geo-spatial lo-
cations and location related contents in the physical world via SNSs. For example,
major search engines, such as Google, Bing, and Yahoo, now incorporate these essen-
tial User Generated Content (UGC) and trend analysis in their results. How to mine the
meaningful knowledge from these tens of thousands heterogeneous UGC has become
a problem of significant interest.

The location dimension bridges the gap between the physical world and the digi-
tal online SNSs, giving rise to new opportunities and challenges in the social media
content based research. Therefore, the location knowledge discovery becomes the key
problem in this research area. Our research attacks this problem by analyzing the user
activities. Corresponding to the two essential roles, i.e., “user” and “location”, our
work could be generally divided into three parts: (1) User Profiling; (2) Location Pro-
filing; and (3) User-to-Location Profiling. Specifically, the major contributions in this
dissertation are as follows.

In the User Profiling work, we proposed a new concept, location authority, for min-
ing information asymmetries among different online user groups. By considering a
user’s different available social, temporal, and spatial information, we devised three
different models to estimate his/her location authority, respectively. Specifically, a
social-network-driven model, time-driven model, and location-driven model are de-
vised to estimate the extent of user’s familiarity with a target location. Furthermore,
two ensembles of these models are proposed, which demonstrate robust performance
across different user profiling tasks.

∗Doctoral Thesis, Department of Social Informatics, Graduate School of Informatics, Kyoto Univer-
sity, KU-I-DT6960-26-4703, June 2017.
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In the Location Profiling work, not only a single location’s characteristics but also
the relations among different locations are analyzed. To the best of our knowledge,
we are the first who propose to use two dimensions, i.e., user group distribution based
popularity and scenery quality, to describe a location. Accordingly, we devise several
methods to quantify these two dimensions. To extract the meaningful relations among
different locations, our work is among the first of its kind, which constructs a location
relation knowledge graph. On this graph, locations’ (i.e., graph nodes) temporal and
spatial information are embedded in a way that the computers can understand, as well
as the relations represented as graph edges. To construct this knowledge graph, two
new unsupervised relation extraction methods are devised to learn the relations among
nodes (locations) on this graph.

In the User-to-Location Profiling work, we predict the extent (high or low) of user
attention to different locations in a city. By utilizing the location knowledge in our
previous work, we devise two generative algorithms to simulate the user attention dy-
namics in a city. Meanwhile, by gaining insights into the interactions between users
and locations, our work can detect some user movement patterns, which can be re-
garded as different lifestyles in a city. The essential patterns learned can be used in
a wide range of problem domains, such as city planning, geo-social recommendation,
traffic forecasting, and so on.

To draw a brief conclusion, the work presented in this dissertation have made the
following progress. (1) We proposed novel viewpoints for jointly analyzing user and
location from LBSNs; (2) We devised novel models and algorithms for gaining further
insights into the knowledge mining of user and location in the real world; (3) Our work
were verified by experiments that were conducted in real scenes. Encouraging results
were obtained by comparison with state-of-the-art baselines.

Keywords: Location Knowledge Discovery, User Profiling, Urban Informatics,
Social Media Analysis, Probabilistic Model, Matrix Factorization.
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CHAPTER 1

INTRODUCTION

In this chapter, we first introduce (1) what is “User”? and (2) what is “Location”? on
Location-Based Social Networks (LBSNs). The relations between “User” and “Loca-
tion” will also be described. Then, the technical background will be introduced. After
that, the overview of our research will be introduced. On the basis of the observations
from the real world, we introduce the research motivations followed by the contribu-
tions we have made in each of our work, as well as the corresponding problem domains
to which our work can be apply. At last, we show the structure of this dissertation.

1.1 Background

1.1.1 Social Background

User

In our research area, a user is a person who uses social network services (SNSs). Gen-
erally, a user often has a user account and is identified to the SNSs by a username.
However, in our work, we mainly focus on the User Generated Content (UGC) and the
social networks on which users are connected with each other. As shown in Figure 1.1,
we illustrate some simple examples about UGC and social networks.

User Generated Content. UGC is any form of content created by users and al-
ways made available publicly on the Internet. UGC can be used for a wide range of

1



1. Introduction

(a) UGC: geo-tagged images and check-ins (b) A small example of social network

Figure 1.1. Illustrations of User Generated Content (UGC) and social networks.

applications in different research areas, including web searches, ad targeting, urban
computing, and so on. Since we are aiming to analyze the characteristics of locations,
the UGC collected in our work are mainly geo-tagged.

In Figure 1.1a, it shows two kinds of geo-tagged UGC that are publicly available
on SNSs. The vital information geo-tagged UGC contains provides researchers with
excellent opportunities for Points of Interests (POIs) discovery [3], user mobility simu-
lation [4], landmark 3D reconstruction [5], and so on. By taking our work for example,
by analyzing the geo-tagged social images, we propose novel methods to evaluate the
scenery quality of a location. In addition, we use geo-tagged check-ins to predict the
user attention dynamics to locations in a city.

Social Network. Figure 1.1b illustrates a social network. On this network, a user
is denoted as a node and an edge indicates the relationship between two users (nodes).
We can regard a social network as an online sociology structure, which is useful to
study relationships between individuals, groups, and organizations. For example, the
network shown in Figure 1.1b is called Karate Club Graph, which has two communities
labeled by red and green colors, respectively. By analyzing the netowrk’s structure, a
lof of related work are conducted to correctly classify these two communities [6].

In our work, by analyzing the topology of a social network, we aims to mine the
user authority to locations. A friendship based social network (i.e., edges on the net-
work indicate friendships among users) is collected and then analyzed to estimate user
familiarity with different locations.

2



1. Introduction

(a) A hierarchical structure of locations (b) A small example of location network

Figure 1.2. Illustrations of locations and location networks.

Location

A location can be represented in different forms. Generally, there are two forms to
describe a location: (1) From the geography standpoint, a location refers to a specific
physical point on Earth, which is a closed shape defined by a connected sequence of
{latitude, longitude} coordinate pairs. As shown in Figure 1.2a, a location usually has
a hierarchical geospatial representations from points to areas. (2) From the semantic
standpoint, a location could be represented in a symbolic form. Namely, someone
could use different categories (e.g., home, office, shopping mall, residential area, and
so on.) to describe a location. Since our work rarely involve semantic information
based analysis, we refer to the geography based definition.

Location Network. Similar to the social network, locations can also be connected
with each other to construct a location graph of which nodes and edges are their loca-
tions and relations. Figure 1.2b shows some locations on a map. Among them, some
edges are added. Obviously, the relations among locations can be explained in differ-
ent ways. For instance, an edge could be explained to indicate the similarity between
its head and tail nodes (locations). In another case, an edge is constructed to char-
acterize the physical distance between two locations. However, in our work, we are
the first who construct a location graph to represent the location functionality depen-
dencies. By mining the functionality dependencies (e.g., a tight dependency between
work locations and residential locations [4]), meaningful movement patterns (also can
be regarded as lifestyles) are discovered.

3



1. Introduction

1 2 3 Users 

Locations 
a 

b 

c 

d 

e 

User activities 

(1) User Profiling 

(2) Location Profiling 

(3) User-Location Analysis 

Figure 1.3. Illustration of the relation between “User” and “Location”.

User-Location

Benefiting from the advances in LBSNs, they bring online social networks (i.e., Users)
back to reality (i.e., Locations), bridging the gap between physical world and online
SNSs. It does provide us a big opportunity to jointly study on Users and Locations.

Figure 1.3 shows an ecosystem of Users and Locations. We can find that User Ac-
tivities plays a middleware role who overcame the gap between Users and Locations.
Furthermore, as the output of User Activities, UGC is the key factor in this research
area. More precisely, the geo-tagged UGC (e.g., geo-tagged images and check-ins
shown in Figure 1.1a) contains both user and location information. To this end, the re-
search problems related to LBSNs have been boiled down to how to efficiently analyze
the publicly available UGC.

Our work introduced in this dissertation is committed to solving this problem. We
have not only proposed several novel research perspectives for inspiring more interest
in this wide problem domain, but also made some technical breakthroughs that can be
applied in different machine learning or information retrieval models.

1.1.2 Technological Background

Recently, more and more attention has been paid to solve social problems using com-
puting technologies. Accordingly, new concepts, like “Computational Social Science”,
“Urban Computing”, “Big Data” and so on, are proposed in the technical field. Similar
to these concepts, our work is aiming to bridge the gap between physical world and
online SNSs. Since there are tens of thousands social problems to be addressed, in

4



1. Introduction

this subsection, we show some related work that have been done in this wide research
domain followed by an introduction of challenges. The detailed contributions of our
work will be described in Section 1.3.

Computational Social Science

In [7], the authors proposed a new paradigm: computational social science with big
data. They find that technology advances (in IT, Internet, Social Media, Data Analyt-
ics) prompted the rise of big data. And, the big data prompted scientific convergence
across academic disciplines (e.g., computer science, sociology, economics, etc.) to
discover new knowledge. The social science research has emphasized development of
theoretical models and testable hypotheses, which lead to many challenges. For ex-
ample, research with data at terabyte or petabyte scale challenges how we work with
assumptions and theories.

Urban Computing

In a survey about “Urban Computing” [8], the authors argued that computer sciences
can also be applied in conventional city-related fields, like transportation, civil engi-
neering, environment, economy, ecology and sociology in the context of urban spaces.
They summarized the typical technologies that are needed in urban computing, which
are about urban sensing, urban data management, knowledge fusion across heteroge-
neous data, and urban data visualization. In addition, some missing research topics are
introduced for inspiring further research work.

Geographic Information System

Since our work is going to mine the knowledge of locations, another related technology
is Geographic Information System (GIS), which is a large domain within the broader
academic discipline of geoinformatics. Location intelligence is one of them, which is
a process of deriving meaningful insight from geospatial data relationships to solve a
particular problem. The corresponding problems include how to visualize, question,
analyze, and interpret data to understand relationships, patterns, and trends.

In the context of the big picture above, our work aims to jointly consider “Users”,
“Locations”, and “User-Location Relations” from LBSNs to mine various knowledge.
Our work has made new contributions to solving social problems including sightsee-
ing, city planing, geo-social recommendation, and so on.
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Figure 1.4. The “Location Knowledge”.

1.2 Overview of the Research

In this section, we first explain what are user activities and location knowledge. Then,
from a high technical perspective, the key idea (i.e., major contribution) of our re-
search will be described. After that, from a high application based perspective, we will
also discuss the corresponding problem domains to which our work can be applied,
followed by the impact of our work (i.e., a benign cycle).

1.2.1 User Activities & Location Knowledge

User Activities. Figure 1.3 shows the definition of user activities, i.e., user activities
are the interactions among users and locations. Specifically, on the basis of the col-
lected raw data in our research, the user-user interactions are represented by the social
network, whereas the user-location interactions are represented by geo-tagged images,
check-ins, GPS trajectories, and so on. Accordingly, all the UGC could be regarded as
different kinds of user activities.

Location Knowledge. Figure 1.4 shows the definition of location knowledge. Specif-
ically, the user profiling knowledge is the prior knowledge. On the basis of the prior
knowledge, a single location’s and location-location relation’s knowledge could be
mined. Finally, we will also mine the user-location interaction knowledge. Since all
of the location knowledge related components shown in Figure 1.4 are interdependent,
regarded as a whole, we call them the location knowledge.
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Figure 1.5. Overview of our research.

1.2.2 Major Contribution

In this subsection, we will introduce the major contribution of our work from both (1)
technical view and (2) application based view. Figure 1.5 shows the overview of our
contribution. Correspondingly, we first describe the technical contribution, followed
by the application contribution. Furthermore, finally we will show a benign cycle to
indicate that the work we have done did improve our daily lives.

From a technical perspective. In one word, we have made the following technical
contribution:

1. As shown in Figure 1.5, from a technical perspective, we proposed a framework
of jointly considering the enrichment of both user and location dimensions for
better user-location interaction analysis. Novel Matrix Factorization (MF) re-
lated techniques were proposed for the idea’s implementation. In Chapter 2, we
did a brief review about related MF techniques for reference.

Specifically, for the user and location dimensions, we first mined useful knowledge

7



1. Introduction

for them, respectively (a detailed description about the knowledge that we have mined
will be presented in Section 1.3). Accordingly, we called these two mining processes
User Profiling and Location Profiling. After obtaining the knowledge from both user
and location dimensions, on the basis of a particular application problem (e.g., sight-
seeing resource discovery, personalized recommendation, user mobility simulation,
and so on), we devised novel generative algorithms to map the knowledge into a latent
high dimensional space, in which both the user and location dimensions have a same
metric. For example, the space could be a Hilbert space. Finally, in this unify space,
the interactions between users and locations could be analyzed. We called the mapping
and interaction analysis User-Location Interaction Analysis shown in Figure 1.5.

From an application based perspective. Furthermore, by utilizing the framework
proposed above, we tried to solve real social problems. In one word, our current work
have been applied in following social problems:

1. Our framework has been applied to discover both popular and obscure sightsee-
ing resources in a city. On the basis of the survey [9], how to discover and rec-
ommend obscure (not so well-known) sightseeing resources is a big challenge.
Our work is among the first of its kind to attack this challenge;

2. Our framework has been applied to learn user movement patterns in a city. Al-
though a lot of related work have been proposed to analyze the user mobility
[4] [10] [11], our work constructed a comprehensive user movement knowledge
graph. On this graph, not only a single location’s attributes but also the relations
among different locations were learned. As a result, our work obtained better
performance compared with the baselines.

3. Our framework has been applied to predict the extents of user attention to loca-
tions in a city. In essence, it is a collaborative filtering based matching process.
That is, given an active user, the application aims first to find like-mined users
and then based on these like-mined users’ attention patterns, to calculate the pre-
diction for the target active user. Benefiting from our proposed framework, since
we can obtain more useful knowledge from User Profiling and Location Profil-
ing processes, a much better matching result was obtained in our experiments.

To draw a brief conclusion about our major contribution, (1) from a technical stand-
point, by mapping users’ and locations’ mined knowledge into a high dimensional
space, we proposed a new framework of jointly considering both user and location

8
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Figure 1.6. The impact of our work.

dimensions for better user-location interaction analysis; (2) from an application stand-
point, by applying the proposed framework, we solved some new social problems as
well as improved the performance of some already studied challenges.

A benign cycle. Figure 1.6a shows a benign cycle that we want to achieve. In this
cycle, we mainly focus on the stage of devising fundamental technologies. Then, by
using these novel technologies, various applications and systems would be developed
for solving problems in different domains. As shown in Figure 1.6b, our work could be
applied in city planning, transportation, economy, and so on. After improving users’
experiences, more offline activities would be promoted. As a result, we could collect
more UGC for improving the fundamental technologies. Therefore, we call the whole
process a benign cycle.

9



1. Introduction

1.3 Motivation and Major Tasks

Since detailed motivations will be respectively described in each chapter below, in this
section, we briefly introduce why we want to do the research work presented in this
dissertation followed by the corresponding major tasks that we have studied on in each
of our work. To have a conclusion, four major tasks have been conducted:

1.3.1 User Profiling

User profiling is a problem of significant importance, the mined knowledge of which
have already been successfully applied in different applications. For instance, ma-
jor search engines, such as Google, Bing, and Yahoo, now incorporate user profiling
related technologies to obtain better personalized recommendation results.

In our work, by observing the user mobility of different user groups in different cities
(please see Figure 3.1 for details), we find that users from different groups have differ-
ent location authority. Namely, there exits the information asymmetry about locations
between different user groups. Therefore, our work propose a robust framework that
includes five different methods to estimate users’ location authority.

Location authority is a new concept, which is useful in different problem domains
like geo-social recommendation, urban computing, ad targeting, and so on. To verify
its utility, in our application, we use location authority to quantify the popularity of a
location.

1.3.2 Single Location Profiling

In location profiling, we propose two dimensions, (1) user distribution based popu-
larity and (2) quality, to describe a location. By doing so, we find that most of the
conventional research work focus on discovering or recommending the locations that
have high popularity and high quality. As shown in Figure 4.1, corresponding to the
four quadrants, locations are classified into four clusters.

In our work, we focus on discovering and ranking obscure locations that have low
popularity. Since the obscure locations often have very few user content generated
there (i.e., lack of raw data), it is a big challenge for us to quantify the popularity and
quality of them. Several novel and heuristic methods are proposed for this purpose.

For estimating the popularity, we utilize the users’ location authority to do the cal-
culation. For evaluating the quality, since “quality” contains too many aspects, we

10



1. Introduction

propose two methods for analyzing the scenery quality of a location. In the experi-
ments, verified by field visits, our methods do discover some obscure cherry blossom
and maples locations in Kyoto. Most of them are worthy of visiting.

1.3.3 Location Relation Profiling

In the LBSNs related research area, the problems are addressed, in approximate terms,
by considering three key relations: (1) user-location relation; (2) user-user relation;
and (3) location-location relation. While the first user-location relation and the second
user-user relation are well studied by related work, we find that the third location-
location relation has not been well investigated yet.

In our work, we devise novel methods to construct a location knowledge graph to
describe the relations among locations. By analyzing the GPS trajectory data from
temporal, spatial, and temporalspatio views, two new unsupervised relation extraction
methods are devised.

As a result, locations’ functionality (e.g., for residence, education, shopping, etc.)
can be represented as nodes on this knowledge graph, whereas the relations among
locations are represented as edges. In the experiments, by visualization, we find that
the movement patterns (lifestyles) can be detected on our knowledge graph.

1.3.4 User-to-Location Attention Prediction

As mentioned in Section 1.3.3, although the user-location relation has been well stud-
ied in related work, we find that few work has been done to simulate the user attention
dynamics in a city. By seeing the statistics shown in Figure 6.1, we find that the user at-
tention dynamics are exactly existing in a city. That is, the users from different groups
pay attention to different locations in a city. For example, students always pay attention
to the educational areas and shopping areas, whereas office workers pay more atten-
tion to the residential, working, and shopping areas. For office workers, there exists a
strong movement pattern of home ↔ work.

In our work, by utilizing the knowledge mined from location profiling, we propose
two new probabilistic generative algorithms to simulate (predict) the user attention to
locations in Beijing. The algorithms are first trained on the observed user-to-location
attention matrix, and then used to predict the unobserved entries in this matrix.

In the experiments, by comparing with state-of-the-art baselines, our algorithms ob-
tain the best performance with a big margin. Our work is among the first of its kind to
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enrich the latent location features using a large amount of GPS trajectories. In other
words, our algorithms organically combine the knowledge graph learned in Chapter
5 and the user-to-location attention matrix in Chapter 6 together. Furthermore, the
algorithms are general ones that can be utilized in different domains.

1.4 Dissertation Structure ∗

The structure of this dissertation is as follows. In Chapter 2, a review of related work
will be described. Then, Chapter 3 introduces the content about user profiling. By
analyzing the various available UGC, users’ location authority is estimated. In Chap-
ter 4, on the basis of (1) user distribution based popularity and (2) scenery quality, a
single location’s characteristics are quantified. In addition, by applying the proposed
methods, a demo is implemented to discover obscure sightseeing locations in Kyoto.
In Chapter 5, the location relations are extracted by using two novel unsupervised Ma-
trix Factorization (MF) methods. Accordingly, a location relation knowledge graph
is constructed, which could be applied to a wide of problem domains. In Chapter 6,
by utilizing the knowledge obtained from location profiling, two new algorithms are
proposed to predict user attention to locations in a city. Chapter 7 concludes the whole
dissertation.

∗In some chapter titles of this thesis (i.e., Chapters 3, 4 and 5), for formal unity, we used the word
“Profiling” to denote multiple attributes mining. Namely, in Chapters 3, 4 and 5, users’, locations’ and
location relations’ different attributes are mined, respectively.
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CHAPTER 2

RELATED WORK

In this chapter, we first introduce the two major related research domains: (1) com-
putational social science and (2) urban computing. From an application standpoint of
solving social problems, since our work can also be regarded as a part of these two big
research areas, we briefly present some related work that have been done in them.

Since our major technical contribution is to devise novel Matrix Factorization (MF)
based generative algorithms, in this chapter, we further make a brief review of MF. One
purpose is that the review could make readers quickly understand the evolution of the
MF related technologies. The other purpose is to emphasize the differences between
our proposed novel methodologies and these state-of-the-art MF technologies.

In this chapter, since we will introduce the related work from a high perspective, the
detailed comparisons between our work and related work will be discussed by each of
our tasks in later Chapters 3, 4, 5, and 6.

2.1 Computational Social Science

On the basis of a survey [12], computational social science is an interdisciplinary field
at the intersection of the social science and computational science. It includes many
research topics, such as information extraction, social network analysis, social geo-
graphic information system (GIS), social simulation models, and so on. Related to our
work, we choose some of them for discussion.

13



2. Related Work

Social Network Analysis. The foundations of morden social network analysis are
found in the mathematical theory of graphs, like [13]. Being specific to our related
problems, a social network consists of a set of nodes (users) and a set of edges (e.g.,
friendship relations), each defined by a set of attributes. By observing such a network,
a lot of work have been proposed for different purposes.

For instance, in [14], the social network analysis was used to improve the recom-
mendation performance. Their approach assumed a social network among users and
makes recommendations for a user based on the ratings of the users that have direct
or indirect social relations with the given user. As one of the major benefits, their so-
cial network analysis based approach could reduce the problems with cold start users.
In [15], the authors found that the geography and online social relationships are in-
extricably intertwined. That is, the people we interact with on a daily basis almost
always live near us. On the basis of this observation, the authros in [16] proposed a
location propagation algorithm to predict users’ residence locations based on users’
social relationships. In our task introduced in Section 3.3.1, by devising a novel loca-
tion authority propagation algorithm, we tried to estimate whether a user is familiar or
unfamiliar with a location.

Information Extraction. Related to our work of discovering location knowledge,
several related work have been conducted to mine the knowledge about a location’s
functionalities and quality.

To extract the functionality information of a location, in [17], the authors proposed
a supervised multi-output regression method to estimate the functional composition
of urban spaces. In [18], the authors proposed a topic-based inference model, which
regards a location as a document, a function as a topic, to discover different function-
alities. Unlike these related work of analyzing the semantic information (e.g., the cat-
egories of locations), by only observing GPS trajectories, we devised novel algorithms
for functionality extraction in Section 5.4.

To evaluate the quality of a location, a lot of related work have been proposed for
famous or hot locations [19]. For instance, in [3], the authors proposed a joint au-
thority analysis framework to discover areas of interest (i.e., popular locations) with
geo-tagged images and check-ins. In [20], the authors modeled the relationships of
scene/landmark and scene/authorship as a graph and adopted two popular link analysis
methods, PageRank and HITS, to mine representative landmarks. However, a problem
of evaluating the quality of a not well known location has not been well investigated
yet.
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In our work, we will also evaluate the quality of a location. Unlike the related
work introduced in [19] of ranking popular locations, in Section 4.5, we proposed two
new methods to rank the obscure locations that have fewer raw data for analysis. In
addition to the location functionality, in Section 5.4, we further extracted the relations
(i.e., moving patterns) among different locations in a city.

Social Simulation Models. In this subarea, a number of related studies have been
conducted for modeling the user mobility behavior. Unlike the related work that always
focus on analyzing the individual user mobility behavior, in Sections 6.3 and 6.4, we
proposed two robust methods that were able to model both individual and collective
user mobility behavior. Furthermore, we further used the user mobility knowledge to
predict the extents of user attention to different locations in a city. For reference, we
list the following related work.

To model the individual mobility behavior, several related work have been con-
ducted. For instance, in [21], a Hidden Markov Model (HMM) was proposed; in [11],
a Conditional Random Field (CRF) was proposed. Recently, several studies have fo-
cused on predicting the places where users will go next, on the basis of their previously
generated content. In [22], the authors explored the patterns of user check-ins and built
a predictive model for user check-in behavior. They found that friends of users tend to
go to similar locations, and that the users’ visits follow a power law distribution. This
means that users tend to visit only few places multiple times and many places only a
few times. In [4], the authors developed a periodic and social mobility model. Their
model is not designed to detect the home location of Twitter users, but rather their
mobility patterns, e.g., when the user is at home and when the user is at work.

2.2 Urban Computing

Since the “Locations” defined in our work are mainly located in a city, we also would
like to introduce some related work in the area of urban computing. On the basis of a
survey [8], we introduce the following research topics.

Urban Planning. Traditionally, urban planners relied on labor-intensive surveys to
inform their decision making in urban planning. For example, to understand urban
commuting patterns, a series of research studies have been done based on travel survey
data [23] [24]. Recently, benefiting from the widely available human mobility data
generated in urban spaces, some modern models have been devised to automatically
solve planning problems. The development of a city gradually fosters different func-
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tional regions, such as educational areas and business districts, which support different
needs of people’s urban lives. The understanding of functional regions can calibrate
urban planning.

For instance, in [18], the authors proposed a framework, DRoF, to discover regions
of different functions in a city using human mobility between regions and POIs located
in a region. In [25], the authors utilized call detail records to infer the land use of a
region based on the dynamic phone activity patterns in the target region.

Urban Environment. Since we have witnessed an increasing trend of pollution in
different aspects of the environment, recently, a number of researchers have focused
on improving the air quality and reducing noise pollution.

For instance, in [26], the authors presented a vehicular-based approach for mea-
suring fine-grained air quality in real time. They devised a mobile device consisting
of a GPS receiver, CO sensor, and cellular modem. Installing such a device on mul-
tiple vehicles, they would be able to monitor the concentration of CO throughout a
city. Different from the above solution, in [27], the authors inferred the real-time and
fine-grained air quality information throughout a city based on the historical and real-
time air quality data reported by existing monitor stations. In addition, a variety of
data sources observed in a city, such as traffic flow, human mobility, structure of road
networks, and POIs, were also taken into consideration for the inference.

Since exposing to high levels of noise pollution could cause serious illness ranging
from hearing impairment to negatively influencing productivity, a number of countries,
such as the United States, the United Kingdom, and Germany, have started monitoring
noise pollution. As a result, a number of studies have been conducted to reduce the
noise pollution, such as [28] [29] [30]. Since our work does not have much relationship
with this research topic, we omit the detailed discussion.

Social Applications. Similar to our work, in urban computing, a lot of work have
been conducted by analyzing the Location Based Social Networks (LBSNs). For ex-
ample, the research topics include: estimating user similarity [31]; finding local experts
in a region [32]; recommending locations [33]; understanding life patterns and styles
[34] [35]; and so on. Therefore, we choose some work related to ours for discussion.

In [32], the authors were aiming to identify the local experts who have richer knowl-
edge about a region than others. Since the experts’ travel experiences are more ac-
countable and valuable, they used them for travel recommendations. By analyzing the
geo-tagged tweets, photos, and check-ins, a number of studies have also been con-
ducted to understand a city’s dynamics [34] and user behavior patterns in a city [35].
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Above, we have listed some particular related studies in urban computing, which
were aiming to solve the engendered challenges along with the rapid urbanization.
Similar to these work, our work can also be applied into various problem domains,
such as geo-social recommendation (e.g., sightseeing location recommendation in Sec-
tion 4.7), urban planning (e.g., user attention prediction in Chapter 6), personal digital
assistant (e.g., user mobility analysis in Chapter 5), and so on. By devising much more
robust and efficient models (e.g., the novel idea of joint consideration of both user
and location knowledge), our work obtained better performance in solving such social
problems. In addition to the application based related work, in the next, we will further
discuss the major related work from the view of technique.

2.3 Matrix Factorization

Among MF techniques, nonnegative matrix factorization (NMF) has received consid-
erable attention due to its successful application to many recommender systems. The
conventional NMF methods use ratings given to items by users as the sole source of
information for learning to make recommendations.

Nonnegative Matrix Factorization. Given a user-item matrix X ∈ R
M×N , each

column of X records an item’s ratings given by different users. NMF aims to find
two nonnegative matrices U = [uik] ∈R

M×K and V = [v jk] ∈R
N×K whose product can

well approximate the original matrix X . A commonly used cost function, the sum-of-
squared-errors objective function, is presented as follows.

minU≥0,V≥0 ∑
i, j
(xi j −uivT

j )
2 +λu

M

∑
i=1

‖ui‖2 +λv

N

∑
j=1

∥∥v j
∥∥2

, (2.1)

where ‖·‖2 denotes the Frobenius norm.
Probabilistic Matrix Factorization. Furthermore, researchers have found that the

MF related problems can also be solved in a probabilistic manner. For instance, in
[36] authors propose a probabilistic matrix factorization model. Algorithm 6 shows
its generative process and all the notations are explained in Table 6.1. In accordance
with the results in [36], maximizing the log-posterior over item and user features with
hyperparameters (i.e., λu and λv in Algorithm 6) kept fixed is equivalent to minimizing
the objective function Eq. 2.1.

Extended Probabilistic Matrix Factorizations. Recently, the above generative
process has been further improved using item content information, i.e., a hybrid model.
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Algorithm 1 The generative process for MF.
1: for each user �ui ∈U do � Stage 1
2: draw user group latent vector �ui ∼ N (0,λ−1

u IK)

3: end for

4: for each item �v j ∈V do � Stage 2

5: draw item latent vector �v j ∼ N (0,λ−1
v IK)

6: end for

7: for each user-item pair (�ui,�v j) ∈ X do � Stage 3
8: draw the rating xi, j ∼ N (�ui

T�v j,c−1
i, j )

9: end for

Most of these studies focus on Stage 2 in Algorithm 6. That is, by analyzing the
auxiliary content information, they aim to learn the more effective latent representation
V . For example, in [37], Stage 2 is defined as:

�v j ∼ N (0,λ−1
v IK)+Dirichlet(α). (2.2)

Given words in scientific articles, this collaborative topic regression model combines
traditional collaborative filtering with topic modeling. In [38], the authors define Stage
2 as:

�v j ∼ N (0,λ−1
v IK)+N (XL

2 , j∗,λ
−1
n IK). (2.3)

By utilizing the deep learning model, i.e., Stacked Denoising Autoencoders (SDAE)
[39], they expect to enrich latent representation to boost the performance. By viewing
the second entry in Eq. 2.3, the output of middle layer of the SDAE (i.e., XL

2 , j∗) is used
for enrichment.

Collective Matrix Factorization. Collective Matrix Factorization (CMF) [40] de-
fined a high-level framework, by which two or more matrices could be jointly fac-
torized. By introducing the Bregman matrix factorization [41], the loss function L of
factorizing two matrices X and Y is defined as:

L1(U,V |W ) = DF1(UV T ||X ,W )+DG(0||U)+DH(0||V ),

L2(V,Z|W̃ ) = DF2(V ZT ||Y,W̃ )+DH(0||V )+DI(0||Z),
L(U,V,Z|W,W̃ ) = αL1(U,V |W )+(1−α)L2(V,Z|W̃ ),

(2.4)

where D∗ are Bregman divergences; W and W̃ weight the observed X and Y , respec-
tively; and α ∈ [0,1] weights the relative importance of X and Y . The F1-divergence
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tends to pull UV T towards X , while the G- and H-divergences favor small U and
V . Since CMF is a high-level framework, it is difficult to directly apply CMF for
solving a particular problem. Mentioned in [41], the choice of Bregman divergences
(e.g., squared euclidean distance, KL-divergence, Itakura-Saito Dist, etc.) is where
we should inject domain knowledge. As a result, several instances of CMF have been
developed in different problem domains [42] [43].

Instance of Collective Matrix Factorization. The Graph Regularized Nonnegative
Matrix Factorization (GNMF) proposed in [42] is one of them. Instead of penalizing
the norms of U and V (i.e., the second and third entries in Eq. 2.1), the authors in-
troduce a geometrically based regularizer on V . By incorporating the nearest neighbor
graph W ∈ R

N×N , the objective function of GNMF is as follows:

minU,V ∑
i, j
(xi j −uivT

j )
2 +

λ
2

N

∑
j=1

N

∑
l=1

∥∥v j − vl
∥∥2Wjl. (2.5)

By minimizing Eq. 2.5, they expect that if two items are close (i.e., Wjl is big), the
latent representations of these two items, v j and vl , are also close to each other. We
find that Eq. 2.5 can be regarded as jointly factorizing two matrices, X ≈ f (UV T ) and
W ≈ g(VV T ), in a context of the assumption defined above.

GeoMF. Similar to our application problem, GeoMF [2] is a state-of-the-art method
for POI recommendation. The authors argument users’ and POIs’ latent factors (i.e.,
P and Q in Eq. 2.6) in the factorization model with activity area vectors of users (i.e.,
X in Eq. 2.6) and influence area vectors of POIs (i.e., Y in Eq. 2.6), respectively. By
capturing the spatial information (i.e., X and Y ), GeoMF can deal with the challenge
from the sparsity of observed matrix R. We compare our method with GeoMF in
experiment. A detailed discussion is presented in Chapter 6.

minP,Q,X ||W 
 (R−PQT −XY T )||2F + γ(||P||2F + ||Q||2F)+λ ||X ||1. (2.6)
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CHAPTER 3

USER PROFILING ∗

Unlike the conventional user profiling problems mentioned in the related work section
3.2, our novel work is among the first of its kind to analyze users’ location authority.
That is, we are going to estimate user’s familiarity with a given city. By analyzing dif-
ferent kinds of raw data (i.e., social network, time information, geographical informa-
tion), we totally proposed three different methods for the location authority estimation.
Furthermore, two ensembles of these three methods are devised, which obtained better
experimental results. Regarded as a preliminary work, the user profiling will also help
to mine location’s attributes introduced in Chapter 4.

3.1 Motivation

The explosion of social networking services (SNSs), such as Twitter, Facebook, and
Flickr, has led to a wealth of research into using social media content and various social
graphs. For example, major search engines, such as Google, Bing, and Yahoo, now in-
corporate user-generated content (UGC) and trend analysis in their results. Moreover,
in order to meet the diverse requirements of users, a significant effort has been dedi-
cated to developing new applications.

In this context, one problem of significant interest is that of location-authority-based

∗Copyright @ 2017 MTA. The final publication of the content in this chapter is available at
http://link.springer.com/article/10.1007/s11042-016-4034-6
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user profiling—i.e., mining the information asymmetry regarding a location among
various online user groups. That is, the “location authority” measures a user’s famil-
iarity with a particular location. In our work, by analyzing different kinds of user
behavior that are the results of information asymmetry, location authority can be mea-
sured. These vital user models can help in different application scenarios, including
the following:

Geo-social recommendations: according to a survey by Zheng et al. [9], the grow-
ing geo-referenced and community-contributed media resources have generated con-
siderable amounts of detailed location and event tags, covering not only famous land-
marks but also obscure locations. Although obscure locations are less well known,
they are often still worth visiting, and they are a valuable sightseeing resource for de-
velopment and promotion. Recently, several studies [44, 45, 20, 3] have shown the
potential of UGC mining for discovering popular or famous locations and landmarks.
Nevertheless, this area of research is relatively unexplored. Because the existence of
obscure locations is discovered from the information asymmetry among different user
groups, users’ location-authority information can be used to discover them. For exam-
ple, some beautiful locations may be popular with residents but relatively unknown to
tourists who are unfamiliar with the city.

User profiling: a number of algorithms have been proposed for detecting the dif-
ferent attributes of users. For instance, conventional methods for location inference
have been proposed from a wide variety of social media, such as Tweets on Twitter
[46], geo-referenced pages on Wikipedia [47], image tags on Flickr [48], and social-
network structures on Facebook [15]. Unlike these related methods, location authority
focuses on estimating the authority of a user regarding some particular topic.

An intuitive example of this is shown in Figure 4.1. By analyzing the time infor-
mation in images, Fischer presented the city-wide mobility behavior of Flickr users
(www.flickr.com/photos/walkingsf/sets/72157624209158632/). As seen in
these four cities, locals have significantly different mobility behaviors when taking
photographs compared to tourists. Further analysis shows that the reason for this is
the information asymmetry between these user groups. In this example, those famil-
iar with the city (i.e., locals) have more choices for sightseeing (e.g., enjoying cherry
blossom). That is, they are the authoritative users of the target city. By analyzing im-
age content, we can further detect the topics with which they are familiar. However,
visitors are sometimes more authoritative than residents, and vice versa. For example,
some locations are better known to professional photographers than they are to resi-
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(a) Beijing (b) New York

(c) Kyoto (d) San Francisco

Figure 3.1. Mobility behavior of different user groups. Red: tourists; blue: locals;
yellow: either.

dents. Accordingly, location-authority analysis cannot simply depend on the location
information specified in online user profiles. Moreover, according to our statistics,
most users do not disclose information regarding their residency.

Therefore, in this work, we mainly focus on the location authority based user-
classification task. By analyzing geo-tagged UGC, three complementary models are
proposed. First, we introduce a social-network-driven model, where a graph-based
method is used to determine whether a user is living in the target city. Second, we
introduce a time-driven model, which estimates the user’s location authority based on
the frequency of visits. Third, considering the fact that different users have different
mobility behaviors, a location-driven model is devised. Furthermore, in response to
the shortages of each model, two ensemble methods are discussed. Finally, utilizing
these methods, an application is implemented to discover points of interest (POIs) that
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are not well known, even though they are worth visiting. To the best of our knowledge,
this is the first attempt at discovering such POIs.

In summary, we make the following major contributions in this work:

• From a theoretical standpoint, we devise a comprehensive solution to classify
SNS users on the basis of their location authority. Thus, the influence of the
social network and the temporal and spatial influence from geo-tagged UGC
are analyzed. We further propose two ensembles of these models, in which each
user’s available information is dynamically considered in order to choose models
with higher discriminative ability.

• We evaluate the proposed methods with experiments on a real-world dataset col-
lected from three cities on Flickr.

The remainder of this chapter is organized as follows: Section 3.2 places our re-
search in the context of previous related work; Section 3.3 presents the proposed mod-
els and their ensemble methods; Section 3.4 outlines our experiments and presents an
in-depth quantitative and qualitative analysis of the obtained results.

3.2 Related Work

In this section, we discuss some research related to user-attribute detection.
A number of algorithms have been proposed for estimating the home location of

Twitter users using content analysis. For instance, Eisenstein et al. [49] built geo-
graphic topic models to predict the locations of users in terms of regions and states.
Using a Gaussian Mixture Model and Maximum Likelihood Estimation, Chang et al.
[46] proposed a city-level location-estimation method. Estimating at city level is more
challenging than estimations at higher granularities, such as states or countries. In
addition to the analysis of Tweets, other methods for inferring location have been pro-
posed based on social media, including geo-referenced pages on Wikipedia [47], image
tags on Flickr [48], and social network structures on Facebook [15].

Recently, several studies have focused on predicting the places where users will
go next, based on their previously generated content. For instance, Gao et al. [22]
explored the patterns of user check-ins and built a predictive model for user check-in
behavior. They found that friends of users tend to go to similar locations, and that the
users’ visits follow a power-law distribution. This means that users tend to visit only a
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few places multiple times and many places only a few times. Cho et al. [4] developed
a periodic and social mobility model. Their model is not designed to detect the home
location of Twitter users, but rather their mobility patterns—e.g., when the user is at
“home” and when the user is at “work.”

In addition to location information, a variety of other user attributes have been in-
vestigated using natural language processing, including gender, age, and even political
orientation [50, 51]. The problem of automatically constructing user profiles has been
commonly regarded as important. Nevertheless, to the best of our knowledge, estimat-
ing a user’s location authority by analyzing online generated social media has not yet
been thoroughly investigated.

3.3 Users’ Location-authority Analysis

In this section, we describe in detail three types of information that can help to char-
acterize a user’s location authority: social network, visiting frequency and mobility
behavior. In accordance with these three types of information, three models (i.e.,
social-network-driven, time-driven, and location-driven models) are introduced in or-
der to estimate SNS users’ authority with a particular city. Our goal is two-fold: first,
to provide an assessment of the robustness and generalization potential of features for
authority-based user-classification purposes; and second, to explore methods of com-
bining these three models for higher classification performance. We first describe each
individual model before discussing their combination.

3.3.1 Social Network: “Is the user living in the target city?”

For target city c, the most direct way of identifying a user’s authority is to retrieve res-
idency information from the user’s profile. However, few users are willing to disclose
this information or even their country of residence. In accordance with the statistics
from our experimental dataset, 64.8% of the 1,827,500 Flickr users did not specify
any information regarding their residency. Moreover, although the other 35.2% users
did provide location information, they were not necessarily familiar with the location
specified. A reasonable explanation for this exception is that users commonly provide
their hometown rather than their current location.

Therefore, we propose a social-network-based method for calculating the authority
of a user with given city c, by which “authoritative communities” can be detected on a
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network. The assumption for this model is that a user with many friends who are famil-
iar with city c will also be familiar with c. The statistics compiled in [15, 16] confirm
that geographic and online social relationships are inextricably intertwined. Generally,
the likelihood of friendship is inversely proportional to distance. Unlike the related
studies [15, 16] that investigated pairwise friendship between two users using a maxi-
mum likelihood approach, our algorithm further aggregates collective relationships by
information propagation on the social network. Before introducing the algorithm, we
first present the definition of a social network.

Definition 1. A social network N is a directed graph N(V,E), where V is the user set
of vi, and E is the friendship set of e(vi,v j) from vi to v j. In our implementation, the
network is represented as a transition matrix:

N(vi,v j) =

{
0 i f (v j,vi) /∈ E,

1/outdegree(v j) i f (v j,vi) ∈ E.
(3.1)

We then devise a biased authority-propagation algorithm, Algorithm 2, to model
this.

Algorithm 2 Biased Authority-propagation Algorithm.
1: calculate dc � based on whether or not vi is a local user
2: MB = 0;αB = 0.85
3: Fs(c) = dc � initialize Fs(c)
4: while MB < 1000 and Fs(c) not converged do

5: Fs(c) = αB ·N ·Fs(c)+(1−αB)dc.

6: MB ++

7: end while

By iterating the biased algorithm on network N, the authority value of a parent
node is split among its children and the authority value of a child node is the sum
of the authority values propagated over its links. This is exactly consistent with our
assumption.

For the normalized bias distribution dc in Algorithm 2, in contrast to TrustRank [52],
our method can automatically select good seeds based on whether user vi is a local of
city c, as detected from the user’s profile. The entries for vector dc that correspond
to good seeds sum up to 1. Given city c, Fs(c) is initialized to dc before the iteration.
Here, αB is the decay factor. Figure 3.2 illustrates an example when nodes [A, B, C,
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B:0.25 C:0.25

A:0.25

F:0.0E:0.0

D:0.25

G:0.0

(a) Before iteration

A:0.066

G:0.066

C:0.184

E:0.156

D:0.184

F:0.066

B:0.278

(b) After iteration

Figure 3.2. Social-network-driven method. Each node represents a user. Edges denote
a friendship between two users. The scores measure the authority levels.

D] are good seeds. After the iteration, we find that node B has obtained the highest
score because it was recommended by more good seeds.

Because of the exception above (note that a user may not be familiar with the loca-
tion specified in their profile), some nodes can be wrongly selected as good seeds in dc.
Fortunately, our method can significantly reduce this impact. Our iterative algorithm
not only aggregates the “authoritative communities” (e.g., [B, C, D, E] in Figure 3.2),
it also filters out the noise in dc (e.g., [A]).

Although this model is effective in most cases, it cannot cover situations where
potentially good seeds are sparsely distributed (e.g., [F, G]). In other words, if there
are many users with few friends on the social network, the sensitivity (or “recall”) of
this model will be low. We discuss this issue in detail when evaluating the proposed
methods.

3.3.2 Visiting Frequency: “Does the user visit the target city?”

The second method is a time-driven method. This method considers the frequency
of visits made by users. Intuitively, if a user has visited target city c frequently and
recently, the user is familiar with c. First, for each user vi, we define matrix Mi to
record the user’s visitation history.

Definition 2. Matrix Mi is a mapping between user vi and all the cities Ci that the user
has been to. For example, retrieving vi’s geo-tagged images, Mi[y= 2014,c= kyoto] =
10,c ∈Ci means that among vi’s images taken in Kyoto in 2014, there are 10 different
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dates detected.

On the basis of matrix Mi, we calculate the user’s authority with each city c ∈Ci. To
do so, three factors must be considered:

1. For each year, the proportion of days each c accounts for is recorded in Mi;

2. The revisitation to cities is denoted as matrix ri. Assuming that we collect 10
years’ worth of raw data for vi, for each year x, ri[x,c] = 5

10 when we detect that
vi went to c during five of those years;

3. The staleness of information. To identify whether vi has been to these cities re-
cently, we introduce diagonal matrix ωi(x,y) ∀x,y ∈ {1,2, ...,n}, to characterize
this feature. Here, n denotes the number of detected years.

The time-driven method is then used to compute authority score Ft as follows:

Ft(vi,c) = diag(rT
i · (wi ·Mi))[c], (3.2)

where diag denotes the matrix’s diagonal vector and [c] is used to obtain the authority
score of target city c.

Obviously, the accuracy of user vi’s Ft depends to a considerable extent on the spar-
sity of matrix Mi. For a user who has uploaded few geo-tagged UGC (e.g., Tweets,
images, check-ins), this method will be ineffective.

3.3.3 Mobility Behavior: “Where do users visit in a target city?”

In addition to the social network and time information introduced above, the geo-
graphic information regarding where a user has been in city c is also essential for
estimating location authority. Furthermore, unlike our previous two models and re-
lated approaches [46] [15] [4], which focus on individual behavior, this third model
simulates collective mobility behavior. By introducing latent variable group g this
model provides a more general solution to simulate the mobility behavior of different
user group gs. In the next part, we first describe the modeling process followed by the
model’s parameter inference.

Mobility Behavior Modeling

Table 3.1 shows the notations used for this model. To generate the map shown in
Figure 3.1, Algorithm 3 uses a generative process. By introducing Bayes’ theorem,
our algorithm models users’ mobility behavior based on the following observations.
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1. Observation 1: For each user vi, given city c, there is an inherent property
that describes their authority with the target city. For instance, there are three
different groups, labeled red, blue, and yellow in Figure 3.1, which represent
the different mobility behavior of these groups. Accordingly, with our location-
driven model, we introduce latent variable group, denoted as g, to represent this
property.

2. Observation 2: A region r (see Definition 3, below) is visited by groups g
with mixture distributions. That is, users from different groups prefer visiting
different regions of a city. In Figure 3.1, it is clear that some regions appeal to
more users from the red group, while others attract many users from the blue
group. In Algorithm 3, this observation corresponds to the generative process
from lines 5 to 12.

3. Observation 3: A group g is a mixture distribution of users v. Similar to the
concept of a fuzzy set, given group g, each vi has a probability that indicates
their degree of membership to g. In Algorithm 3, the generative process from
lines 2 to 4 represents this observation.

Definition 3. Region R is a collection of regions clustered by Gaussian Mixture Model
(GMM), as shown in line 1 of Algorithm 3. GMM is used because it is widely applied
to simulate users’ mobility behavior [46] [4]. Another, more important reason for
applying a GMM is to have a unified parameter inference process in Section 3.3.3 that
operates in a probabilistic manner.

The whole generative process in Algorithm 3 can be explained using the following
joint distribution:

p(t,g | �α,�β ,Λ) = p(lt | r,Λ)p(vt | g,�α)p(g | �β ). (3.3)

Given priors �α,�β , and Λ, by introducing latent variable group (g), the model aims
to generate each tuple t = {vt , lt} (e.g., t represents an image, Tweet, or post) in city c.
Here, Λ denotes all the priors of the GMM. More specifically, there is a Dirichlet distri-
bution over the mixing coefficients πr, and a Gaussian–Wishart distribution governing
the mean μr and precision Σ−1

r of each Gaussian component.

Parameter Learning

In accordance with our goal of identifying user authority (i.e., the probability a user
belongs to group g), the target of model inference is distribution p(g |t), where the hy-
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Table 3.1. Notations used for the location-driven model.
Size Description

V [1,V ] User set, where v is a particular user in V
R [1,R] Region set, where r is a region in R
G [1,G] Group set, where g is a group in G
T [1,T ] t ∈ T is a user-coordinate tuple: {vt , lt}
μr R

2 Mean location of latent region r
Σr R

2×2 Covariance matrix of latent region r
�ϑr 1×|G| Region-dependent group distribution
�ϕg 1×|V | Group-dependent user distribution

�α , �β Hyperparameters of Dirichlet priors
Ω |R|× |G| Ωr,g: count of tuples in r that are assigned to g
Ψ |G|× |V | Ψg,v: count of times when v is assigned to g
N Normal distribution
Dir Dirichlet distribution

Mult Multinomial distribution

Algorithm 3 Probabilistic generative process.
1: R ∼ ∑R

r=1 πrN (x | μr,Σr) � initialize R using GMM
2: for all groups g ∈ [1,G] do � Observation 3
3: sample mixture components �ϕg ∼ Dir(�α)

4: end for

5: for all regions r ∈ [1,R] do � Observation 2
6: sample mixture proportion �ϑr ∼ Dir(�β )
7: for all tuples t ∈ [1,Nr] in region r do

8: sample a coordinate lt ∼ N (μr,Σr)

9: sample a group grt ∼ Mult(�ϑr)

10: sample a user vrt ∼ Mult( �ϕgrt )

11: end for

12: end for
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perparameters are omitted. In Eq. 3.3, when region r is given at the initialization stage,
g is independent (⊥⊥) of lt . Intuitively, we can regard all tuples t in a specific region r
as a bag of instances of different users by ignoring the location information. Note that,
despite g ⊥⊥ lt | vt ,r, our model is sufficiently flexible to describe a situation where
different instances vt of the same user v can be assigned to different gs. Accordingly,
we divide the inference procedure into the following two steps.

Step 1. lt − generation: Because city c is described by a GMM and each region
r is a component of the GMM, we utilize a variational Bayesian machinery for the
inference of the GMM. As mentioned above, because it is unnecessary to identify the
exact location information given r, a random coordinate is assigned to each lt in r.

Therefore, we simply utilize the implementation introduced in Section 10.2 of [53].
This offers the advantage that the number of mixture components (i.e., |R|) can be
automatically identified with a relatively large initial value.

Step 2. vt −generation: After eliminating the lt , the joint distribution in Eq. 3.3 is
simplified as follows:

p(t,g | �α,�β ) = p(vt | g,�α)p(g | �β ). (3.4)

Three strategies can be applied to solve our inferential problem: EM with variational
inference, EM with expectation propagation, and Gibbs sampling. We selected the
Gibbs sampling method because its performance is comparable with the other two, but
it is more tolerant to local optimization.

We derive the Gibbs updating rule for Algorithm 4, i.e., a conditional distribution
for a tuple with index i = (r, t), as follows. Note that T =

{
ti,T¬i}, G =

{
gi = x,G¬i},

and the priors �α and �β are omitted. Because ti ⊥⊥ T¬i | G¬i, we have:

p(gi = x | G¬i,T ) =
p(G,T )

p(G¬i,T )

=
p(T | G)

p(T¬i | G¬i)p(ti)
· p(G)

p(G¬i)
∝

p(G,T )
p(G¬i,T¬i)

.

(3.5)

The joint distribution from Eq. 3.4 can be derived as:

p(G,T ) = p(T | G,�α)p(G | �β )

=
G

∏
g∈G

B(Ψg +αg)

B(αg)
·

R

∏
r∈R

B(Ωr +βr)

B(βr)
,

where B(�x) =
∏dim�x

k=1 Γ(xk)

Γ(∑dim�x
k=1 xk)

.

(3.6)
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Algorithm 4 Gibbs sampling algorithm for learning Eq. 3.4.
1: zero all count matrices Ω, Ψ; � initialization
2: for all regions r ∈ [1,R] do

3: for all tuples t ∈ [1,Nr] in region r do

4: sample a group grt ∼ Mult(1/ |G|) for t
5: update region-group count: Ω[r,grt ]+1
6: update group-user count: Ψ[grt ,vt ]+1
7: end for

8: end for

9: while not finished do � burn-in and sampling period
10: for all regions r ∈ [1,R] do

11: for all tuples t ∈ [1,Nr] in region r do

12: exclude the target t: Ω[r,grt ]−1; Ψ[grt ,vt ]−1
13: sample a new group g̃rt , using Eq. 3.7
14: update the counts: Ω[r, g̃rt ]+1; Ψ[g̃rt ,vt ]+1
15: end for

16: end for

17: if converged and sampling iterations are finished then

18: obtain the parameters �ϑr and �ϕg, using Eq. 3.8
19: end if

20: end while

Here, we first assume symmetric Dirichlet priors, with α and β each having a single
value. Then, by substituting and simplifying Eq. 3.5, we obtain the Gibbs updating
rule:

p(gi = x | G¬i,T ) = p(gi = x | G¬i, ti = v,T¬i)

∝
Ψx,v +αv −1

∑V
v′∈V Ψx,v′ + |V |αv′ −1

· Ωr,x +βx −1

∑G
x′∈G Ωr,x′ + |G|βx′ −1

.
(3.7)

This result is intuitive: the first ratio expresses the probability of ti under group gi, and
the second ratio expresses the probability of group gi in the region r to which the target
sampled ti belongs.

Finally, with a set of samples from the obtained posterior distribution p(g | t) (i.e.,
the converged Ω and Ψ), the multinomial parameters, �ϑr and �ϕg, can be computed as
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follows:

ϕg,v =
Ψg,v +αv

∑V
v′∈V Ψg,v′ + |V |αv′

,

ϑr,g =
Ωr,g +βg

∑G
g′∈G Ωr,g′ + |G|βg′

.

(3.8)

These values correspond to the state of the Markov chain in Gibbs sampling. Insofar
as they are conditioned by the past T and G, they are used to estimate the predictive
distribution over new tuples and groups.

3.3.4 Model Integration

The most important reason for integrating the models is to identify latent groups gen-
erated by the location-driven model. Because only the user IDs and geo-coordinates
are used, the system cannot automatically know the meanings of the groups when this
model is exclusively used (i.e., it is unclear whether the group is familiar or unfamiliar
with the city). Within this context, the other two models can be utilized to identify
latent groups.

Another reason to integrate the models is that they use distinct kinds of raw data. In-
tegrating them thus makes the classification task much more stable and robust. That is,
a more general model is obtained for responding to different situations. To this end, we
propose two ensembles: a support vector machine (SVM) and dynamic weighted en-
semble (DWE). These two ensembles enable our solution to utilize the results obtained
from the location-driven model, and they enable us to improve its performance.

SVM: With this method, we simply use the scores obtained from the three models as
features to train multiple classification models. For instance, if the number of groups
|G|= 2 in the location-driven model, there will be at most four features for SVM model
training. However, because the sum of the two scores from the location-driven model
is 1.0, in practice three features are sufficient. In the experiments, combinations of
these features, taken two at a time, were tested in order to detect key features.

For the implementation, we utilize SVM with the RBF kernel. The grid-search
method introduced in [54] is then applied with three-fold cross-validation to find the
best RBF kernel parameter γ and penalty parameter C in the SVMs. Finally, the most
powerful model is selected by comparing the average classification accuracy.

DWE: In machine learning, multiple classifiers are always combined in an ensemble,
and this is typically more accurate than using an individual model. The most standard
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Figure 3.3. Indegree and outdegree distributions of 94 samples from the social network
N (see Definition 1). Here, 47 blue samples are correctly identified, while the other 47
red samples are misidentified.

method for doing so is majority voting, where the final classification is the class that
receives the most votes from the individual classifiers [55]. In addition, other methods
have been proposed, such as bagging [56] and boosting [57].

Before introducing our ensemble strategy, we first discuss the shortcomings of each
of the proposed models. For the first social-network-driven model, Figure 3.3 shows 94
nodes (users) in the friendship-based social network. Among them, 47 blue nodes are
correctly classified, while the other 47 red nodes are misclassified. Obviously, there
are differences in the available information (“indegree and outdegree” in this case)
that can influence the model’s performance. Intuitively, for users with few friends
(i.e., lower indegree and outdegree), this model would, to a considerable extent, have
insufficient discriminative power. The experiment results shown in Figures 3.6a and
3.6b further verify this observation. Its performance decreased sharply for the inactive
users. Similarly, our experimental results in Figures 3.6c and 3.6d show that the second
time-driven model’s performance decreases sharply for inactive users who generate
little content (i.e., images in our case) on the Internet. The performance of the third
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location-driven model, as shown in Figures 3.6e and 3.6f, although not the highest, is
the most stable. These observations suggest that we should take the different levels of
available information for each user into consideration.

Therefore, in our solution, we use a DWE, the idea for which was first introduced in
[58]. In contrast to other methods, this method can account for the differences in the
available information for each user. For instance, some users may have more generated
data (e.g., images, or Tweets), favoring the time-driven model, whereas other users
may have a lot of friends, favoring the social-network-driven model. Moreover, by
regarding as evidence users who obtained high weights in the first two models, the
DWE can label the latent groups generated by the location-driven model as “familiar
with the city” or “unfamiliar with the city.”

Accordingly, using a user’s indegree and outdegree as features, we train learn-
ing model Ps to predict the discriminative ability of the social-network-driven model.
Similarly, using the amount of UGC as a feature, we train another model Pt for the
time-driven model. AdaBoost [57] was used for learning, because it fits a sequence
of weak learners. In our case, the learners (i.e., Ps and Pt) are decision trees with
max depth = 3.

F(vi) = [Fs,Ft ,Fl] · �enT ,

where �en = [0.5Pt ,0.5Ps,1−0.5(Pt +Ps)].
(3.9)

Eq. 3.9 is used to calculate the assembled authority score of user vi. Here, Fs, Ft , and
Fl are the authority scores or probabilities obtained from the three models, respectively.
In order to maintain the same scale, they are first pre-normalized. Ensemble weights
�en are calculated using prediction results of the models Ps and Pt . Both Ps and Pt

contain two predictions: “1” denotes high classification strength and “0” denotes low
classification strength. For example, if neither the social-network-driven model nor the
time-driven model have sufficient classification strength, the DWE only uses the stable
location-driven model.

In summary, because the three original models are established using completely dif-
ferent information, we expect that their combination will improve the performance.
The drawback to such ensembles, however, is that they require a training dataset. Al-
though future research could be directed towards establishing a more comprehensive
training dataset, we currently rely on manually labeled random samples. Moreover, in
the next section we experimented with cross-validation in order to render the dataset
statistically significant.
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Table 3.2. Datasets collected from the three cities: Beijing, Kyoto, and San Francisco.

Beijing Kyoto San Francisco

Number of geo-tagged images 4,002 6,121 3,989
Number of target Flickr users 230 300 536
Percentage of images from the top 20% 85.7% 84.4% 78.6%

Table 3.3. Contextual data used in Algorithm 2 and Eq. 3.2.

Algorithm 2: Friendship-based directed social network N (see Definition 1).
Nodes: 837,633; Edges: 3,082,408.

Eq. 3.2: 1,066 matrices M (see Definition 2) recording users’ visitation history.
Year range: 2005–2015; Cities: 17,460.

3.4 Experimental Evaluation

In this section, we outline the retrieved datasets and parameter selections for our ex-
periments. All five user-classification methods (i.e., Algorithm 2, Eq. 3.2, Eq. 3.3,
SVM, and DWE) are then compared and discussed quantitatively. Finally, some case
studies are visualized in order to demonstrate the feasibility of our methods.

3.4.1 Data Preparation

Table 3.2 summarizes the target datasets for Beijing, Kyoto, and San Francisco, which
were collected from Flickr. Unsurprisingly, the 80–20 rule persists on Flickr. That is,
for all three datasets, the top 20% Flickr users were prolific, whereas the bottom 80%
of the users remained relatively inactive.

Table 3.3 details the contextual data used by the social-network-driven model (Al-
gorithm 2) and the time-driven model (Eq. 3.2). We collected a total of 837,633 Flickr
users in order to construct social network N, in which all the 230 + 300 + 536 target
users were included. Furthermore, we retrieved all of the images uploaded by the target
users from Flickr. These included all of the geo-tagged images and some other images
that were taken just before or after the geo-tagged images. The images were then used
to create matrix M.
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3.4.2 Parameter Selection

To make our models more reproducible, we list all the parameters and their corre-
sponding values.

Social-network-driven Model: We applied our biased authority-propagation algo-
rithm by setting the decay factor αB = 0.85, which is often considered to be the de-
fault value for PageRank-like calculations in the literature. The authors of [59] further
found that when the decay factor changes, the top sections of the ranking changes only
slightly. As we are especially interested in “authority communities,” i.e. the top sec-
tions, the impact of the decay factor’s choice is limited. We set the maximum number
of iterations MB = 1,000.

Time-driven Model: Because the heuristic parameter wi in Eq. 3.2 is used to char-
acterize the information staleness, on the basis of its actual effectiveness, we set it to
exponential decay: 0.8(λ−x). That is, for any year x, more time passing between x and
current year λ leads to higher decay.

Location-driven Model: We set the number of groups |G| = 2. Based on the ex-
perimental results below, these two latent groups can be explained as a “tourist-like
group” and “local-like group.” In accordance with the conclusion in [60], because of
the mutual relationship between hyperparameters and the group number, we set the
symmetric Dirichlet priors as α = 0.01 and β = 50/ |G|. A relatively small value of α
can be expected to result in a fine-grained decomposition of the users in region r into
groups g that address familiarity. For β , by keeping constant the sum of the Dirichlet
hyperparameters (50 in our case), it can be interpreted as the number of virtual sam-
ples contributing to the smoothing of the region-dependent group distribution ϑ . The
maximum number of sampling iterations in Algorithm 4 was set to 1,000.

3.4.3 User-classification Evaluation

ROC-based Evaluation: The receiver operating characteristic (ROC) curve is a graph-
ical plot that illustrates the performance of a binary classifier model as its discrimina-
tion threshold is varied. In our case, although we attempted to classify users into two
groups, we obtained a score or probability for each user rather than a label with two
options (i.e., familiar or unfamiliar). Because the determination of an ideal threshold
(also known as a cut-off value) is always a tradeoff between sensitivity (true positives)
and specificity (true negatives), the ROC curve offers a graphical illustration of these
tradeoffs at each threshold.
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Table 3.4. Calculating the true-positive rate and the false-positive rate.

True class Familiar (high authority) Unfamiliar (low authority)

Predicted class

Familiar True Positives (TPs) False Positives (FPs)
Unfamiliar False Negatives (FNs) True Negatives (TNs)

True–positive rate = T P/P;
False–positive rate = FP/N.

Table 3.5. Labeling results of the top 100 active users in each city, denoted by Activeset .

Cities Number of familiar users Number of unfamiliar users

Beijing ≈ 36 ≈ 64
Kyoto ≈ 31 ≈ 69
San Francisco ≈ 76 ≈ 24

In our experiments, we used two criteria for the evaluation, as shown in Figure 3.6:
sensitivity (true-positive rate) and 1 - specificity (false-positive rate). Table 3.4 shows
how these these two criteria were calculated.

Using these two criteria, the area under the ROC curve (AUC) is recognized as
a measurement of a test’s discriminatory power. The maximum AUC value is 1.0,
indicating 100% sensitivity and 100% specificity, and an AUC value of 0.5 indicates
the absence of any discriminative power.

Ground Truth: It is almost impossible to acquire the exact ground truth regarding
whether a user is familiar with a city. For example, a resident of Beijing is not necessar-
ily familiar with the city. For our experiments, we employed manual efforts to collect
an approximate ground truth. This was done by adopting the following procedures.

We invited nine subjects to manually score users’ authority over a specific city from
the users’ online information. For each city (i.e., Beijing, Kyoto, and San Francisco),
three independent subjects were assigned to label 200 users that had been selected. In
order to obtain a comprehensive evaluation, we selected both users who had uploaded
many images to Flickr and those who had not. Table 3.5 shows the labeling results
for 300 active users, from which approximately 36, 31, and 76 familiar users were
returned by majority voting. Similarly, Table 3.6 shows the labeling results for 300
inactive users.
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Table 3.6. Labeling results of the bottom 100 inactive users in each city, denoted by
Inactiveset .

Cities Number of familiar users Number of unfamiliar users

Beijing ≈ 44 ≈ 56
Kyoto ≈ 15 ≈ 85
San Francisco ≈ 59 ≈ 41

0.7
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0.85

0.9

Beijing Kyoto San Francisco

Figure 3.4. Labeling variances on the top 100 active users in each city, calculated using
the Jaccard index.

To ensure that the labeling results were credible, all of the subjects were familiar
with their corresponding cities, and they recorded the reasons for all of their labels.
For each city, Figures 3.4 and 3.5 present the labeling variances between any two of
the three subjects according to the Jaccard index. Indeed, all of the subjects provided
high-quality outcomes, and their results were similar. Next, all of the models were
analyzed using the ground truth from subjects’ votes—i.e., by majority.

Experimental Results: The overall results for the location-authority estimation are
reported in Figure 3.6. The results show that the proposed framework generally per-
formed well. However, the results varied across models. The details are as follows.

The social-network-driven model (SNDM) fluctuated considerably. By comparing
the ROC curves shown in Figures 3.6a and 3.6b, the decline in user activity had a neg-
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0.85

0.9

Beijing Kyoto San Francisco

Figure 3.5. Labeling variances on the bottom 100 inactive users in each city, calculated
using the Jaccard index.
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(d) TDM with Inactiveset
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(g) General SVM
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(h) DWE with Activeset
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(i) DWE with Inactiveset

Figure 3.6. Overall results for the location-authority-based user-classification task. By
drawing the ROC curves, the five models’ performance on both active (upper bound)
and inactive (lower bound) datasets are presented.
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Table 3.7. Classification accuracy of the general SVM models when using dif-
ferent numbers of features. D1: Activeset(Bei jing); D2: Activeset(Kyoto); D3:
Activeset(SanFrancisco); D4: Inactiveset(Bei jing); D5: Inactiveset(Kyoto); D6:
Inactiveset(SanFrancisco);

Datasets One feature Two features Three features

SNDM TDM LDM
SNDM
& TDM

SNDM
& LDM

TDM
& LDM

SNDM
& TDM
& LDM

D1 0.854 0.876 0.674 0.876 0.854 0.865 0.899

D2 0.682 0.847 0.647 0.824 0.694 0.847 0.847

D3 0.828 0.882 0.641 0.935 0.774 0.871 0.892

D4 0.747 0.709 0.620 0.772 0.747 0.684 0.772

D5 0.744 0.798 0.764 0.775 0.794 0.865 0.888

D6 0.759 0.773 0.557 0.784 0.567 0.660 0.701

(a) Tuning parameters for the SVM
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(b) Train: Activeset ; Test: Inactiveset
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(c) Train: Inactiveset ; Test: Activeset

Figure 3.7. Detailed results for the SVM model: (a) the parameter-tuning process for
obtaining the best classification model; (b) and (c) results from respectively using the
Activeset or Inactiveset as the training set and the other for testing. Because the SVM
model has only two outputs (high or low authority), there is only one threshold for the
ROC curves.
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ative effect on the classification results. Since inactive users always have few friends,
SNDM is not so good at dealing with these users. The classification results shown in
Figure 3.3 further verified this observation. For users with few friends, i.e., lower in-
degree and outdegree on the social network (see Definition 1), SNDM has insufficient
discriminative power. Moreover, we analyzed the situations in different cities in order
to gain insight into this model. By investigating the lower AUC values for Kyoto, we
found that, because Kyoto is a traditional city, relatively few online social relationships
are established there, compared to modern cities like San Francisco. In this sense, the
performance of this model depends on different kinds of social culture.

The time-driven model (TDM) always performed well. Because the users in activeset

uploaded many images, this model obtained considerably good results that closely ap-
proximated the ground truth, as shown in Figure 3.6c. However, for users with few
images, the model’s performance decreased sharply. Figure 3.6d shows the model’s
performance when classifying inactive users. With Kyoto, for example, the low per-
formance (AUC = 0.68) was due to calculations on a sparse matrix M, owing to the
inactivity of users who upload few images on Flickr. Of the bottom 100 users from
Inactiveset(Kyoto), each of them uploaded an average of 89 images. In this sense, for
users with few images, i.e., high sparsity of the visiting matrix (see Definition 2), TDM
has insufficient discriminative power.

The location-driven model (LDM) returned the most stable results. Figures 3.6e
and 3.6f show the performance of the location-driven model. Although this model did
not perform as well as the time-driven model, it did prove that location information
is an important feature for stable results. That is, no matter what kind of raw data
(e.g., how many friends, how many images, etc.) we collected for each user, LDM
always performs stably. A more important characteristic is that combining it with
other features improves significantly over using them alone, suggesting that the LDM
adds important value to this classification task.

The SVM model provides a solid baseline when integrating the above three models.
By using Activeset and Inactiveset as a whole, a three-fold cross validation was ap-
plied to train multiple SVM classification models. Figure 3.7a shows the grid-search
method for tuning the parameters. The X-axis represents the RBF kernel’s parameter
γ , whereas the Y-axis denotes the penalty parameter C in the SVMs. After choosing
the best model from the parameter-tuning results, Figure 3.6g shows the general SVM
model’s superlative classification performance. Rather than randomly sampling train-
ing and testing data sets, Figures 3.7b and 3.7c show a cross-validation on Activeset
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and Inactiveset . Because the model trained by Inactiveset performed better than the
model trained by Activeset , it is worthwhile exploring and implementing sophisticated
features, rather than treating all of the features equally.

Table 3.7 further confirms that more features do not necessarily lead to better results.
With San Francisco, for example, the SVM model obtained the best results when only
two features were used. The relatively low performance from combining more features
is due to the probability of existing disagreements between different models. This
result has further verified our observation that SNDM, TDM, and LDM are good at
dealing with different available raw data. Therefore, the DWE model is one of the best
solutions to this problem.

The DWE model performed best. This model is an advanced version of the SVM
model. The DWE model intelligently selects the most discriminative features for each
user. By considering the differences in the available information for each user, dynamic
weights were assigned to each feature. As a result, those models (SNDM, TDM, or
LDM) that have sufficient discriminative power are automatically selected by DWE to
classify each user. Ultimately, this model obtained the best results for both the Activeset

(Figure 3.6h) and Inactiveset (Figure 3.6i).

3.4.4 Visualizing the Classification Results

Because our location-driven model, introduced in Section 3.3.3, was devised in accor-
dance with the statistical observations of [1], we visualized our results to show that our
model could generate similar distributions for the three cities Beijing, Kyoto, and San
Francisco. Note that they used datasets that differ from ours, and neither our results
nor theirs can be regarded as correct.

Although temporal information is an essential feature of such classifications, our
results confirm that using only latitude–longitude coordinates can also perform well.
Figure 3.8 visualizes the results. The red icons represent geo-tagged images taken by
Flickr users who are very likely to be unfamiliar with the city, whereas the green icons
represent images probably taken by those who are familiar with the city. Through such
a classification, we can easily find popular sightseeing locations (i.e., the red areas) in
each city. Thus, the location-driven model not only improves the time-driven model,
it also models the relationships between people and space by introducing the inherent
authority attribute.

To explain the latent variable group, Table 3.8 shows the number of votes obtained
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(a) Results in [1] (b) Our results

Figure 3.8. Visualization of different user groups’ mobility behavior in Beijing, Ky-
oto, and San Francisco. Temporal information is analyzed in (a), whereas location
information is utilized in (b).
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Table 3.8. Representative users for the two latent groups.

Groups Votes for the top ten representative members in each group

Tourist-like group Beijing: 22/30; Kyoto: 23/30; San Francisco.: 26/30.
Local-like group Beijing: 22/30; Kyoto: 25/30; San Francisco: 21/30.

by the representative members from each group. The more votes a user has (with a
maximum of three votes from the subjects), the more likely the user belongs to the
corresponding group. By analyzing the votes in Table 3.8 and the distributions in
Figure 3.8, we found that the representative members accurately reveal the underlying
meaning of each group, i.e., a tourist-like group and a local-like group.

To draw a conclusion, in this chapter, we proposed a new concept, location au-
thority, for mining information asymmetries among different online user groups. By
respectively considering a user’s social, temporal, and spatial information, we devised
three models for estimating users’ location authority: a social-network-driven model,
time-driven model, and location-driven model. We then introduced two ensembles of
these models, which demonstrated robust performance across different classification
tasks. In the experiments, we manually collected the ground truth and compared the
performance of each proposed method. We also visualized the experimental results
in order to show the broader applications of our methods. Our work is intended to
inspire more interest in information asymmetry analysis, user profiling, and geo-social
recommendations.
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CHAPTER 4

SINGLE LOCATION PROFILING

In this chapter, a location’s characteristics will be discussed on the basis of user activity
analysis. Two dimensions, i.e., (1) user distribution based popularity and (2) scenery
quality will be analyzed. Compared with the conventional related work aiming to dis-
cover hot or famous Points of Interests (POIs), our work is among the first of its kind,
which can not only evaluate the popular POIs but also the obscure ones. By applying
the location profiling methods introduced in this chapter, we further developed a demo
of recommending obscure locations in Kyoto.

4.1 Motivation

Travel, as an indispensable part of the service sector, has already been well developed
worldwide and plays an important role in people’s lives. Powered by the Internet, abun-
dant tourism information, including traditional events, accommodation, transportation,
suggested itineraries, etc., is uploaded and shared on websites. On conventional travel
websites, information about the most famous sightseeing resources is stressed, well
organized and can be easily referred to by tourists. However, the information about
obscure sightseeing locations known by a small number of people is rarely organized
or even described on the Internet. Since personalized tours are becoming popular,
more attention is focusing on obscure sightseeing locations that are less well-known
while still worth visiting. Moreover, these obscure locations are potential sightseeing
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Figure 4.1. A sightseeing location can be evaluated from two aspects, i.e., (1) popular-
ity and (2) scenery quality.

resources valuable for developments and promotions to governments and travel agen-
cies. As a result, there exists a challenge to effectively discover and recommend such
locations.

Benefiting from Social Networking Service (SNS) and advances in mobile devices,
people can upload and share their experiences on the Internet. Geo-tagged images are
one of the typical content generated by users. The vital information it contains pro-
vides researchers with excellent opportunities for discovering landmarks and moving
patterns [61][44][62][63][64][65]. More importantly, based on a survey by Zheng et
al. [9], the growing geo-referenced and community-contributed media resources have
generated huge amounts of detailed location and event tags, covering not only famous
landmarks but also obscure locations. However, to the best of our knowledge, the re-
search on discovering obscure sightseeing locations has not been well studied before,
i.e., most existing works [44][45][20][3][66] pay more attention to hot and famous
areas and landmarks.

As shown in Figure 4.1, we generally divided sightseeing locations into four quad-
rants on the basis of their “popularity” and “scenery quality”. Located in the quadrant
with high sightseeing quality but low popularity, an obscure sightseeing location is a
considerable choice for in-depth travel to not only enjoy the beautiful scenery but also
experience local culture, especially for the repeat tourists who have already visited the
most famous places there.
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In this chapter, to a given scenery object, we propose different methods to discover
and rank the obscure sightseeing spots with two novel metrics, “obscurity level” and
“scenery quality”, by analysis of geo-tagged images retrieved from Flickr.

Regarding the obscurity level estimation, it is somewhat a measurement of informa-
tion asymmetry between different photographer groups. “Obscurity level” is a relative
concept, which means a location can be popular to Group A (e.g., residents), but ob-
scure to Group B (e.g., travelers). In this work, we try to discover the locations that are
obscure to travelers who are unfamiliar with the corresponding cities.

Regarding the scenery quality evaluation, our research evaluates the aesthetic value
of the target scenery object per each spot.

To summarize, we make the following major contributions in this work:

• We propose a novel mechanism to discover sightseeing spots from two aspects:
obscurity level and scenery quality. The implementation of our proposed meth-
ods are validated on the basis of field visits in Kyoto.

• To estimate the user distribution based location popularity, by utilizing the user
profiling methods introduced in Chapter 3, a novel information asymmetry based
method is proposed.

• For the scenery quality dimension, we evaluate a location by analyzing user
behavior related to the images shot around it. The behavior of both viewers
who browsed the social images (i.e., social appreciation) and photographers (i.e.,
photographers’ attention) are considered.

The remaining content of this chapter are as follows. Section 4.2 talks about some
related work in this area of discovering and recommending POIs. Section 4.3 shows
the overview of the problem and our preliminary work. In sections 4.4 and 4.5, a
location’s popularity and quality will be analyzed, respectively. In Section 4.6, our
methods will be verified by field visits in Kyoto.

4.2 Related Work

Although the location profiling will also depend on the user profiling related work,
since we have already discussed them in Chapter 3, we omit these discussions here.
As a result, Our research in this chapter is related to the following three areas.
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Discovering Popular Locations: Many related works study on landmarks that are
always located in the quadrants with high “popularity” (see Figure 4.1). The attrac-
tiveness and popular appeal of landmarks result in a vast amount of landmark related
media resources on the Internet. As a result, it has spurred much research into “build-
ing a landmark database”, “landmark visual summarization and 3D modeling”, and
“landmark recognition”. For instance, several studies have investigated building land-
mark databases at a city level [67][68]. Zheng et al. [66] first attempted to establish a
world-scale landmark database. A live landmark recognition engine has been proposed
that can visually recognize landmarks in a given image. With recent advances in mo-
bile computing, research into visual localization or landmark identification on mobile
devices is gaining interest. Chen et al. [61] published an extensive landmark dataset
in the research area of mobile location recognition on a city scale. When a user sends
a photo taken with his/her mobile phone, in return s/he receives information about the
current position. As the number of landmark images grows rapidly, browsing and sum-
marizing landmark photo collections become important. Researchers have attempted
both summarizing landmarks with representative images [68][69] and 3D reconstruc-
tion of landmarks from internet images [70][5]. However, methods to discover obscure
rather than popular sightseeing locations have not been well investigated.

Ranking Sightseeing Locations: In the research into estimating “sightseeing qual-
ity”, a survey given by Luo et al. [19] shows that collections of geo-multimedia, which
are a result of sightseeing experiences sharing by web communities, are widely used in
trip recommendations. Ji et al. [20] modeled the relationships of scene/landmark and
scene/authorship as a graph and adopted two popular link analysis methods, PageR-
ank and HITS, to mine representative landmarks. Zhang et al. [32] aimed to mine
interesting locations and classical travel sequences in a given geospatial region on the
basis of multiple users’ GPS trajectories. They first modeled multiple individuals’ lo-
cation histories with a tree-based hierarchical graph. Then, by using the graph, they
proposed a HITS-based inference model that infers the interest of a location. In [65],
the authors further developed a recommendation system. Instead of GPS traces, Liu et
al. [3] proposed a joint authority analysis framework to discover areas of interest with
geo-tagged images and check-ins. By utilizing geo-tags and user-tags of images, Chen
et al. [44] developed a visualization application for automatically generating tourist
maps. Hasegawa et al. [71] attempted to organize travel related tweets by consider-
ing the spatio-temporal continuity of user-behaviors during travel. By merging such
fragmented tweets, users’ travel experiences can be detected.
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In these works, GPS traces, images, check-ins, and tweets are treated as different
kinds of user votes to help gather tourism knowledge. Authority based analysis, like
“rank-by-count” and “rank-by-frequency” in a vote manner, is the basis for most of
these trip recommendation research. However, for an obscure location, not enough
visits or votes are generated on the Internet. The classical authority based analysis,
which is always used to recommend popular sightseeing locations, is not suitable.

Evaluating Aesthetic Value: Researchers have already proposed some methods to
rank attractiveness of images [72][73]. In addition, Savakis et al. [74] presented a sub-
jective evaluation of the significance of different visual aspects for the determination
of the overall appeal of natural images. In [75], Winkler proposed different ways to
quantify sharpness and colorfulness of images. He conducted further experiments to
show the properties of these features as effective indicators of image appeal.

A lot of additional metrics, such as exposure, contrast, or texture, have also been
extracted and used to measure an image’s content. Nonetheless, an image may be
attractive solely due to professional skills of a photographer rather than there being
beautiful scenery at a location. To the best of our knowledge, how to evaluate the
scenery quality of a given location by using the photos shot around there has not been
well investigated so far.

4.3 Preliminary Work

In this section, we mainly introduce the data structures that will be used in the next
two sections. Since some of the data structures have already been defined in Chapter
3, here, we use a figure to visualize them. Accordingly, it is much easier to understand
the relationships between these data structures. On the other hand, the two tasks (i.e.,
user distribution based popularity estimation and scenery quality evaluation) will be
describe briefly.

4.3.1 Data Construction

Through Flickr’s APIs∗, we first retrieve geo-tagged images and photographers’ in-
formation into two data sets: GeoImage and PProfile. Then, three additional data
structures are modeled as shown in Figure 4.2.

∗https://www.flickr.com/services/api/
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Figure 4.2. Data construction. Details are described in Definitions 1, 2 and 4.

By seeing the left side of Figure 4.2, it presents the relationships among social net-
work N (see Definition 1 in Chapter 3), visiting frequency matrices Mi (see Definition
2 in Chapter 3), and cities Ci. It describes that users vi have different friends on the
network N. Also, different users will visit different cities Ci.

By seeing the right side of Figure 4.2, it describes the “locations” we focused on
in this chapter. The figure shows that the “locations” have a hierarchical structure.
Definition 4 below gives the detailed information.

Definition 4. A tree-based hierarchical graph H is a collection of location clusters,
denoted as spotk, with a geographical hierarchical structure. A spotk is a candidate
sightseeing place, which is obtained by a clustering algorithm using the retrieved im-
ages’ geo-information. Correspondingly, the set of all images that are taken at spotk
is denoted as Ik.

We put together the geographic coordinates (i.e., latitude, longitude) from geo-
tagged images into a dataset to obtain the tree-based hierarchical graph H, with which
the system can select spots with different granularities to display them in different
levels of details (LOD). In this chapter, hereinafter, a spot spotk denotes a location.

4.3.2 Overview of the Two Tasks

In accordance with the two dimensions, i.e., “popularity” and “sightseeing quality”,
shown in Figure 4.1, two corresponding challenges are addressed in this work:
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User Distribution based Popularity Estimation: Given social network N(V,E)
and visiting frequency matrices Mi, we first estimate each photographer vi’s familiarity
with a particular city c ∈ Ci, based on which all the photographers are classified into
a familiar group and an unfamiliar group. Then, on the basis of visiting frequency
asymmetry between the photographers from these two groups, we estimate the obscu-
rity level of each spotk. Intuitively, if more photographers from the familiar group
than from the unfamiliar group visit a candidate spot, we assume that spot has a high
probability of being obscure to travelers.

Scenery Quality Evaluation: For the second challenge, two kinds of user behavior
are identified to evaluate the scenery quality in different ways. Regarding the behavior
of users who viewed target images, we evaluate a spotk’s social appreciation to present
how much on-line community members like some scenery around there. On the other
hand, by analyzing the behavior of photographers who took target images, we try to
evaluate the attention they have paid on some scenery at spotk.

4.4 User Distribution based Popularity Estimation

As have been mentioned in Section 4.1, since the “popularity” is a relative concept on
the basis of different user groups (e.g., locals, foreign tourists, etc.), before calculating
the extent of location popularity, we should first do user classifications to identify
different user groups. Accordingly, we classify users (photographers) into two groups,
i.e., the (1) familiar group and (2) unfamiliar group.

Then, by analyzing the information asymmetry between these two groups, we calcu-
late the user distribution based location popularity. As a result, our work could discover
both popular and obscure locations (spots) in a city.

4.4.1 User Classification

In this subtask, we will directly use the users’ location authority score devised in Chap-
ter 3 to classify photographers into the familiar group and unfamiliar group by con-
sidering 1) their profiles, 2) their friends’ familiarity, and 3) visiting frequency to the
target city.

Given a user (photographer) vi and a target city c, we calculate a familiarity score
F(vi,c) using different methods proposed in Chapter 3. The details are as follows:
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• Social Network N(V,E) based familiarity score. We assign the location au-
thority score calculated by Algorithm 2 to F(vi,c).

• Visiting Frequency Matrices Mi based familiarity score. We assign the loca-
tion authority score calculated by Eq. 3.2 to F(vi,c).

• SVM based familiarity score. We assign the location authority score calculated
by SVM integration model in Section 3.3.4 to F(vi,c).

• DWE based familiarity score. We assign the location authority score calculated
by DWE integration model in Section 3.3.4 to F(vi,c).

Please note that, because the location-driven model, i.e., Algorithm 3 in Chapter 3,
cannot be applied alone (please see Section 3.3.4 for details), there are totally four dif-
ferent ways to do the user classification. Accordingly, in the experiments, by compar-
ing these different strategies, we will discuss the advantages and disadvantages about
them. On the other hand, the performance of location popularity estimation can be
regarded as an indirect verification of our user profiling methods proposed in Chapter
3. Therefore, we will also discuss this issue in the experiment section.

4.4.2 Location Popularity Score Calculation

For a target city c, we first introduce a fuzzy set {Uc,m(vi) = F(vi,c)} to specify each
user vi’s familiarity on the basis of the familiarity score F(vi,c). Then, for a spotk, we
define two vectors, �φ spotk

f and �φ spotk
un f , to represent the percentage of both the familiar

group and unfamiliar group who have visited spotk in each year y:

�φ spotk
f [y] =

wy∣∣Uk
c
∣∣ ∑

vi∈Uk
c

m(vi);
�φ spotk

un f [y] = wy − �φ spotk
f [y]. (4.1)

Similar to the wi in Eq. 3.2, wy is an empirical parameter to characterize the stale-
ness of information. In experiments, we find that setting wy = 0.8(λ−y) obtained good
performance.

Finally, to calculate the time sensitive familiarity before year λ , the entries in �φ spotk
f

and �φ spotk
un f should include all the detected years before λ . We calculate spotk’s obscu-

rity score by comparing the norms of these two vectors.

ObscurityScore(spotk,λ ) =
∥∥∥ �φ spotk

f

∥∥∥−∥∥∥ �φ spotk
un f

∥∥∥ . (4.2)
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Figure 4.3. The framework of ranking spots. Corresponding to Sections 4.5.1, 4.5.2
and 4.5.3 respectively, our system uses three criteria (i.e., the three questions listed in
this figure) for scenery quality evaluation.

On the basis of the tree-based hierarchical graph H (see Definition 4), the obscurity
level of spotk with various granularities can be estimated, as long as in our retrieved
database there is at least one photographer who uploaded the target images about spotk.

4.5 Scenery Quality Evaluation

Unlike the conventional related work on evaluating hot or famous locations, our work
faces with a challenge of evaluating obscure locations. To the best of our knowledge,
our proposed method is among the first of its kind, which can evaluate the scenery
quality of both popular and obscure locations.

The biggest challenge of ranking obscure spots (namely, having low popularity) is
how to handle the lack of raw data including geo-tagged images, tweets or check-ins,
because less relevant information is generated on the Web. In other words, the author-
ity based analysis methods previously utilized [20][3][65][32] are not suitable in our
cases. In this subtask, given a scenery object o (e.g., cherry blossom, maples, etc.),
we use social images to rank spotk by evaluating the aesthetic value of the scenery ob-
ject o. Compared with the existing very few geo-tagged tweets and check-ins, images
describe a spot much more realistically and objectively.

Figure 4.3 presents the framework of evaluating a spotk’s scenery quality. By ob-
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serving the behavior of both viewers (i.e., who have viewed the images in Ik) and
photographers (i.e., who have taken the images in Ik), we defined three progressive cri-
teria. Along with this flow chart, the three criteria will be introduced in the remainder
of this section.

4.5.1 Criteria 1: Image Labeling

Hereinafter, the set of all images about a particular scenery object o that are taken at
spotk is denoted as Ik(o). Benefiting from Flickr’s well implemented keyword based
search function†, the filter has already obtained a good performance. For example,
through manually statistics, the percentage of noise images in Ik(o = cherryblossom)

is about 7.72 % on average.
In our system, we further applied SIFT [76] to reduce noise images in Ik(o). In

this model (see Figure 4.3), we use the key-points detected by SIFT to describe an
image. For calculating the similarity, a fast nearest-neighbor algorithm‡ is used to
do the matching by considering both numbers of matches and match distance. When
filtering, Ik(o) itself is used as a set of references. After mutual match, the system
removes the images obtaining the lowest similarity scores. By sampling in our ranking
experiments, the percentage of noise images finally dropped to about 5.86 %.

After noise image filtering, we have met the first and most elementary criteria that
there is the scenery object o at spotk. In our system, all the images in Ik(o) will be
displayed on the exploring map interface.

4.5.2 Criteria 2: Social Appreciation based Analysis

In this method, we use an intuitive value, the number of “Favs”, to evaluate a scenery
object’s quality in a social appreciation manner. “Fave this photo” is a common user
behavior on SNS websites including Flickr for friends and visitors to mark on a mes-
sage or an image. In [73], Pedro et al. used the number of “Favs” as ground truth for
building and testing their image attractiveness ranking models. However, our task is
faced with two new problems:

1. Few images may be taken at spotk;

†Flikcr API: flickr.photos.search
‡Library FLANN (http://www.cs.ubc.ca/research/flann/)
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2. A higher “Favs” may mean a beautiful image rather than beautiful scenery in-
cluded in this image.

Accordingly, we try to estimate the social appreciation based scenery quality in a rela-
tive manner by introducing two kinds of Ik(o)’s related images.

Similar Content Images: We first retrieve Ik(o)’s similar content images. Similar
to a semi-supervised learning method having a small training set, we expand the ex-
isting data sets (i.e., Ik(o)) by detecting the similar content images. For each image in
Ik(o), we retrieve its most similar images by applying SIFT as shown in Figure 4.3.
The newly expanded image set is denoted as Is

k(o). High social appreciation on Is
k(o)

anyhow shows that the spotk is a good place for someone to take beautiful images
about object o.

Context Images: We set the images from the same photosets to which an image η ∈
Ik(o) belongs as its context images, denoted as Cη . Note that the image η itself is not
in Cη . In this sense, both η and images in Cη have a similar chance of being accessed
by viewers. In addition, all these images are likely taken by the same photographer as
well as similar shooting skills. Under these contexts, compared with Cη , higher social
appreciation on η suggests that η contains beautiful scenery.

On the basis of these two related image sets, the final social appreciation based score
consists of two parts. The first Is

k(o) based part is computed by the mean of ratios χ
between an image η’s number of “Favs” (i.e., voteη ) and view count (i.e., viewη ):

S1(spotk,o) = μχ(Is
k(o)); χ(η) =

voteη

viewη
. (4.3)

The second Cη based part is computed by z-scores:

S2(spotk,o) =
1

|Ik(o)| ∑
η∈Ik(o)

χ(η)−μχ(Cη)

σχ(Cη)
. (4.4)

Function μχ(Cη) and σχ(Cη) are used to respectively calculate the average χ and χ’s
standard deviation on the image set Cη . Thus, positive and negative z-scores represent
observation images above and below the mean, respectively. To combine S1 and S2, a
weight factor ωc is used to adjust discrimination.

SAS(spotk,o) = S1 +ωc ·S2. (4.5)

By proposing the SAS, we have met the second criteria of answering where to take
beautiful pictures. By adapting this system to be a photography suggestion guide,
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the value of ωc is somewhat a trade-off of recommending either attractive images or
beautiful scenery. However, nobody can indeed know the reasons a viewer “Faves”
an image seen when browsing the Web. Sometimes, we “Fave” images just because
our friends have posted them. Thus, in addition to the image viewers, as another
stakeholder, we try to evaluate the scenery quality from a photographer’s point of view.

4.5.3 Criteria 3: Photographer Attention based Analysis

For a scenery object o, it needs not only to be beautiful from a distance but also to have
a delicate beauty up close. Figure 4.4(a.1) shows beautiful maple trees from far away,
while in Figure 4.4(a.2) it shows a close-up of the beautiful leaves. The photographers’
choices of taking distance view or close-up view images psychologically indicate their
attention to a scenery object o.

Accordingly, we first propose a new method to divide scenery images into “distance
view” and “close-up view”, which exactly correspond to the two kinds of beauty above.
Then, the regular patterns of photographers’ attention when visiting the known sight-
seeing spots with beautiful scenery object o are recognized. At last, we calculate the
photographer attention based score, which indicates the degree of agreement with an
observed regular pattern.

Image Classification

In the classification learning method, we use an image’s edge histogram and HSV
(hue, saturation, and value) shown in Figures 4.4a and 4.4b as features to generate the
training model. For the edge histogram, we find that a close-up view image has more
clearer edges in the part where the photographer’s camera focused. In other words,
the background of a close-up view image is more blurred. In contrast, a distance view
image has a gentle contrast throughout the whole image. For the HSV, we assume that
the hue and saturation values of close-up view images of particular scenery are always
located in a relatively fixed range (see Figure 4.4b). In contrast, there is no such rule
for distance view images. This is due to that, for close-up view images of particular
scenery, most content of the images is generally made up of the target scenery objects.

To evaluate the image classification performance, two original datasets, which repec-
tively include 100 images, are labeled manually with either “distance view” or “close-
up view”. Then, 3-fold cross validation is utilized. In Figure 4.4, (c) ∼ (f) illustrate
the effectiveness of image classifiers on both the Cherryset and the Mapleset by a grid
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(a) Image edge histogram (EH) (b) Image HSV

(c) EH on Cherryset (d) HSV on Mapleset

(e) EH&HSV on Cherryset (f) EH&HSV on Mapleset

Figure 4.4. Image classification. In (a), an image is vertically divided into 256 bins,
and for each, the points of detected edges are counted to set up the histogram (i.e.,
EH). (b) presents the saturation (X-axis) and hue (Y-axis) distributions of close-up
view images.
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search method proposed by Hsu et al. [54]. The X-axis (γ = 2−9,2−7, ...,23) represents
RBF kernel’s parameter, while the Y-axis (C = 2−5,2−3, ...,27) stands for the penalty
parameter in SVMs.

As shown in Figure 4.4c and Figure 4.4d, the performance varies when using one of
the features alone. For the edge histogram, the best accuracy could reach greater than
80%. Conversely, for the HSV, the accuracy on maple image set is as low as about
65%. One reason is because this dataset contains some images about green maples.
In this case, although these images are close-up view images, the classification model
divided them incorrectly as the hue and saturation value of these images do not lie in
the expected ranges.

In accordance with our experiments described in Figure 4.4e and Figure 4.4f, when
both of the features are used, our classification model reaches a stable accuracy that is
close to 80%. Torralba et al. [77] proposed a method to estimate the absolute depth
of an image on the basis of the whole scene structure. In a range of fault-tolerant, for
man-made scenes, the performance of depth estimations reaches 76%, while the result
is relatively lower on natural image sets (about 70% on average). When applied in
our task of classifying scenery images into two categories: (1) “distance view”; or (2)
“close-up view”, our methods outperformed those of Torralba et al. [77].

Photographer Attention Based Scenery Score

In accordance with the image classification, without loss of generality, we use the ratio
of distance view images taken at a spot as ro, which represents photographers’ attention
to the scenery object o’s beauty from a distance.

Figure 4.5a shows the results of two investigations on the known spots having beau-
tiful maples and cherry blossom. For maples, we find that photographers paid more
attention to the up-close beauty. Conversely, cherry blossom’s beauty from a distance
attracted more attention compared with its up-close beauty.

Furthermore, by seeing the normal Q-Q plots in Figure 4.5b, we hypothesize that
the two sample data sets come from the populations with normal distribution, since
the points fall approximately along the 45-degree reference line. We performed the
Lilliefors test, a kind of normality tests, to verify our hypothesis. By obtaining the
p− value = 0.26 and 0.28, which are higher than the significance value (0.05 or 0.1),
our hypothesis is statistically true.

As a result, based on the attention patterns recognized from spots having beautiful
scenery o, a spotk’s photographer attention based score is computed using a probability
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Figure 4.5. Distribution fitting. Red: 22,421 geo-tagged maple images taken at 32
spots with beautiful maples; Blue: 10,748 geo-tagged cherry blossom images taken at
35 spots with beautiful cherry blossom.

density function. For instance, since maples and cherry blossom both have the same
pattern, we use the normal distribution functions to get their scores:

PAS(spotk,o) =
1

σo
√

2π
e
− (ro(k)−μo)2

2σ2o . (4.6)

μo and σo are obtained by distribution fitting of investigation results on the target
scenery object o. ro(k) is the ratio of distance view images taken at spotk. Despite
different patterns would be recognized for different o, corresponding probability den-
sity functions are fitted. Intuitively, the PAS indicates how well a spotk can attract
visitors’ attention.

4.6 Experimental Evaluation

We first show an outline of the retrieved data sets and parameter selections in our
experiments. Then, the user distribution based location popularity estimation will be
evaluated by applying them to discover obscure spots in Kyoto. Finally, the scenery
quality based ranking results will be evaluated by field visits.
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Table 4.1. Details of the target two image datasets that are labeled by the queries
q1 = “Kyoto,Maples” and q2 = “Kyoto,CherryBlossom”.

q1 q2

Images number 6,950 4,576
Photographers number 177 319
Images/photographers average number 39.3 14.3
Images from top 10% photographers average number 274 92.7
Percentage of images from the top 10% photographers 60.9% 62.9%

4.6.1 Data Preparation

From Flickr, we collected a total number of 929,403 images. All the similar content
images and context images are also included in the data set, which would be used for
the ranking tasks implemented in section 4.5.2.

Using queries q1 = “Kyoto,Maples” and q2 = “Kyoto,CherryBlossom”, two target
sub-datasets are labeled by our system. Tables 4.1 summarizes the maple and cherry
blossom image data sets. In total, 6,950 geo-tagged maple images are uploaded by 177
unique photographers, while the other 319 photographers contribute 4,576 geo-tagged
cherry blossom images.

4.6.2 Parameter Selection:

We list all the assignments of the parameters used in our solution.
The tree-based graph H in Definition 4: For spot clustering, both density based

clustering algorithm (e.g., [78]) and agglomerative methods like hierarchical clustering
can be used for building the graph H. Since the density based clustering would filter
out a few sparsely distributed points that may be obscure, we utilized a centroid linkage
based hierarchical clustering algorithm§. We set the smallest cluster size to 2km (i.e.,
leaves of H), which enables us to find some obscure sightseeing spots that exist in
famous sightseeing areas (see Figure 4.9d).

The parameters in Algorithm 2: We applied our biased authority propagation
algorithm in section 3.3.1 by setting the decay factor αB = 0.85, and the maximum
number of iterations MB = 1000.

§Open source software: scipy.cluster.hierarchy
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Table 4.2. Details of the cherry blossom dataset and the maple tree dataset.

Cherry blossom dataset Maple tree dataset

Number of geo-taged images 4,576 6,950
Number of Flickr users 319 177
Number of clustered spots in H 368 582

The ws in Eq. 3.2, 4.1 and 4.5: Since both wi in Eq. 3.2 and wy in Eq. 4.1 have
the same meaning of characterizing information staleness, on the basis of the actual
effectiveness, we set them to the same exponential decay: 0.8(λ−y). We set the wc in
Eq. 4.5 to 1.0, which means that the SAS emphasizes more on the beauty of scenery
rather than the attractiveness of images.

4.6.3 Experiment on Location Popularity Estimation

In this subsection, we try to evaluate the performance of estimating location popularity,
i.e., Eq. 4.2. As have been mentioned above, it also can be regarded as the indirect
test of the proposed user-profiling models in Chapter 3. In this sense, this indirect test
is conducted to verify whether the user-profiling models would help to discover both
popular and obscure locations in a city.

User Queries. In accordance with the two user queries q1 = “Kyoto,Maples” and
q2 = “Kyoto,CherryBlossom”, 929,403 geo-tagged images were crawled from Flickr.
By using Flickr’s keyword-based search and our labeling component, 4,576 geo-tagged
images of cherry blossoms in Kyoto and 6,950 geo-tagged images of maple trees in
Kyoto were labeled.

Table 4.2 summarizes the two target datasets. In total, 4,576 cherry blossom images
were uploaded by 319 Flickr users, while the other 177 users contributed 6,950 images
of maple trees. By generating the leaves of the tree-based graph H (see Definition 4),
we obtained 368 cherry blossom locations and 582 maple locations in Kyoto.

Ground Truth. Before analyzing the effect of our application, we first invited three
residents who had lived in Kyoto for more than 20 years to label the discovered lo-
cations using a five-point scale ranging from “0” (not famous) to “4” (very famous).
To reduce their workload, we selected 33 cherry-blossom candidate locations and 32
maple candidate locations, for which 17 and 18 obscure locations were returned, re-
spectively, by regarding the average scores of the three respondents with a relevance
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(d) Ensemble 2: DWE

Figure 4.6. Precision-recall curves for discovering obscure cherry blossoms and maple
trees in Kyoto. Each query’s F-measure is also computed and shown in this figure.

score of no more than 2.0.
Experimental Results. Because the location-driven model cannot be applied alone,

Figure 4.6 shows the precision-recall curves from Eq. 4.2’s experimental results ob-
tained by using the other four user classification methods. The red curve shows the
experimental results from the query “Kyoto, Cherry Blossom.” The green curve dis-
plays the corresponding results from the query “Kyoto, Maples.” Precision represents
the fraction of discovered spots that are relevant, whereas recall represents the fraction
of relevant spots that were discovered. Given these results, we can make the following
two conclusions.

Location authority is useful for discovering obscure locations. We noticed that con-
ventional authority-based methods such as “rank-by-visits” and “rank-by-users” can-
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not efficiently detect obscure locations. By taking the cases in our application as ex-
ample, the obscure botanical garden in Figure 4.9b may be wrongly identified as a
popular location because of the high accumulation of images taken by locals or profes-
sional photographers. Without introducing users’ authority information, the obscure
spots located in popular areas cannot be found (see the blue tags in Figure 4.9d). Hav-
ing obtained a high F-measure (0.72 on average), our methods effectively reveal that
the “obscurity” is caused by the information asymmetry among different user groups.
Thus, our authority-based solution is capable of identifying such groups.

The temporal information used in both our time-driven model and Fischer’s method
[1] is insufficient. Figure 4.6b shows that the time-driven model (Eq. 3.2) did not
outperform the other methods in a real scenario. The reason for this is that only ap-
proximately 20% of the Flickr users uploaded and shared several images on the basis
of the statistics in Section 4.6.1.

DWE based location popularity estimation obtained the best performance compared
with the other user classification models. Insofar as the different models are compat-
ible with differently available information, the ensembles yielded better results, espe-
cially the dynamic weighted ensemble shown in Figure 4.6d. Although the time-driven
model performed better in the experiments in Section 3.4.3, the other two complemen-
tary models are needed for robustness. To draw a conclusion, since the ensembles (i.e.,
SVM and DWE) are able to deal with various available information, the popularity
estimation based on them obtained the better performance.

4.6.4 Experiment on Scenery Quality Evaluation

At last, we discuss the performance of location’s scenery quality evaluation. By field
visits in Kyoto, we first collect ground truth for the evaluation. Then, by comparing
with the baselines of ranking POIs proposed in related work, we present the experi-
mental results using NDCG metric [79].

Ground Truth. We obtained the ground truth through field visits conducted respec-
tively in November 2013 and April 2014. In the field visits, for each of the selected 32
maple spots and 33 cherry blossom spots, we invited at least three subjects to perform
field evaluation. Despite a total of the 27 subjects are not experts on parks or tourism,
using Google Nexus 7 we asked them to record their visiting experiences on Twitter as
well as take geo-tagged photos at each spot. Verified by these logs, we can say that the
human evaluation is credible.
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Table 4.3. Two criteria of calculating scenery ranking scores.

Criteria Explanations Ratings

v Is the spot worth visiting or not. 0, 1, 2, 3
r Is the spot worth recommending or not. 0, 1, 2, 3

After that, they answered a questionnaire about their opinions of the spots they had
visited. On the basis of the feedback, we defined two kinds of graded relevance to
denote how well a discovered obscure spot meets tourists’ requirements shown in Table
4.3. These two relevance criteria are denoted as “v” and “r”, respectively.

To the best of our knowledge, this is the first effort to rank sightseeing spots on the
basis of a scenery object’s quality. Although the goals of the methods are not the same,
we compare other 4 baseline methods with the SAS (i.e., Eq. 4.5) and PAS (i.e., Eq.
4.6):

• Image Attractiveness (IA): the image attractiveness ranking model proposed in
[73];

• HITS based Authority Analysis (HAA): the user(hub)-location(authority) graph
based analysis in [32];

• Rank-by-Visits (RV): the accumulative counts of visits to the spot;

• Rank-by-Users (RU): the accumulative counts of unique users who visited the
spot.

By implementing these methods, we rank the 17+18 obscure spots mentioned above.
NDCG based Evaluation. Figure 4.7a and 4.7b, respectively, depict the NDCG

[79] of different measures on the two queries. From the data shown in these figures,
we can obtain the following results.

First, in contrast to the baseline methods, our proposed methods, SAS+PAS and
SAS, performed more effectively in the scenery quality based obscure spot ranking.

Second, the PAS brings a significant improvement to the ranking only based on SAS.
Since ranking obscure spots of having few images is very challenging, our experiments
verified that the photographer attention based analysis could provide a stable effective-
ness improvement.

Third, by comparing Figure 4.7a and 4.7b, the authority based analysis, HAA, fluc-
tuated considerably. This series of conventional methods heavily depend on how much
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Figure 4.7. NDCG values of the top-k ranking results evaluated by criteria “v” and “r”.

the corresponding raw data obtained. In this sense, we have proved that the conven-
tional authority analysis based methods could only be applied to evaluate hot or famous
spots.

Finally, the results related to IA have verified our hypothesis that an attractive image
doesn’t mean beautiful scenery included in this image. As naive methods, RV and RU
both performed better than expected, because our system has pre-filtered out the noises
(like crowded spots of having no target scenery) in the first step of ranking.

4.7 Application Scenario: Discovering Obscure POIs

In this section, we describe a real application for discovering relatively unknown POIs
by utilizing the proposed location profiling models. Unlike conventional studies that
discover famous or popular POIs using a voting approach [44, 45, 20, 3], because of
the lack of related raw data on the Internet, our application discovers POIs that are not
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well known by analyzing information asymmetries among different user groups. This
application well demonstrates the usefulness and novelty of the proposed models. In
addition, because of the limited face-to-face access among social-media users scattered
around the globe, we could not obtain a complete ground truth for the above evaluation
in Section 4.6. Therefore, we conducted further visualization to present whether the
proposed location profiling methods would help our application to discover obscure
locations in Kyoto.

As mentioned in [9], obscure POIs are potential sightseeing resources. By dividing
sightseeing locations into four quadrants on the basis of their “popularity” and “sight-
seeing quality” (see Figure 4.1), this application aims to discover obscure POIs—i.e.,
those located in the quadrant with high sightseeing quality and low popularity. Ob-
scure sightseeing locations are pertinent to in-depth travel, not only for enjoying the
beautiful scenery but also for experiencing local culture, especially with repeat tourists
who have already visited the more popular locations.

In accordance with these two dimensions, “popularity” and “sightseeing quality”,
two main functions are implemented in our application: discovering obscure locations
and determining whether they are worth visiting. In its current form, the application
collects UGC from Flickr and supports user queries consisting of a target city c and
scenery object o (e.g., “Kyoto, Maples”). The details for this application are as follows.

4.7.1 System Architecture

Figure 4.8 shows the architecture of our system, which is comprised of the following
three components: Data Construction, Location Profiling, and Recommendation. For
each component, a brief introduction is as follows.

Data Construction. Stored in the GeoImage and PProfile datasets, our application
first collects geo-tagged images and user profiles from Flickr using its abundant APIs.
Then, the Data Construction component extracts the necessary information for further
analysis. Namely, from the raw collected data, three data structures are extracted,
i.e., social network N(V,E) (see Definition 1), visiting frequency matrices Mi (see
Definition 2) and tree-based location graph H (see Definition 4).

Location Profiling. In the second component, we apply our proposed methods to
do location profiling. Specifically, the Flickr users are first classified into different user
groups on the basis of their location authority to the target city. Then, by calculating
the information asymmetry between these two user groups, the system estimates the
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Figure 4.8. The architecture of our system. It is comprised of three components, i.e.,
data construction, obscure sightseeing spots mining and recommendation.

popularity of all the locations where the users have been to. At last, given the scenery
object o, the system evaluates the scenery quality of each location. A ranking list will
be obtained.

Recommendation. By utilizing the Google Map APIs, the system also has an inter-
face for interactions with end users. The interface can accept user queries specifying a
city and a scenery object, like “Kyoto, Maples”. Once a query is accepted, the system
will present all the candidate locations on the Google Map. Next, we will visualize
results of a query.

4.7.2 Exploring POIs on Map

Given the query “Kyoto, Maples,” the application first automatically labels all related
geo-tagged images of maple trees. A list of locations with maple trees in Kyoto is then
displayed on a web-based map. By changing the zoom level of the map, users can
explore popular and obscure locations at different geographical granularities.

Figure 4.9 shows the interfaces with multi-level representations of maple locations.
Figure 4.9a shows the initial results. From deep blue (very obscure) to deep red (very
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(a) Large Areas (b) Botanical Garden

(c) Kinkaku-ji (d) Arashiyama

Figure 4.9. Interfaces for the proposed application, in which Google Maps’ APIs are
utilized. From deep blue to deep red, the color of each location represents how popular
(or obscure) it is for sightseeing.

popular), different colors indicate the obscurity levels of areas with maple trees. By
zooming in on the map, Figures 4.9b and 4.9c show the Botanical Garden (i.e., an
obscure spot labeled “A” in Figure 4.9a) and the Kinkaku-ji (i.e., a very popular spot,
labeled “B” in Figure 4.9a), respectively. By clicking any tag on the map, users can
view the corresponding images taken there.

In Figure 4.9d, some small obscure spots exist, even in a famous sightseeing area
such as Arashiyama. The obscure maples in Arashiyama are located around parking
lots and on mountains that are almost inaccessible to most foreign tourists. In this
sense, we can conclude that more detailed user profiling is needed in order to discover
fine-grained POIs. As show in Figure 4.9, the application also gives each location a
scenery quality score, which jointly considers the social-appreciation-based ranking
and the photographer-attention-based ranking proposed in Section 4.5.
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The study presented here is among the first of its kind and aims to inspire more inter-
ests in how to find diverse sightseeing resources on the basis of traveling experiences
shared on the Web. Our work shows that the knowledge mined from location profiling
can be used to discover obscure sightseeing locations in a city. For future work, the
multifaceted nature of the problem of selecting sightseeing locations would be con-
sidered. Not only the scenery itself, but also a location’s facilities, traffic, or culture
values could be further considered. In addition, by considering continuous geo-tagged
photo trips, constructing obscure travel routes is a potential work.
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CHAPTER 5

LOCATION RELATION PROFILING

In the previous Chapter 4, our work focuses on the knowledge mining about a single
location. By analyzing the user distribution based location popularity and scenery
quality, an application is devised to discover both popular and obscure POIs in a city.
In this chapter, we will go further to analyze the relations among different locations. By
analyzing the global positioning system (GPS) trajectories, we will proposed a multi-
view learning framework for presenting the construction of a new urban movement
knowledge graph. In particular, by viewing GPS trajectory data from temporal, spatial,
and spatiotemporal points of view, we construct a knowledge graph of which nodes and
edges are their locations and relations, respectively. The utility of this knowledge graph
will be discussed in detail in Chapter 6.

5.1 Motivation

With the development of mobile devices, the GPS, and Web 2.0 technologies, the ex-
plosion of social networking services (SNSs) has led to a wealth of research based on
the use of social media content and various social graphs. For example, major SNS
companies, such as Facebook, Twitter, and Yahoo Flickr, now incorporate geo-tagged
user generated content (UGC) in their geo-social recommendation results.

One problem of significant interest is that of predicting user attention to locations in
a city. As one instance of this problem, point-of-interest (POI) recommendation sys-
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tems have emerged recently [80]. Unlike conventional recommendation systems that
generally require users to express their preferences by explicitly providing ratings for
items (e.g., books or movies), POI recommendation systems always observe implicit
user-location feedback matrices. In addition, the sparsity of a user-location matrix is
much higher than that of a traditional user-item rating matrix. For example, the sparsity
of the Netflix dataset [36] is around 99%, whereas the sparsity of the Gowalla dataset
[4] is about 99.98%.

In related studies, these problems were addressed, in approximate terms, by con-
sidering three key relations: (1) user-location relation; (2) user-user relation; and (3)
location-location relation. In terms of the user-location relation, users’ travel histo-
ries (e.g., check-in behavior) have been well investigated to predict their preferences
[81] [10]. For the user-user relation, the physical distances between users or friendship
relations (e.g., online social networks) are considered, e.g., [82] [14]. However, few
studies have comprehensively taken the location-location relation into consideration.

The relations among locations can be explained in different ways. In [82], the au-
thors first propose a POI recommendation method by constructing a location similarity
network. The state-of-the-art recommendation method [2] incorporated the physical
distances between locations to significantly improve performance. However, consid-
ering only the similarity and physical distance is insufficient. For example, the typical
home ↔ work relation [4] would be filtered out because of a relatively long distance.
Even worse, a user living in residential location A would rarely pay attention to a simi-
lar residential location B. As a result, in addition to learning user preferences [81] [10],
a well-structured location-location graph is necessary.

In this work, a matrix-factorization-based framework is proposed to construct a com-
prehensive urban movement knowledge graph for embedding the location-location re-
lations. Our method analyzes the observed GPS points from temporal, spatial, and
temporal-spatio views to jointly learn the latent representations of locations (nodes on
the graph) and relations (edges on the graph). Furthermore, to extract meaningful re-
lations (lifestyles), two new unsupervised relation extraction methods are proposed.
The utility of our knowledge graph is verified by introducing an application to predict
user attention to locations on a real-world dataset. An encouraging result is obtained,
thereby indicating our graph encodes deep insight into the location-location relation.

Overall, the main contributions of this work are summarized as follows:

1. From an application standpoint, we construct a comprehensive location-location
knowledge graph for urban computing. In Chapter 6, we will verify its utility
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by applying it to predict user attention to locations in a city. Encouraging results
are obtained in our experiments.

2. From a theoretical standpoint, two new unsupervised relation extraction methods
are devised in Section 5.4.3. For label-free learning tasks, we proposed a new
way for encoding multi-view prior knowledge into loss functions.

The remainder of this chapter are as follows. Since our work of constructing location-
location knowledge graph is among the first of its kind, Section 5.2 briefly talks about
some related relation extraction work in the area of Nature Language Processing. Sec-
tion 5.3 defines the problem about location-location knowledge graph construction.
Section 5.4 introduces our learning framework of constructing the knowledge graph.
By viewing GPS trajectory data from three different views (i.e., temporal view, spatial
view, and spatiotemporal view), four totally different methods are devised. In Section
6.5.6, we will visualize some location relations obtained from the knowledge graph.
Please note that, the verification of this knowledge graph will also be discussed in
detail in Chapter 6.

5.2 Related Work

Although a lot of related work have been mentioned throughout the whole chapter,
in this section, we in advance explains the major differences from the conventional
relation extraction methods on existing knowledge graphs.

Relation extraction. A survey [83] revealed that most of the methods attempting
to use machine learning (e.g., TranE [84], TranH [85], and TranR [86]) are trained
on existing knowledge graphs (e.g., Freebase, Wikidata, and YAGO2) in a supervised
manner and then used to predict new edges on those graphs. Similar to our meth-
ods, we list some latent feature models for comparison. In [87], a tensor factorization
based model, RESCAL, is proposed for describing the pairwise interactions of latent
features. Recently, several NN-based models were proposed, e.g., [88] [89], to reduce
the number of parameters used in RESCAL. NNs can learn to position semantically
similar nodes close to each other even if they are not explicitly trained to do this [90].
For our framework, which is an NN matrix factorization ensemble, we devised a novel
NN matrix factorization method for unsupervised relational learning, rather than using
supervised graph completion.
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5.3 Preliminary

We first define the input (Trs) and output (G) of our problem, and then provide an
overview of our work.

Definition 5. (GPS trajectory): A trajectory Tr is a sequence of GPS points, i.e.,
p1 → p2 → ... → pn. Each point p consists of {id, datetime stamp, longitude, and
latitude}.

Definition 6. (Urban movement knowledge graph): The knowledge graph is denoted
as G(V,R), where V is the location set of vi, and R is the set of relations r(vi,v j)

between vi and v j. After learning, each v and r are represented in a vector format.

From the GIS standpoint, a location v is a polygon, which is a closed shape de-
fined by a connected sequence of {longitude, latitude} coordinate pairs. Therefore,
“location” could be a landmark, Point of Interest (POI), small spot, large area, etc.

Unlike the conventional supervised relation prediction on existing knowledge graphs
(e.g., Freebase) [83], we face a new challenge of extracting location-location relations
in an unsupervised manner. To solve this problem, in Sections 5.4.1 and 5.4.2, we
first mine relations’ context knowledge from temporal and spatial views, respectively.
Then, in Section 5.4.3, by jointly considering the spatiotemporal context knowledge,
we proposed two novel methods for unsupervised relation extraction.

5.4 Knowledge Graph Construction

5.4.1 Temporal View-based Construction

By mapping all the points p in Trs to locations V , we could easily obtain a time series
matrix S ∈R

|V |×h, where |V | and h are the number of locations and hours, respectively.
When h = 24× 7, for each row of S, it aggregates the number of visits to the target
location (i.e., points in Trs) by hours of the week. When h = 24×2, for each row of S,
it aggregates the number of visits using workday hours and holiday hours. These are
the two main time windows used in urban computing [91] [4].

Figure 5.1 shows three rows of the normalized S in our experiment. The data points
were calculated using taxi trajectories. A residential location v1 is easy to identify by
rising workday morning and evening visits. The number of visits to a popular shop-
ping location v2 increases at 9am and lasts until midnight. The curve of a sightseeing
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Figure 5.1. Visual representation of S. On the x-axis, [0 ∼ 23] and [24 ∼ 47] are
workday and holiday hours, respectively.

location v3 even reveals the hours during which it is open (between two daily peaks).
This observation is consistent with earlier research suggesting that locations containing
large dynamic populations are readily visible in comparatively coarse wireless-traffic
analyses [92].

In accordance with the observation, to distinguish each location v, we represent
all the locations using kt common components E ∈ R

kt×h (also known as bases in
Nonnegative Matrix Factorization). As a result, the locations’ temporal view-based
latent representations Vt ∈ R

|V |×kt are learned by the following Nonnegative Matrix
Factorization:

min
E≥0,Vt≥0

‖S−VtE‖2 +λr

[
‖Vt‖2 +‖E‖2

]
, (5.1)

where ‖·‖2 denotes the Frobenius norm. The latter two entries of Eq. 5.1 are regular-
izers for penalizing the norms of Vt and E. After the first step, the knowledge graph
G(V,R) is represented as G(Vt ,R =∅), where R is an empty set.

5.4.2 Spatial View-based Construction

We capture the spatial influence from Trs, in the second step, by first creating a tran-
sition matrix T ∈ R

|V |×|V |. Similar to the transition matrix defined in a Markov chain,
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an entry Ti, j denotes the probability of a transition (movement) from location vi to v j.
Creating such a matrix for Trs is straightforward. For each Tr = p1 → p2 → ...→ pn,
using the longitude and latitude information, we first map it to the locations: Tr

′
=

v1 → v2 → ...→ vm. Then, by aggregating all the Tr
′
s, we obtain the initial transition

matrix T
′
, the entry T

′
i, j of which records the number of movements vi → v j. Lastly, T

is equal to the normalized T
′
.

Given the transition graph T , for each location v, we embed the structured informa-
tion of T by a factorization of T :

T ≈VsMV T
s , (5.2)

where Vs ∈ R
|V |×ks is the embedding matrix, M ∈ R

ks×ks is the interaction matrix and
ks specifies the number of latent features. Similar to Eq. 5.1, the latent matrices Vs and
M are computed by solving the following optimization function:

min
M≥0,Vs≥0

∥∥T −VsMV T
s
∥∥2

+λr

[
‖Vs‖2 +‖M‖2

]
. (5.3)

Eq. 5.2 can be regarded as a model for embedding the graph structure. Namely, the
latent matrix Vs is an embedding of the locations in a latent component space, where
the similarity of locations in this space reflects their similarity in the domain of graph
T . M models the interactions of the latent components in this space.

After the second step, the knowledge graph G(V,R) is represented as G([Vt ;Vs],T ).
The locations V are described by concatenating Vt and Vs. For relations R, T is assigned
indicating the mutual dependencies among different locations.

5.4.3 Spatio-temporal View-based Construction

In the third step, we face the challenge of labeling edges on the transition graph T .
Given the current knowledge graph G([Vt ;Vs],T ), although we can observe which lo-
cations are tightly related, we do not know why this occurs. In the final step, we
perform the relation extraction task in an unsupervised manner. In other words, we
try to divide the graph T into several sub-graphs, T1,T2, ...,Tr, each of which repre-
sents one kind of relation. The relations can be regarded as different lifestyles (moving
patterns) in a city.

Although relation extraction is a extensively investigated research topic [83], to the
best of our knowledge, few work have attempted to perform the extraction in an un-
supervised manner (i.e., without labeling any edges of T ). Two new methods are pro-
posed in our framework.
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(1) Selectional Preference-based Method

In natural language processing, the term selectional preference denotes the tendency
of a word to co-occur with words that belong to certain lexical sets. For example, the
adjective delicious prefers to modify nouns that denote food. Accordingly, we assume
that relations ∀r ∈ (vh,r,vt) also have selectional preferences. Intuitively, a relation r
allows only certain location types in its head-argument slot and tail-argument slot. As a
result, a selectional preference bridges the observed time series matrix S and transition
graph T .

In this method, for each location, we draw a latent vector v ∈ R
1×kts . For each

relation, we draw a latent vector r ∈ R
1×arity(r)∗kts , where function arity(r) returns

the number of argument slots of r. Since in our case r is a binary relation (there is
a head-argument slot for head location vh and a tail-argument slot for tail location
vt), arity(r) = 2. Hence, a relation can be represented in a concatenating way: r =<

dh,dt >, where d ∈ R
1×kts denotes an argument slot.

As a result, measuring the compatibility of a tuple (vh,r,vt) (i.e., the edge weight of
T ) amounts to summing up the compatibility between the representations of each loca-
tion (vh,vt) and the corresponding argument slots (dh,dt). Then, we have the following
objective function:

Ob j1 = min
Vts,D≥0

∥∥T − (VtsDT
h +VtsDT

t )
∥∥2

, (5.4)

where Vts ∈R
|V |×kts records all the locations v and D∗ ∈R

|V |×kts record all the argument
slots dh, dt , respectively.

By jointly considering the spatial and temporal influences, i.e., Eq. 5.4 and Eq. 5.1,
the selectional preference-based relation extraction method minimizes the following
function:

min
E,Vts,D≥0

Ob j1 +λs ‖S−VtsE‖2+

λr

[
‖Vts‖2 +‖E‖2 +‖Dh‖2 +‖Dt‖2

]
,

(5.5)

where Vts is shared in the first and second entries. After learning, a hierarchical cluster-
ing method is utilized for all candidate relations < dh,dt >,dh ∈ Dh;dt ∈ Dt . A cluster
corresponds to one kind of relation.

However, in the context of unsupervised learning, we find that the current method
is only suitable for 1-to-1 relations. In other words, for an N-to-1 relation r of which
the head could be multiple instances, they most likely will be divided into different
clusters. Next, an improved method is devised.
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(2) Neural Network (NN)-based Method

The most important advantage of this method is that, in addition to the latent variables,
the neural network (NN)-based method also learns the objective function rather than
assuming it to be fixed. Compared with the fixed Ob j1 in Eq. 5.4, we define the
NN-based objective function:

Ob j2 = min
Vts,I,Rts≥0

∑
∀(vh,r,vt)∈T

(Tht − fΦ(�t))2

fΦ(�t) =W T
2 Sigmoid(W1�tT )

�t = [vh;vt ; I(vh,r,vt)(RtsC)]

(5.6)

where Vts ∈R
|V |×kts records all the locations; Rts ∈R

|R|×kr records all the relations; I is
a latent indexing matrix; C ∈ R

kr×kr is a constant sparsity matrix [93]; fΦ(�t) denotes a
feed-forward NN; W1 ∈R

n×(2kts+kr) and W2 ∈R
n×1, respectively, represent the weights

of its first and second layers; n is the number of hidden neurons; Sigmoid() is an
element-wise sigmoid function.

For each tuple (vh,r,vt), an indexing vector I(vh,r,vt) ∈R
1×|R| is introduced to specify

a relation in R. The sparsity of I(vh,r,vt) is increased as much as possible by introducing
a constant sparsity matrix C = (1− θ)eye(kr)+

θ
kr

ones(kr) [93], where eye(kr) is an
identity matrix of size kr ×kr, ones(kr) is a matrix of size kr ×kr with all entries of 1s,
and θ is the sparsity parameter. When we multiply C with Rts in Eq. 5.6, to compensate
for the loss of sparsity in Rts, I(vh,r,vt) becomes sparse. An extreme example is that, there
is only one entry in I(vh,r,vt) close to 1, whereas the other entries approximate 0. The
introduction of I allows a relation to have multiple head or tail instances. As a result,
this method can accommodate N-to-1, 1-to-N, and N-to-N relations.

Thus, the NN fΦ has 2kts + kr real-valued input units and one real-valued output
unit. The first 2kts inputs are head- and tail-specific features, respectively, whereas the
last kr inputs are relation-specific features. As mentioned above, in addition to learning
the latent variables Vts, I, and Rts, this method further learns the objective function, i.e.,
fΦ.

Similar to Eq. 5.5, the NN-based method is defined as:

min
E,Vts,I,Rts≥0

Ob j2 +λs ‖S−VtsE‖2+

λr

[
‖Vts‖2 +‖E‖2 +‖Rts‖2 +‖I‖2

]
.

(5.7)

According to the survey [83], feed-forward NNs have already been applied in state-
of-the-art supervised relation extraction tasks (e.g., [89]) and the KV project [94]. By
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observing the context information of head and tail locations (i.e., S), our work goes
further by applying an NN in an unsupervised relation extraction task. Because of the
NN matrix factorization ensemble, we refer to Eq. 5.7 as NN matrix factorization. Our
method is consistent with the proposal in [95]. That is, for a label-free learning task,
we are leveraging prior knowledge (S, T , and selectional preference) to restrict the
space of possible functions specifying the hypothesis class (the NNs fΦ with different
weights in our case). In this context, our NN matrix factorization provides a new way
for encoding prior knowledge into loss functions.

Intuitively, by proposing these two relation extraction methods, two constraints are
satisfied: (1) syntactic constraint (Eq. 5.4 and 5.6) for eliminating incoherent extrac-
tions and (2) lexical constraint (the second entries in Eq. 5.5 and 5.7) for constraining
certain location types in a relation’s head- and tail-argument slots. The final knowledge
graph can be represented as G(Vts(1),Rts(1)) and G(Vts(2),Rts(2)), which are learned
by Eq. 5.5 and Eq. 5.7, respectively.

To draw a conclusion about this chapter, given GPS trajectories, we first proposed
a novel framework for constructing an urban movement knowledge graph that embeds
temporal and spatial information. Two new unsupervised relation extraction methods
were then devised to learn the relations among nodes on this graph.

However, there is no quantitative analysis in this chapter to support the utility of
our knowledge graph. Accordingly, in the next chapter, an experiment on a real-world
dataset will be conducted. Compared with state-of-the-art baselines, our location rela-
tion knowledge graph shows significant improvements. Furthermore, knowledge graph
visualization will also be presented in the next chapter.
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CHAPTER 6

USER-TO-LOCATION ATTENTION

PREDICTION

The introduction of this chapter is three-fold: first, to claim that predicting user at-
tention to locations is a key problem in social informatics research area; second, to
verify the utility of the learned knowledge graph Gs in Chapter 5; and third, to provide
a quantitative analysis on Gs. Therefore, in this chapter, we first present the motiva-
tion by introducing some observations from the real world. Then, two new solutions
are proposed to predict the extent (high or low) of user attention to locations, one of
which utilized the knowledge graph obtained in Chapter 5. At last, a comprehensive
discussion will be presented on the basis of experimental results.

6.1 Motivation

Benefiting from the explosion of social network services (SNSs), a wealth of stud-
ies have been conducted using online social media content and various social graphs.
Furthermore, heterogeneous offline data generated by a diversity of sources in urban
spaces has led to a wider research area into solving real-world social issues. For ex-
ample, a series of urban computing applications have been enabled [8]. Moreover, in
order to meet the diverse requirements of users, significant effort has been dedicated
to developing new applications.
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Figure 6.1. User attention dynamics. (a) shows the density estimation of our check-
in dataset in Beijing. (b) shows [1]’s statistical results of the mobility behavior of
different photographer groups in Beijing. Red: tourists; blue: locals; yellow: either.

In this context, one problem of significant interest is that of user attention estimation,
i.e., predicting user attention, high or low, of each {user, location} pair in a city. In our
work, by analyzing the observed collective user mobility behaviors that are the results
of user attention, unobserved ones can be predicted.

Figure 6.1 shows a motivating example. The density estimation in Figure 6.1a indi-
cates that the user attention dynamics absolutely exists in a city. That is, some of the
regions are attracting more users while some of the others are not. For these obscure
regions, they may indicate that (1) users do not like the regions; or (2) with the rapid
development of the city, users do not know about them; or (3) as a realistic problem, we
have not collected a complete body of raw data. Figure 6.1b further shows that users
from different groups pay attention to different regions of a city. It is clear that some
regions appeal to more users from the tourist group (in red), while others attract many
users from the local group (in blue). As a result, there exist a challenge to effectively
model the user attention dynamics in a city.

In this chapter, we proposed two solutions to predict user attention to different loca-
tions in a city. The first one, TMPMF, directly utilizes the transition matrix T (please
see Section 5.4.2 for details) for prediction, whereas the second one, KGPMF, utilizes
the knowledge graph Gs obtianed in Chapter 5.

TMPMF. In this solution, we propose a flexible algorithm, called Transition Ma-
trix based Probabilistic Matrix Factorization (TMPMF), which can deal with different
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kinds of dependencies among locations. In this algorithm, a transition matrix (i.e., T )
that corresponds to a particular dependency is constructed to encode the relationships
among locations. For example, if a nearest neighbor graph is constructed, our algo-
rithm is instantiated to the model proposed in [42] which considers the “similarity”
relationships among items. To the end of predicting user attention to locations, we
introduce the collective transition matrix T to encode the “complementary” relation-
ships among locations. Intuitively, we define the “complementariness” as the latent
purpose of transition. It is a natural assumption that for a user, given a transition from
location A to location B (e.g., by bus, by taxi, etc.), there is an inherent property that
describes his/her purpose which can be fulfilled not in location A but B. Accordingly,
by introducing the collective transition matrix, our algorithm learns different latent
transition purposes. We also develop an optimization scheme to solve the new matrix
factorization objective function that incorporates the graph structure into it.

KGPMF. In the second solution, a Knowledge Graph based Probabilistic Matrix
Factorization (KGPMF) method is proposed. Unlike TMPMF model that directly uti-
lizes the transition matrix T , KGPMF tries to enrich the latent location features by
embedding supplementary information from knowledge graph Gs. By comparison be-
tween the models, i.e., TMPMF and KGPMF, we are going to explain why the knowl-
edge graph is necessary for such a social problem.

Both of the models can be used to predict the user-attention of the unobserved {user,
location} pairs. Also, in the experiments, we find that these models can mine the
collective moving patterns (lifestyles) in a city. Unlike the related works [17] [18],
without using any semantic information (e.g., categories of POIs), our models further
provide a complementary way to learn the functional compositions of urban spaces.

In summary, the work in this chapter makes the following major contributions:

• While standard MF techniques rarely consider mutual dependencies among items,
we devise flexible algorithms that incorporate them as additional latent regular-
ization terms. Thus, by constructing different kinds of dependency graph, our
algorithm is applicable in different problem domains. The proposed method is a
general one that can leverage the power of MF.

• By utilizing our algorithms, we propose a new application to predict the user
attention to different locations in a city. By jointly considering the locations’
user-attention information and a city’s traffic information (e.g., by bus or taxi),
both collective moving patterns and locations’ functionality can be learned. It

85



6. User-to-Location Attention Prediction

can further help in different application scenarios, including geo-social recom-
mendation, user profiling, urban planning, personal digital assistant (PDA), and
so on.

• We evaluate the proposed algorithms with experiments in a real world problem.
Encouraging results are obtained.

The remainder of this chapter is as follows. Section 6.2 shows the related work that
aims to solve similar social problems by enriching latent location or user features. In
addition, from a technical point of view, we also list some related work about MF.
Section 6.3 and Section 6.4 present the implementations of TMPMF and KGPMF,
respectively. In Section 6.5, the experimental results are presented.

6.2 Related Work

Enrichment of latent user features. A number of conventional location recommen-
dation models relying on users’ visiting history, geographical influence, temporal in-
fluence, etc., have been proposed to infer users’ location preferences. For instance,
HMM [21], periodic GMM [4], and BPP [96] have been proposed to model individ-
ual mobility behavior for preferences inferring. A user preference prediction method
investigating the context of the location was proposed [81]. They assumed a user’s
visit to a location is not only influenced by the set of locations they previously visited,
but also by the locations they subsequently visited. Recently, several studies [10] [97]
focused on predicting the places users are expected to visit next, based on their previ-
ously generated content. Nevertheless, these related studies mainly focus on enriching
the latent user features, i.e., stage 1 in our Algorithm 6.

Enrichment of latent location features. Few studies have considered the enrich-
ment of latent location features. One reason may be that, in most of the aforemen-
tioned POI recommendation models based on the enrichment of latent user features,
they assumed that POI categories (i.e., Vt in our case) are observed. However, it is
insufficient. Some initially believed [82] that location similarity can also influence rec-
ommendation. They constructed a similarity network according to their geo-distance
and categories. Then, the GeoMF model [2] defined a POI-influence-area matrix based
on the geo-distance. They assumed the influence areas of a POI to have a normal dis-
tribution centered at this POI. To the best of our knowledge, the enrichment of latent
location features has not been well investigated yet. Our framework is among the first
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of its kind to systematically construct a knowledge graph G for location oriented en-
richment. Not only the categories belonging to the location (i.e., nodes on G) but also
the relations among them (i.e., edges on G) are embedded.

Matrix Factorization. From a theoretical viewpoint, very few attempts have been
made to take items’ mutual dependencies into consideration. To predict the user atten-
tion of each {user, location} pair in a city, the matrix factorization (MF) techniques
are potential solutions. Existing methods for MF can roughly be categrized into two
classes: (1) collaborative filtering (CF) based methods without using user or item con-
tent information [98] [99] and (2) hybrid CF based methods by combining content
analysis [37] [38]. In [37], the authors apply Latent Dirichlet allocation (LDA) in
their CF model to learn the topics of scientific articles for recommendation. In [38],
the authors generalize advances in deep learning. Their model jointly performs deep
representation learning for content information and collaborative filtering for the user-
item ratings matrix. In this sense, by involving the mutual dependencies of items, our
algorithms consummates the MF techniques.

Similar to our algorithms, in [42], the authors propose a graph regularized nonneg-
ative matrix factorization method by assuming that if two items x j, xl are close (i.e.,
high weight on the graph), then z j and zl , the latent representations of these two items
with respect to the new basis, are similar to each other. However, we find that their
algorithm is not flexible enough to solve the problem that we encounter. In our prob-
lem, two items (i.e., locations) are highly dependent because of “complementariness”
rather than “similarity”. For example, a working region and a residential region are
functionally complementary but not similar. On the contrary, two educational regions
are similar but geographically independent. Therefore, a content similarity regularized
MF method is not suitable to solve our problem. In other words, the key point of solv-
ing our problem is to automatically learn the “complementariness” among locations in
a city rather than to use a fixed assumption in advance.
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Figure 6.2. The graphical illustration of our Transition Matrix based Probabilistic
Matrix Factorization (TMPMF). The gray nodes, X and T , are observed data, while
the others are latent variables.

6.3 Transition Matrix based Probabilistic Matrix Fac-

torization

6.3.1 Problem Definition

Definition 7. Given a user-location attention matrix X ∈R
M×N and a location-location

transition matrix T ∈R
N×N, TMPMF aims to jointly learn the user, location, and loca-

tions’ dependency latent spaces (i.e., U, V and P shown in Figure 6.2) whose products
can well approximate the original matrices X and T .

From the viewpoint of our application, the problem can be described as: by observ-
ing a part of the user-location attention matrix Xo and locations’ mutual dependencies
T , we expect to well predict the unobserved attention matrix X¬o.

In our application, we partition a city into 50×50 = 2,500 grids. Hereinafter, a grid
denotes a location. By collecting geo-tagged check-ins, we first construct the user-grid
attention matrix X . Then, using the collective transition information (e.g., by bus or
by taxi) among different grids, we construct the mutual dependency graph T . In the
remainder of this section, we will introduce our algorithm when X and T are given.
Detailed information about X and T will be presented in Section 6.5.
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6.3.2 Modeling

As shown in Figure 6.2, our algorithm is a generalized hierarchical Bayesian method
which jointly learns the user, item, and items’ dependency latent spaces. It can be seen
that our algorithm to a considerable extent fuses two MF to obtain compact feature
representation. Compared with the method proposed in [42], by introducing the addi-
tional MF on mutual transition matrix T , a latent space (i.e., P) is introduced to decode
different kinds of dependency flexibly.

Although our algorithm is a general one that can be applied in different problem
domains, we explain it in the context of our problem for consistency. Table 6.1 shows
the notations used for this algorithm. To generate the user-grid attention matrix X ,
Algorithm 5 uses a generative process. By introducing Bayes’ theorem, our algorithm
models user attention based on the following observations.

1. Observation 1: For a user or user group in a city, we find that they tend to go to a
few grids, and that their visits may follow a power-law distribution. This means
that users tend to visit only a few grids multiple times (i.e., strong demands)
and many grids only a few times (i.e., weak demands). For working people, an
intuitive example is the periodic state transition between “home” and “work” [4]
[22]. Therefore, by assuming the number of different users’ demands is k, we
introduce a latent k-dimensional vector �ui ∈ U to represent a particular user or
user group’s demands.

2. Observation 2: Different grids can meet different users’ demands. As shown in
Figure 6.1b, if we classify users into two groups, some regions appeal to more
users from the red tourist-like group, while others attract many users from the
blue local-like group. Accordingly, we introduce a latent k-dimensional vector
�v j ∈V to indicate what kinds of demands a grid can meet.

3. Observation 3: User demands can be learned from the transition information,
i.e., the observed mutual transition matrix T . That is, given a user’s transition
from the source grid to the destination grid, there is an inherent property that
describes his/her demand. It is the result of the functional asymmetry between
the two grids. Accordingly, we introduce a latent variable P ∈ R

N×K , the k
columns of which can be regarded as different moving patterns. Each pattern
indicates one or multiple user demands.
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Table 6.1. Notations used in the algorithm.
Notations Size Description

X M×N A user-grid attention matrix.
T N ×N A grid-grid transition matrix.
U M× k A user latent space, �ui ∈U .
V N × k A grid latent space, �v j ∈V .
P N × k A mobility latent space, �pn ∈ P.
Ik k× k A k-dimensional identity matrix.
k 1 The number of latent user demands.

ci, j 1 A confidence parameter for X .
d j,n 1 A confidence parameter for T .

1R(x) The indicator function 1R(x)→{1,0}.
l(x) A logistic function l(x) = 1

1+exp−x .

N (μ,Σ) Gaussian distribution.

Algorithm 5 User-Attention-Matrix Generative Process.
1: for each user group �ui ∈U do � Observation 1

2: draw user group latent vector �ui ∼ N (0,λ−1
U Ik)

3: end for

4: for each grid �v j ∈V do � Observation 2

5: draw grid latent vector �v j ∼ N (0,λ−1
V Ik)

6: end for

7: for each observed user-grid pair (�ui,�v j) ∈ Xo do

8: draw user-attention rating Xi, j ∼ N (l(�ui
T�v j),c−1

i, j )

9: end for

10: for each mobility specific �pn ∈ P do � Observation 3

11: draw mobility latent vector �pn ∼ N (0,λ−1
P Ik)

12: end for

13: for each observed transition (�v j, �pn) ∈ T do

14: draw transition graph Tj,n ∼ N (l(�v j
T �pn),λ−1

T d−1
j,n )

15: end for
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In accordance with Algorithm 5, we define the conditional distribution over the ob-
served user-grid attention matrix X as

p(X |U,V,C) =
M

∏
i=1

N

∏
j=1

[N (Xi, j|l(�ui
T�v j),c−1

i, j )]
1R(i, j), (6.1)

where N (x|μ,σ2) is the probability density function of the Gaussian distribution with
mean μ and variance σ2, and 1R(i, j) is the indicator function that is equal to 1 if user
�ui has checked in grid �v j and is equal to 0 otherwise. l(x) is the logistic function
l(x) = 1

1+exp−x , which bounds the range of �ui
T�v j within [0,1]. ci, j is a confidence

parameter for rating Xi, j. If ci, j is large, we trust Xi, j more. As we mentioned above,
Xi, j = 0 can be interpreted into two ways–the user ui is either not interested in grid v j

or is unaware of it. Similar to the strategy in [100], we introduce different confidence
parameters ci, j for different ratings Xi, j.

ci, j = 1+αXi, j. (6.2)

In our experiments, setting α = 1 is found to obtain good results. We place zero-mean
spherical Gaussian priors on user feature vector and grid feature vector:

p(U |λU) =
M

∏
i=1

N (�ui|0,λ−1
U Ik), (6.3)

p(V |λV ) =
N

∏
j=1

N (�v j|0,λ−1
V Ik). (6.4)

On the basis of Observation 3, we then define the conditional distribution over the
grid-grid transition matrix T . Similar to the user-grid matrix X , we have

p(T |V,P,λT ,D) =
N

∏
j=1

N

∏
n=1

N (Tj,n|l(�v j
T �pn),λ−1

T d−1
j,n ), (6.5)

where P denotes latent moving patterns (user demands), which also have a zero-mean
spherical Gaussian prior:

p(P|λP) =
N

∏
n=1

N (�pn|0,λ−1
P Ik). (6.6)

Similar to ci, j, d j,n is a confidence parameter for Tj,n. λT is introduced to control
the influence of mutual transition matrix T . As an extreme example, if λT = 0, our
algorithm collapses to the MF algorithm.
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Hence, through Bayesian inference, we have the posterior distribution of our gener-
ative algorithm:

p(U,V,P|X ,T,λU ,λV ,λP,λT ,C,D) ∝

p(X |U,V,C)p(T |V,P,λT ,D)×
p(U |λU)p(V |λV )p(P|λP).

(6.7)

The log of posterior distribution for the Eq. 6.7 can be found by substituting the above
corresponding probability density functions, i.e., Eq. 6.1, Eq. 6.3, Eq. 6.4, Eq. 6.5 and
Eq. 6.6.

6.3.3 Parameter Learning

For learning the parameters, we first have the following corollary:

Corollary 1. When the prior distribution we are assuming is given, the maximum
a posterior (MAP) estimate is equivalent to the complete maximum likelihood (ML)
estimate on both observed data and model parameters.

Since it is an obvious corollary, we put the detailed derivation in Appendix A for
reference. On the basis of Corollary 1, maximization of the posterior Eq. 6.7 is equiv-
alent to maximizing the complete log-likelihood of U , V , P, X and T , given the priors
λU , λV , λP, λT , C and D. As a result, we are going to maximize the following log-
likelihood function:

�=− λU

2 ∑
i
�ui

T�ui − λV

2 ∑
j
�v j

T�v j

− λP

2 ∑
n
�pn

T �pn −∑
i, j

ci, j

2
(Xi, j −�ui

T�v j)
2

− λT

2 ∑
j,n

d j,n(Tj,n −�v j
T �pn)

2,

(6.8)

where we have omitted the constants. We maximize this function with a gradient ascent
approach by iteratively optimizing the collaborative filtering variables �ui, �v j and �pn.
Accordingly, we first take the gradient of � with respect to �ui, �v j and �pn, respectively.

∂�
∂�ui

= ∑
i, j
�v jci, j(Xi, j −�v j

T�ui)−λU ∑
i
�ui

T ; (6.9)

92



6. User-to-Location Attention Prediction

∂�
∂�v j

=∑
i, j
�uici, j(Xi, j −�ui

T�v j)

+∑
j,n

λT �pnd j,n(Tj,n − �pn
T�v j)−λV ∑

j
�v j

T ;
(6.10)

∂�
∂ �pn

= ∑
j,n

λT�v jd j,n(Tj,n −�v j
T �pn)−λP ∑

n
�pn

T . (6.11)

Then, setting them to zeros leads to the updating equations:

�ui ← (VCiV T +λU Ik)
−1(VCiXi); (6.12)

�v j ← (UCjUT +λT PD jPT +λV Ik)
−1

(UCjXj +λT PD jTj);
(6.13)

�pn ← (λTV DnV T +λPIk)
−1(λTV DnTn). (6.14)

where Cx and Dx are diagonal matrices with cx,y, dx,y; y = 1...Y are their diagonal
elements. Xi = (Xi, j)

J
j=1 for user �ui and Tj = (Tj,n)

N
n=1 for grid �v j. Eq. 6.13 shows

how mutual transition graph T affects the grid latent vector �v j, where λT balances this
effect. In Appendix B, we present a detailed derivation of the updating rules.

6.3.4 Predicting

After the optimal parameters �ui
∗ ∈ U∗, �v j

∗ ∈ V ∗ and P∗ are learned, our proposed
algorithm can be used for prediction or recommendation tasks. In our case, because
the mutual transition graph T is observed, both in-matrix and out-matrix predictions
[37] can be estimated by approximating their expectations:

E[Xi, j|Xo,T ]≈ E[�ui|Xo]T E[�v j|Xo,T ] (6.15)

X∗
i, j ≈ (�ui

∗)T�v j
∗ (6.16)

For in-matrix prediction, i.e., a grid has been rated by at least one user, the expectation
of �v j is constrained by both Xo and T . For out-matrix prediction, i.e., none of the users
have rated a grid, the expectation of �v j is constrained only by T . In our experiments
in Section 6.5, in order to verify our Observations 1, 2 and 3, we mainly conduct out-
matrix predictions to do the evaluation.
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6.4 Knowledge Graph based Probabilistic Matrix Fac-

torization

6.4.1 Problem Definition

Similar to the problem definition in the solution above, KGPMF based solution is
defined as follows.

Definition 8. Given a user-location attention matrix X ∈ R
M×N and a knowledge

graph G, KGPMF aims to jointly learn the user and location latent spaces (i.e., U
and V ) whose products can well approximate the original matrix X.

From the viewpoint of our implementation, the problem can be described as: by
observing a part of the user-location attention matrix Xo and location knowledge graph
Gs, we expect to well predict the unobserved attention matrix X¬o. Regarded as a
knowledge base, the graph G plays a role of embedding auxiliary information into the
location latent space.

6.4.2 Modeling

Similar to the first solution shown in Algorithm 5 and related work on collaborative fil-
tering, e.g., [36] [37], as shown in Algorithm 6, by placing Gaussian priors N (�μ,σ2)

on latent feature vectors, we solve this prediction problem using a generative process.

Algorithm 6 Generative process for attention prediction.
1: for each user �ui ∈U do � Stage 1
2: draw latent user vector �ui ∼ N (0,σ2

U I)

3: end for

4: for each location �v j ∈V do � Stage 2

5: draw latent location offset vector �o j ∼ N (0,σ2
V I)

6: draw latent location vector �v j = �o j +�v∗j
7: end for

8: for each user-location pair (�ui,�v j) ∈ X do � Stage 3
9: draw the rating Xi, j ∼ N (�ui

T�v j,σ2
X)

10: end for

In stage 2, we enrich the latent feature vectors of locations by embedding the knowl-
edge graph. Namely, V ∗,∀�v∗j ∈ V ∗ could be Vt , [Vt ;Vs], Vts(1), or Vts(2) (please see
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Section 5.4 for details). In the experiments, by comparison, we discuss in detail why
our knowledge graph G can significantly improve such an application.

6.4.3 Parameter Learning

Since there is nothing new about the training processes in matrix factorization methods
in Chapter 5, we briefly describe their training strategies used in the experiments.

We minimize the objective functions Eq. 5.1, Eq. 5.3, and Eq. 5.5 with a gradient
decent approach by iteratively optimizing the latent variables Vt , E, Vs, M, Vts, Dh,
and Dt . For Eq. 5.7, we alternate between optimizing the NN weights (i.e., W1 and
W2), while fixing the latent features, and optimizing the latent features, while fixing the
network weights. Optimization is also carried out by gradient descent on the observed
datasets (i.e., time series matrix S and transition matrix T ).

For Algorithm 6, since the optimization is very similar to the process that we have
described in Section 6.3.3, we omit the detail process here. Someone could also refer
to the following related work for further understanding. The optimization could be
carried out by maximizing the log-likelihood [37], minimizing a sum-of-squared errors
function [36], or using Gibbs sampling. In our experiment, we utilized a previously
proposed method [36] for consistency. Namely, all the learning tasks are conducted in
a matrix factorization manner.

6.4.4 Predicting

After the optimal parameters �ui
∗ ∈ U∗, �v j

∗ ∈ V ∗ are learned, our proposed algorithm
can do the prediction as follows:

E[Xi, j|Xo,G]≈ E[�ui|Xo]T E[�v j|Xo,G] (6.17)

X∗
i, j ≈ (�ui

∗)T�v j
∗ (6.18)

Similar to the first solution discussed in Section 6.3.4, because the knowledge graph
G is observed, both in-matrix and out-matrix predictions [37] can be estimated by
approximating their expectations.

6.5 Experimental Evaluation

In the experiment, our goal is to well predict user-attention dynamics in a city. Ex-
tensive experiments are conducted on a real-world dataset collected from Beijing to
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demonstrate the effectiveness of our proposed algorithms both quantitatively and qual-
itatively.

Sequentially, we first present the outline of all the datasets collected from the city
Beijing. Second, we define an unify evaluation schema, which will be used in per-
formance comparison. Third, the performance of our algorithms, i.e., TMPMF and
KGPMF, will be discussed in details. At last, we will also visualize some moving
patterns (lifestyles) mined from these two methods.

6.5.1 Data Preparation

Constructing time series matrix S. We used the public Beijing taxi trajectory dataset
[101], which contains trajectories of 10,357 taxis, to generate the S. The total number
of GPS points p (see Definition 5) is approximately 15 million. Figure 5.1 shows some
examples of S. Please see Section 5.4.1 for the detailed process of constructing S.

Constructing transition matrix T . The grids’ mutual transition graph T is con-
structed using two kinds of transition data, i.e., by bus and taxi. Figures 6.3c and
6.3d show the heat maps of the 2,500 grids’ out-degrees in the transition matrices con-
structed using bus and taxi trajectory datasets, respectively. Because the bus transition
is route-fixed, there are few grids that have high out-degrees (a maximum of 200 shown
in Figure 6.3c). By contrast, as shown in Figure 6.3d, most of the grids have very high
out-degrees using the taxi transition dataset. For each entry Tj,n, it records the number
of transitions from grid j to grid n. After normalization, Tj,n can be regarded as the
probability of the transition from grid j to grid n. In the next experiments, we will
compare the performance of using the bus and taxi transition information.

Figure 6.3a shows a taxi’s Tr
′

(see Section 5.4.2) in one day on Google Maps. All
the Tr

′
are aggregated to obtain T ∈ R

2500×2500. Although the other edge weights are
close to zero, 35,259 main edges are detected in T . The same process is done on the
bus trajectory dataset. Accordingly, we use Ttaxi and Tbus to denote the taxi and bus
transtion matrix, respectively.

Constructing user-location attention matrix X . The user-grid attention matrix
X is constructed using the geo-tagged check-ins obtained from Sina Weibo APIs ∗.
Figure 6.1a shows the {longitude, latitude} distribution of the data. Totally, we obtain
a raw dataset of 527,809 users and 1,729,998 check-ins.

Then, similar to the CCCF model proposed in [102], we first conduct a prelimi-

∗http://open.weibo.com/wiki/API
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(a) Taxi route in one day
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Figure 6.3. Dataset preparation. (c) and (d) present the heat maps of the 50×50 grids’
out-degrees in transition matrix T .

nary task of user-region co-clustering to discover like-minded user groups, each of
whom has similar interests (i.e., visiting similar regions in a city). In addition to the
advantages specified in [102], the simulation of collective attention to grids is more
meaningful than that of individual attention to grids. For example, by analyzing the
tourist-like user group’s attention (i.e., the red group in Figure 6.1b), we can discover
the sightseeing spots in Beijing.

After clustering, we calculate each observed entry Xi, j based on the percentage of
numbers of check-ins that were uploaded by user group ui in grid v j. Figure 6.3b
shows the percentages of two Xi, js over all the weeks in 2015. Unsurprisingly, because
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of anomalous events [103] [104] [105], the percentages fluctuate over time. The value
of each observed Xi, j is the average percentage of all the recorded weeks. Finally,
we obtain the X of 100 classified user groups and 2,500 grids with 43,069 observed
user-grid entries. This matrix has a sparsity of 82.8%.

6.5.2 Evaluation Schema

Similar to [106] [107], we randomly divide all the grids associated with each user
group into 2 chunks. One round of the validation performs training on one chunk (i.e.,
the training set) and validates the trained model on the other chunk (i.e., the testing
set). To evaluate and compare the algorithms under both sparse and dense settings,
x = 10%,30% of the grids are selected as the training set, respectively. For each value
of x, we repeat the validation five times with different randomly selected training sets.
Finally, the average performance is reported.

Similar to [37] [38], we use recall as the performance measure because the rating
information in X is in the form of implicit feedback [100] [98]. As discussed above, a
zero entry may be due to the fact that the user group does not like the grid or does not
know about it. This makes it difficult to accurately compute precision. Because recall
only considers the nonzero entries, for each user group we define the recall@M as:

recall@M =
T Ps@M

T Ps@M+FNs@M
, (6.19)

where T Ps@M (True Positives) is the number of grids the user group pays attention
to in top M, and T Ps@M+FNs@M (False Negatives) is the total number of grids the
user group pays attention to. The reported recall for the entire system is the average
recall from all user groups.

6.5.3 Our Methods and Baselines

To make our experiments more reproducible, we list all methods included in our com-
parison as well as the values of their hyperparameters. The parameter-tuning process
will also be discussed later in Section 6.5.4. Our methods and all the baseline are listed
as follows.

• TMPMF: Transition Matrix based Probabilistic Matrix Factorization is our first
proposed algorithm in Section 6.3. By introducing the latent space P, it can deal
with different kinds of mutual dependencies among locations. We apply our
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algorithm by setting the hyperparameters λU = 0.1, λV = 1, λP = 10, λT = 10
and α = 1 (see Eq. 6.2). We set the number of latent moving patterns (user
demands) k = 15. To support our choice, we visualize some learned moving
patterns in Section 6.5.6.

• KGPMF-none, KGPMF-Vt , KGPMF-Vt&Vs, KGPMF-Vts(1), KGPMF-Vts(2).
These five variants of the Knowledge Grpah based Probabilistic Matrix Factor-
ization are obtained when none, Vt , [Vt ;Vs], and Vtss are assigned to V ∗ in Algo-
rithm 6, respectively. When learning the location relation knowledge graph G,
the values of the hyperparameters are: kt = 20; ks = 20; kts = 10; kr = 5; n = 20;
λr = 0.01; λs = 1; θ = 0.8.

• GeoMF: GeoMF [2] is the state-of-the-art method for Point-of-Interests (POIs)
recommendation. By regarding the “grids” in our application as “POIs”, our
methods and GeoMF are solving a similar problem. Compared with the con-
ventional MF (see Eq. 2.1), GeoMF (see Eq. 2.6) introduces two additional
matrices, i.e., a user-activity-areas matrix X and a POI-influence-areas matrix
Y , to incorporate the geographical information. Hence, GeoMF also takes the
location-location spatial information into consideration. By comparison, a de-
tailed discussion will be presented later in this section.

• CMF: Although the Collective Matrix Factorization is a high-level framework,
to verify our method’s advantages, we implemented an instance of this model
using squared euclidean distance as the Bregman divergence (see Eq. 2.4). The
reason of using squared euclidean distance is that, as has been mentioned in [41],
the link function f (x) = ax+b (i.e., the derivative of squared euclidean distance)
is corresponding to Gaussian noise, which is the same as the assumption in our
model.

• GNMF: Graph Regularized Nonnegative Matrix Factorization is the algorithm
proposed in [42]. Our TMPMF to a considerable extent is an extension of this
one. Thus, we implement their algorithm. By comparison, we expect to ver-
ify that our algorithm can deal with different mutual dependencies that GNMF
cannot be applied to. Through parameter tuning , we set λ = 0.1 in Eq. 2.5.

• MF: As we discussed above, if λT = 0, the TMPMF algorithm collapses to the
conventional Matrix Factorization. By keeping the values of other parameters in
TMPMF the same, we use MF to denote this baseline method.
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6.5.4 Evaluation on TMPMF

The experiment results are reported in Figure 6.4. About the transition matrix T , Fig-
ures 6.4a and 6.4b show the results when the bus transition information is used, while
Figures 6.4c and 6.4d show the results when the taxi transition information is used.
Overall, the results show that the proposed algorithm, TMPMF, outperforms the base-
lines significantly. The details are as follows.

Our algorithm, TMPMF, obtains encouraging results in solving real-world prob-
lems. By comparing the experimental results shown in Figures 6.4c and 6.4d, we can
see that the proposed TMPMF significantly outperformed the CMF by an average mar-
gin of 1.5% in the sparse setting (i.e., x = 10% in Figure 6.4c) and 1% in the dense
setting (i.e., x = 30% in Figure 6.4d). On the basis of Eq. 6.19, when M is small (e.g.,
recall@M = 10,15, ...100), a margin of 1% is a significant improvement. Furthermore,
a larger margin in the sparse setting means that our algorithm can well learn the user
demands from the taxi transition graph T , by which the user-attention dynamics are
well predicted.

The bus transition information is inadequate for learning user demands. As shown
in Figures 6.4a and 6.4b, the bus transition information has not helped our algorithm
more efficiently predict users’ attention to grids. One reason is that the bus transition
graph Tbus is too sparse. As shown in Figure 6.3c, because the bus stops are fixed, there
are very few grids involved in constructing the Tbus. What’s worse, since the bus transi-
tion is route-fixed, its moving patterns cannot be regarded as user demands. That is, the
latent moving patterns are learned from the pre-designed bus system rather than users’
preferences. In this sense, our algorithm to a considerable extent is robust enough to
tolerate bad inputs that would mislead the final results. As a counter example, it has
further verified our observation that the complementary relationships among grids can
be learned from users’ mobility but not from buses’ fixed movements.

CMF is not so practical. As has been mentioned in [41] [40], when applying CMF,
we should inject our domain knowledge about what sort of noise there is in observed
X and T . Also, we should identify what parameter matrices U , V and P are a priori
most likely. What’s worse, when solving a particular problem, someone has to control
many of the model and optimization parameters across the experiments, which makes
CMF not so practical. As a result, although the same assumption (i.e., X and T are
consistent with the normal distribution) is used in both our TMPMF and CMF in the
experiment, TMPMF obtained better performance.
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(a) T : Bus Transition; x = 10%
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(b) T : Bus Transition; x = 30%
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(c) T : Taxi Transition; x = 10%
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(d) T : Taxi Transition; x = 30%

Figure 6.4. Performance comparison of TMPMF, GeoMF, CMF, GNMF and MF based
on recall@M (M = 10,15, ...,100) (see Eq. 6.19). For the mutual dependency graph T ,
bus and taxi transition information is used, respectively. For the sparse-dense setting,
the performance is calculated and presented when x = 10%,30%. Please note that the
value ranges of the y-axis are different.

GeoMF provides a solid baseline for the user-attention prediction task, but cannot
mine the user mobility. By seeing Figures 6.4c and 6.4d, GeoMF’s low performance
indicates that, when we assigned taxi transition Ttaxi to Y in Eq. 2.6, GeoMF cannot
learn the moving patterns well for the user-attention prediction task. However, if we
assigned the POI-influence-areas matrix (see the Definition 2 in [2] for details) to Y
in Eq. 2.6, GeoMF obtained good performance shown in Figure 6.5. The differences
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(a) x = 10%
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Figure 6.5. Performance comparison of TMPMF and GeoMF based on recall@M
(M = 10,15, ...,100) (see Eq. 6.19). In this figure, we present TMPMF’s perfor-
mance when the taxi transition Ttaxi is used. For GeoMF, we use the exactly same
POI-influence-areas matrix Y in [2] to obtain the best performance.

between the transition matrix T and the POI-influence-areas matrix Y are that: Tj,n de-
fines the interaction from grid �v j to grid �vn as the probability of users’ movements from
�v j to �vn (regarded as the social distance); Yj,n is fixed in advance, which is calculated
based on the physical distance between �v j and �vn. In this sense, by comparing the per-
formance in Figure 6.5, we can conclude that the social distance based user-attention
prediction outperforms the physical distance based prediction. What’s worse, by com-
paring the performance in Figure 6.4, GeoMF cannot deal with the social distance
based prediction.

GNMF is not flexible enough to deal with different kinds of T . Although both our
algorithm (Eq. 6.7) and GNMF (Eq. 2.5) have a similar way of constraining the
grid latent space V using a graph, we obtain totally different results when solving
our problem. Because GNMF cannot deal with the dependencies in our problem, it
has been misled by the “bad” input T . As a result, it obtains the lowest recalls in
comparison with the other methods. This result strongly suggests that our algorithm is
much more robust than GNMF. On the other hand, since our algorithm can also deal
with the “similarity” dependency (i.e., the definition of T is the same as W in Eq. 2.5),
it is an extension of GNMF. That is, by inputting a proper graph T , GNMF can be
regarded as an instance of the proposed TMPMF.
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Figure 6.6. The plot of prediction recall@M = 100 for the proposed TMPMF algorithm
by varying moving pattern parameter λP and dependency parameter λT .

Impact of Parameters λT

To gain better insight into our algorithm, it is worthwhile to explore how the parame-
ters, especially λT , can balance or influence our algorithm. By utilizing the grid search
method proposed in [54], Figure 6.6 shows a parameter-tuning process for obtaining
the best prediction performance. λT (the x-axis) is the precision parameter that con-
trols the impact of the transition graph T , and λP (the y-axis) is the prior on the moving
pattern distributions P.

From this figure, we observe that the value of λT impacts the prediction results sig-
nificantly, which demonstrates that fusing items’ mutual dependency information can
increase prediction recall considerably (about 10% in our case). When the other pa-
rameters are kept fixed, the contour plot also indicates that for small values of λT , the
improvement in prediction recall is small, and it increases with further increase in λT .
However, when λT increases beyond a certain threshold, prediction recall decreases.
Intuitively, for large values of λT , our algorithm gives more preference to items’ de-
pendency information but less preference to collaborative information between users
and items. In our application, TMPMF achieves best performance when λT ≈ 10 and
λP ≈ 10.

103



6. User-to-Location Attention Prediction

10 20 30 40 50 60 70 80 90 100
Ms

0.00

0.05

0.10

0.15

0.20

0.25

0.30

0.35

0.40

Re
ca

lls

Methods
GeoMF
KGPMF-none
KGPMF-Vt 
KGPMF-Vt&Vs
KGPMF-Vts(1)
KGPMF-Vts(2)

(a) Dense setting, i.e., x = 30%
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(b) Sparse setting, i.e., x = 10%

Figure 6.7. Performance comparison of our KGPMF based methods and baselines
based on recall@M (M = 10,20, ...,100).

6.5.5 Evaluation on KGPMF

On the basis of the experimental results shown in Section 6.5.4, our TMPMF algorithm
obtained the highest performance when the taxi transition information (i.e., Ttaxi) is
used. Therefore, in this section, we will only compare the different variants of KGPMF
with TMPMF in the context of using taxi transition matrix Ttaxi.

The experimental results are reported in Figure 6.7. Figure 6.7a shows the results
under a dense setting (i.e., x = 30%), whereas Figure 6.7b shows the results under a
sparse setting (i.e., x = 10%). Overall, the results show that our knowledge graph (i.e.,
KGPMF) greatly improves the prediction performance. The details are as follows.

User attention prediction is a challenging problem. The curve of KGPMF-none
indicates, without introducing any auxiliary information, that this method performs
poorly, especially under a sparse setting.

The spatial information Vs is essential for the prediction. A comparison of the
curves of KGPMF-Vt and KGPMF-Vt&Vs shows that KGPMF-Vt&Vs significantly out-
performed KGPMF-Vt by an average margin of 3.4% in the sparse setting and 5.8% in
the dense setting. On the basis of Eq. 6.19, when M is small (e.g., M = 10, ...,100),
a margin of 1% is a significant improvement. In conventional collaborative filtering-
based recommendation (e.g., for movies), if a user prefers sci-fi movies, given a new
sci-fi movie, the model would predict a high score for this user. However, this assump-
tion is not applicable in our case. That is, a user living in residential area A (high
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attention) rarely pays attention to another faraway residential area B. Hence, in addi-
tion to the content features Vt of the locations, the mutual dependencies among them
(i.e., Vs) are essential for this type of prediction.

The TMPMF algorithm is insufficient. Since the transition matrix is directly used
in TMPMF, as a result, important spatial information is lost. For example, a semantic
work ↔ home relation [4] cannot be embedded when learning. By comparing TMPMF
with the other methods shown in Figure 6.7, it can be further improved.

KGPMF-Vts(1) and KGPMF-Vts(2) obtained the highest performance. Compared
with KGPMF-Vt&Vs that separately takes temporal and spatial information into con-
sideration, KGPMF-Vts(1) and KGPMF-Vts(2) jointly consider both of them. Several
latent semantic relations are detected among the locations. We can regard these re-
lations as lifestyles in a city. For example, office workers may pay more attention to
the locations in the work ↔ home relations. Students may pay more attention to the
locations in the school ↔ shopping relations. Consequently, when a small training
set is used (i.e., the sparse setting), KGPMF-Vts(1) significantly outperforms KGPMF-
Vt&Vs, suggesting that KGPMF-Vts(1) and KGPMF-Vts(2) provide two ways to lever-
age GPS trajectories into a latent semantic space.

6.5.6 Visualization

Visualizing moving patterns learned by TMPMF

Since one of our goals is to mine users’ moving patterns from transition information,
in this section, we visualize several moving patterns (i.e., P in Figure 6.2) learned from
the taxi transition information to show the effect of the proposed TMPMF algorithm.
As shown in Figure 6.3d, when the taxi transition information is used to construct the
graph T , the 50×50=2,500 grids are almost fully connected with different weights. As
a result, it is a big challenge to mine the meaningful moving patterns. By visualization,
we try to present and discuss the moving patterns we have obtained.

By utilizing the Google Map’s APIs, Figure 6.8 shows two moving patterns learned
by our algorithm. Labeled by red, Figure 6.8a shows the grids involved in one of them.
The representative grids are the destinations of the target moving pattern, which can
be regarded as the user demands. In Figure 6.8b, both of them are merged on the map.
Because it is non-intuitive to explain them as a whole, by zooming in on the map,
we discuss some particular examples (i.e., the grids in the two black boxes) shown in
Figures 6.8c and 6.8d
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(a) A moving pattern (b) Two moving patterns

(c) Shopping areas (d) Residential areas

Figure 6.8. Moving pattern visualization. Labeled by red and blue, in (a) and (b), two
moving patterns are presented on Google map. By zooming in on the map, (c) and (d)
show some representative grids involved in these two moving patterns.

As seen in Figure 6.8c, the red moving pattern is more related with the shopping
demands. Labeled by “A”, “B”, “C”, “D” and “E”, the shopping areas are discovered
in this pattern. More specifically, “A” is a financial street having some shopping malls;
“B”, “C”, “D” and “E” are all popular shopping areas, which are called Xidan, Dong-
dan, Sanlitun and SOHO, respectively. The moving pattern shown in Figure 6.8d is
more related with the residential demands. The areas labeled by “F”, “G”, “H” and “I”
are all residential regions around Huilongguan town. In this sense, we can say that the
representative grids in each moving pattern accurately reveal the underlying meaning
of the corresponding user demands.

A number of related studies have been conducted for modeling the individual mo-
bility behavior, such as HMM [21], CRF [11], and periodic GMM [4]. Recently, sev-
eral studies [22] [10] [108] have also focused on predicting the places where users
will go next, based on their previously generated content. Nevertheless, to the best
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of our knowledge, estimating users’ attention to locations (i.e., the collective mobil-
ity behavior) by jointly analyzing both online and offline generated social media has
not yet been thoroughly investigated. Potential application scenarios include Points-
of-Interests recommendation, user profiling, personal digital assistant (PDA), urban
planning, and so on.

On the other hand, our application provides another way to learn the functional com-
positions of urban spaces. A number of algorithms have been proposed recently. For
instance, [17] have proposed a supervised multi-output regression method to estimate
the functional composition of urban spaces. In [18], the authors proposed a topic-
based inference model, which regards a region as a document, a function as a topic, to
discover different functionalities. In these works, the semantic information (e.g., the
categories of POIs) is utilized. Unlike the related works, our application discovers a
grid’s functionalities by learning user demands. Without using any semantic informa-
tion, our application provides a complementary way for solving such a problem.

Visualizing moving patterns learned by KGPMF

Since the final location relation knowledge graph G(Vts(2),Rts(2)) (i.e., KGPMF-
Vts(2)) obtained the best performance in our experiments described in Section 6.5.5,
we visualize some relations in G(Vts(2),Rts(2)). The Google Maps APIs are utilized
on G(Vts(2),Rts(2)) to learn some relation instances, as shown in Figure 6.9.

Figure 6.9a shows a shopping like relation between red grids (head) and blue grids
(tail). By zooming in on the map, we find that almost all the blue grids are shopping
areas. More specifically, Figure 6.9b shows that there is a shopping mall in A, a plaza
in B, a famous shopping street in C and the Times Square in D. Although E is not as
well known, we find it has many bank ATMs suggesting it is also a shopping area.

Figure 6.9c and 6.9d present two other interesting relation instances. In Figure 6.9c,
our method detected an airport expressway, because of the high similarity among head
grids. Figure 6.9d shows an instance our method learned in the Zhongguancun district.
Although the grids in Zhongguancun very likely play multi-roles (e.g., for working,
education, shopping, and residency ), a residency-to-education like relation is detected.
For example, H contains a university and some research institutes. However, we find
that several large universities are missing in this relation. Labeled by F, Tsinghua
University is not included. One possible explanation is that, since most of the students
and teachers reside on campus (e.g., G, which has many apartments and dormitories),
they walk to their learning places. The taxi trajectories cannot characterize such cases.
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(a) Top 50 tuples in a relation
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(c) An airport expressway
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(d) A relation in Zhongguancun

Figure 6.9. Relation visualization. Red: heads; blue: tails.

Although only GPS points are used in our framework, the case studies show that our
methods proposed in Chapter 5 performed well in terms of learning semantic relations
among locations.

In this chapter, we propose two algorithms, TMPMF and KGPMF, that exploit the
mutual dependencies among locations. In terms of learning, we also derive an op-
timization scheme for the Bayesian treatment of TMPMF. In our experiments, both
TMPMF and KGPMF sufficiently mine collective moving patterns in a city, by which
an encouraging result is obtained for predicting users’ attention to locations.
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CHAPTER 7

CONCLUSION AND FUTURE WORK

7.1 Conclusion

How to make full use of the large heterogeneous UGC is a big challenge in the Location-
Based Social Networks (LBSNs) research area. The work presented in this thesis pro-
vided a solution for it.

In this work, we proposed a very broad framework of mining various knowledge
from LBSNs. To this end, a new framework of jointly considering user profiling
knowledge and location profiling knowledge is proposed (please see Figure 1.5 for
reference). In this framework, by collecting User Generated Content (UGC) from LB-
SNs, we first devised some methodologies to mine the useful knowledge of users and
locations, respectively. Then, by mapping the different knowledge into a unified la-
tent space with a same metric, we tried to analyze the interaction between users and
locations. For instance, two new generative algorithms were devised to embed the
knowledge of both users and locations when predicting the extents of user attention to
locations in a city.

To verify the utility of our technical contributions, we also applied our framework to
solve different social problems. For instance, our framework could be used to discover
potential sightseeing locations, learn user mobility patterns, predict user attention to
locations, and so on.

To draw a conclusion, a comprehensive structure, (1) user profiling; (2) location
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profiling; (3) location relation profiling; and (4) user-location profiling, was defined in
this framework. Although our current research achievements cannot take into account
all aspects of this big problem, we have attacked the following particular sub-problems.

User Profiling. We proposed a new concept, location authority, for mining infor-
mation asymmetries among different online user groups. By respectively considering
a user’s social, temporal, and spatial information, we devised three models for esti-
mating users’ location authority: a social-network-driven model, time-driven model,
and location-driven model. We then introduced two ensembles of these models, which
demonstrated robust performance across different classification tasks.

Location Profiling. We are the first who proposed to use two dimensions, i.e., user
group distribution based popularity and scenery quality, to describe a location. To
quantify these two dimensions, by analyzing different available information, several
methods were proposed from various points of view.

Location Relation Profiling. Our work is among the first of its kind to construct
a location relation knowledge graph that embeds temporal and spatial information.
Two new unsupervised relation extraction methods were devised to learn the relations
among nodes (locations) on this graph.

User-to-Location Profiling. In addition to the relation analysis among locations, we
also did a work on analyzing the relations between users and locations. By utilizing
the knowledge discovered in the work above, two new algorithms were proposed to
predict the user attention to locations. The essential patterns learned can be used in
a wide range of problem domains, such as city planning, geo-social recommendation,
traffic forecasting, and so on.

The utilities of all the proposed novel concepts and models have been verified in
real scenes. For instance, the user and location profiling knowledge, i.e., quantifying
the two dimensions, can be applied to detect potential obscure sightseeing locations.
The location relation knowledge graph can mine both individual and collective user
mobility, the essential knowledge it contains can be used in a wide range of prob-
lem domains, like city planning, geo-social recommendation, advertisement targeting,
traffic forecasting, and so on. Therefore, we want to emphasize that our proposed
research framework did construct a benign cycle among: (1) devising fundamental
technologies; (2) developing applications and systems; and (3) promoting more offline
activities. By analyzing the users’ content generated from offline activities, our current
work mainly focus on the stage of devising fundamental technologies.
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7.2 Future Work

The proposed research framework in this dissertation is intended to inspire more in-
terests in social informatics research. As another goal, we are aiming to apply the
advances in computer science into the real world. Accordingly, we have the following
future plan.

Application Standpoint. We are interested in how to shorten the gap between tech-
nologies and our daily life. My current work mainly focuses on urban computing that
aims to solve particular problems occurred around us. For example, as mentioned in
this dissertation, we have already developed a demo to recommend various sightseeing
locations to tourists. In the future, we hope to improve the current demo. The multi-
faceted nature of the problem of selecting sightseeing locations would be considered.
Not only the scenery itself, but also a location’s facilities, traffic, or culture values
could be further considered. In addition, by considering continuous geo-tagged UGC,
real-time travel route planning is a potential work.

Theoretical Standpoint. We also have the ambition to make breakthroughs in the
theoretical research area. Since we have already constructed a knowledge graph that
can be used in different problem domains, one of the key problems is about how to
use such a huge high-dimensional graph as input for different models or algorithms.
Therefore, in the near future, we will mainly focus on this topic. For example, similar
to the Convolution Neural Networks devised for image processing, one problem of
significant interest for me is to devise an Anisotropy Convolution Neural Network for
knowledge graph.
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APPENDIX

A Proof of Corollary 1

Let D be a set of observed data generated from some distributions parameterized by
Θ. The hyperparameters are denoted as Ω.

Proof. In MAP, denoted as Θ̂MAP, we maximize P(Θ|D) directly. According to Bayes
Rule, we have

Θ̂MAP = argmax
Θ

log p(Θ|D)

= argmax
Θ

log p(D |Θ)p(Θ|Ω)

= argmax
Θ

log ∏
di∈D

p(di|Θ) · p(Θ|Ω)

= argmax
Θ

∑
di∈D

{log p(di|Θ)}+ log p(Θ|Ω).

(7.1)

We notice that, when the prior distribution parameterized by Ω is given, MAP es-
timate is equivalent to the complete ML estimate , i.e. the maximum likelihood of
the observed data D (i.e., ∑di∈D{log p(di|Θ)}) and the model’s parameters Θ (i.e.,
log p(Θ|Ω)).

B Derivation of the Update Equations for Eq. 6.8

Since the derivations for updating �ui, �v j and �pn in Eq. 6.8 are very similar, we only list
the detailed derivation for the latent moving pattern parameter �pn.
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Appendix

We first simplify the gradient of � with respect to �pn, i.e., Eq. 6.11.

∂�
∂ �pn

= ∑
n
[∑

j
λT�v jd j,n(Tj,n −�v j

T �pn)−λPIk�pn
T ]

= ∑
n
[∑

j
λT�v jd j,nTj,n −∑

j
λT�v jd j,n�v j

T �pn −λPIk�pn
T ]

= ∑
n
[λTV DnTn − �pn(λTV DnV T +λPIk)].

(7.2)

Then, by setting each entry in the sum to zero, we have the updating equation for a
particular �pn:

�pn ← (λTV DnV T +λPIk)
−1(λTV DnTn). (7.3)
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