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ABSTRACT

The problem of learning latent representations of heterogeneous networks with
spatial and temporal attributes has been gaining traction in recent years, given its myriad
of real-world applications. Most systems with applications in the field of transportation,
urban economics, medical information, online e-commerce, etc., handle big data that can be
structured into Spatiotemporal Heterogeneous Networks (SHNs), thereby making efficient
analysis of these networks extremely vital. In recent years, representation learning models
have proven to be quite efficient in capturing effective lower-dimensional representations of
data. But, capturing efficient representations of SHNs continues to pose a challenge for the
following reasons: (i) Spatiotemporal data that is structured as SHN encapsulate complex
spatial and temporal relationships that exist among real-world objects, rendering traditional
feature engineering approaches inefficient and compute-intensive; (ii) Due to the unique
nature of the SHNSs, existing representation learning techniques cannot be directly adopted
to capture their representations.

To address the problem of learning representations of SHNs, four novel frameworks
that focus on their unique spatial and temporal characteristics are introduced: (i) collective
representation learning, which focuses on quantifying the importance of each latent feature
using Laplacian scores; (ii) modality aware representation learning, which learns from the
complex user mobility pattern; (iii) distributed representation learning, which focuses on
learning human mobility patterns by leveraging Natural Language Processing algorithms;
and (iv) representation learning with node sense disambiguation, which learns contrastive
senses of nodes in SHNs. The developed frameworks can help us capture higher-order
spatial and temporal interactions of real-world SHNs. Through data-driven simulations,
machine learning and deep learning models trained on the representations learned from the

developed frameworks are proven to be much more efficient and effective.
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1. INTRODUCTION

Complex real-world systems handle big data that consist of spatial and temporal
attributes that lead to an inherently spatial-temporal and interconnected composition that
can be structured into Spatiotemporal Heterogeneous Networks (SHNs), thereby making
efficient analysis of these networks extremely vital. Most real-world networks as shown in

Figure 1.1 are heterogeneous and incorporate underlying spatiotemporal dependencies.

= suian

Internet map Road network

Dating network Blog network

Figure 1.1. Real-world Spatiotemporal Heterogeneous Networks

In today’s digital world, spatiotemporal data has become increasingly available.
Mining spatiotemporal data can help us understand the intrinsic structure of systems while
simultaneously revealing the dichotomy of multi-class spatial and temporal relationships
that exist between objects. Effective analysis of spatiotemporal data can help us understand
the semantics of real-world systems, identify trends, forecast future events, and detect

anomalies.



For example, in a vehicle with an autonomous driving system, sensors are connected
to monitor the condition of the terrain. Understanding underlying temporal and spatial
structure is imperative for the system to develop appropriate accident mitigation measures.
Smart transportation systems with advanced spatial and temporal information management
capabilities can help monitor traffic flow and safety, find the optimal route to get from
point A to point B (Route Planning), etc. By learning Spatiotemporal relationships we can
better quantitatively depict urban regions and understand factors influencing rapid growth,
expansion, and changes. SHNs also have applications in the field of healthcare, agriculture,

etc.

1.1. REPRESENTATION LEARNING

In recent years, representation learning models have proven to be quite effective
in capturing lower-dimensional representations of the data that can reduce variance and
support effective machine learning. The performance of machine learning frameworks
is heavily dependent on the choice of data representation (or features) on which they
are applied. For that reason, much of the actual effort in deploying machine learning
algorithms goes into the design of preprocessing pipelines and data transformations that
result in a representation of the data that can support effective machine learning. Such feature
engineering is important but labor-intensive and highlights the weakness of current machine
learning algorithms, their inability to extract and organize the discriminative information
from the data. Feature engineering is a way to take advantage of human ingenuity and prior
knowledge to compensate for that weakness. To expand the scope and ease of applicability
of machine learning, it would be highly desirable to make machine learning algorithms less
dependent on feature engineering so that novel applications could be constructed faster,

and more importantly, to make progress towards Artificial Intelligence (Al). An Al must



fundamentally understand the world around us, and we argue that this can only be achieved
if it can learn to identify and disentangle the underlying explanatory factors hidden in the
observed data.

Real-world data are complex, heterogeneous, and high dimensional in nature. The
curse of dimensionality is one of the major problems that these models have to address. Many
machine learning and deep learning models struggle when dealing with high dimensional
data. Operating on high dimensional data is computationally expensive both in terms of
time and space. Many of the features in the data can be highly correlated and carry little to
no statistical significance. Contrarily, these features can make the model overfit and affect
its interpretability. Hence, it is necessary to reduce the data dimensionality and select the
most important features. Learning representations of the data that make it easier to extract
useful information when building classifiers or other predictors. In the case of probabilistic
models, a good representation is often one that captures the posterior distribution of the
underlying explanatory factors for the observed input. A good representation is also one
that is useful as input to a supervised predictor. Among the various ways of learning
representations, this dissertation focuses on deep learning methods, those that are formed
by the composition of multiple non-linear transformations, with the goal of yielding more
abstract and ultimately more useful representations. The rapid increase in scientific activity
on representation learning has been accompanied and nourished by a remarkable string
of empirical successes both in academia and in industry. Representation learning has a
strong impact in the area of network embedding, speech recognition, and signal processing,
object recognition, natural language processing, multi-task and transfer learning, etc. with
breakthrough results.

1.1.1. Representation Learning on Networks. Networks are one of the most pow-
erful structures for modeling problems in the real world. Machine learning models defined
on learned representations/embedding of complex real-world networks have the potential to

solve a variety of problems. Models developed for learning representations of networks map



graph nodes to vectors of real numbers in a multidimensional space. To be useful, a good
embedding should preserve the structure of the graph. The vectors can then be used as input
to various network and graph analysis tasks. With link prediction, for instance, one can
predict whether two persons will become friends on a social network. Many machine learn-
ing algorithms, however, require that each input example is a real vector. Representation
learning models for a network encompass various methods for unsupervised, and sometimes
supervised, learning of feature representations of nodes and links in a network. Typically,
network representation learning methods are based on the assumption that the similarity
between nodes in the network should be reflected in the learned feature representations.

1.1.2. Representation Learning on Spatiotemporal Networks. Spatiotemporal
networks are spatial networks whose topology and parameters change with time. We aim
to investigate how these additional dimensions influence the structural properties and the
dynamic behavior of networks. From the spatial point of view, we study how the nodes of a
network can be placed in a metric space and how distance affects the pattern of connections
among them. These networks are important due to many critical applications such as
emergency traffic planning and route-finding services and there is an immediate need for
models that support the design of efficient algorithms for computing the frequent queries
on such networks. This problem is challenging due to potentially conflicting requirements
of model simplicity and support for efficient algorithms.

Large amounts of spatiotemporal data are collected every day from several domains,
including georeferenced climate variables, epidemic outbreaks, crime events, social media,
traffic, and transportation dynamics, among many others. Analyzing and mining such kinds
of data is of great importance for advancing the state-of-the-art in many scientific problems
and real applications. Nevertheless, data with spatial and temporal characteristics have
different properties in comparison to relational sources studied in classical data mining
literature. They present temporal and/or spatial dependencies, in which instances are not

independent or identically distributed. It means that samples can be structurally related



in some spatial regions or specific temporal moments. Also, they are non-static, i.e., the
instances can change their class attribute depending on time and location. Thus, traditional
data mining methods are not the ideal tools for spatiotemporal data, which can result in

poor performance and misleading interpretation.

1.2. DISSERTATION STATEMENT

To facilitate efficient analysis of spatiotemporal data and in-turn Spatiotemporal
Heterogeneous Networks through representation learning this dissertation develops general
frameworks that can be used to create SHNs that can accurately represent spatiotemporal
data and learn effective representations from the constructed SHNs. Specifically, the

dissertation introduces four novel frameworks that adopt the following approaches:

* Collective representation learning framework with features importance: We develop
a graph-based framework that collectively integrates the multi-modal spatiotemporal

relationships through representation learning.

* Modality aware representation learning framework: Spatial-temporal data consists of
multiple dimensionalities. Hence, in this framework, we develop a tensor factorization-
based approach to integrate multi-class relationships and learn their representation

through tensor factorization.

* Distributed representation learning framework for learning human mobility patterns:
We develop a multi-graph-based framework that leverages power-law distribution

associated with human mobility patterns to learn representations.

* Representation learning framework with node sense disambiguation: The state of
relationships between nodes in an SHN is everchanging with respect to spatial and
temporal contexts. Thus we develop a framework that captures the representations
of such relationships between nodes by learning their contrastive contextual node

Senses.



1.3. DISSERTATION ORGANIZATION

In Section 2, literature review of some of the previous related work is provided to
demonstrate the idea of information flow. It briefly discusses research work related to the
developed frameworks. In Section 3, we study the problem of learning representations
of urban communities by investigating the structural behavior patterns of users. Section 4
presents the modality aware representation learning framework that is based on user profiling
by investigating the mobility patterns. Section 5 shows how the interactions between human
and the physical environment is modeled to learn representations by leveraging NLP based
algorithms. Section 6 presents the framework that models the dynamic nature of spatio-
temporal relationships between nodes as a contrastive node sense learning problem and
learn representations. Section 7, concludes the dissertation with a discussion on potential

future research directions.



2. LITERATURE REVIEW

In this section, a literature review of some of the previous work is introduced. This
review helps in demonstrating the idea of information flow. We briefly discuss research work
related to the study of urban informatics, representation learning for network embedding,
learning word embeddings in NLP, and recommender systems. The section on urban
informatics consists of research work that studies experiences of people in the context
of cities and urban environments. The second section includes research work related to
the use of representation learning for network embedding, and the third section dicusses
research work pertaining to learning word embeddings in NLP. The fourth section consists
of work that have been widely used for building state-of-the-art recommender systems used
for recommending relevant items to users. In addition to the above categories, in the fifth
section we also discuss other research work specifically related to some of the techniques

adapted by the frameworks introduced in the dissertation.

2.1. URBAN INFORMATICS

Our work is partly related to urban informatics. Urban informatics focuses on
learning urban community structure by studying intricate spatial and temporal relations
created from dynamic human mobility between static geospatial entities of a city. With the
increasing availability of massive amounts of GPS and check-in data from taxi services and
social media, we can study the multiplex of overlapping factors that influence the growth of
urban environments in cities. Urban informatics uses geographical or spatial information
to produce business intelligence or other results. The most common spatial information
in daily life is the geographical building, POIs, and GPS trajectory data. In [1], Fu et
al. developed a geographical function ranking method by incorporating the functional
diversity of communities into real estate appraisal. The work in [2] ranked estates based

on investment values by mining user opinions about estates from online user reviews and



offline moving behaviors. [3] and [4] developed a geographic method, named ClusRanking,
for estate appraisal by leveraging the mutual enforcement of ranking and clustering power.
The network embeddings learned from our models based on the constructed SHINs consist
of rich semantic and mobility information, which can help us understand the multiplex of

overlapping factors that propel the growth of a city.

2.2. REPRESENTATION LEARNING ON NETWORK EMBEDDING

Representation learning for network embedding is primarily used to find a way to
represent, or encode, network structure. It aims at learning low-dimensional representations
for the vertices of a network such that the proximity among them in the original space is
preserved. Machine learning models can then easily exploit the learned embeddings to
perform various tasks. Here we review some key advancements of network embedding in
the network domain. One such successful method that tries to learn the latent structure of a
network is random walk [5]. [6] develops to learn the network embeddings based on random
walk statistics. Thus, instead of using a deterministic measure of graph proximity, unlike
methods [6, 7] these random walk methods employ a flexible, stochastic measure of graph
proximity, which has led to superior performance in a number of settings [8]. [9] and [10]
are two such approaches that use random walks. Our work is influenced by DeepWalk [9].
DeepWalk combines random walk proximity with the skip-gram model [11], a language
model that maximizes the co-occurrence probability among the words that appear within
a window in a sentence. Node2vec [10] is another method that utilizes random walks. It
develops a biased random walk procedure to explore the neighborhood of a node. GraRep
[12] is a method that learns a latent representation of vertices on graphs to capture the
global structural information. LINE [13] is a method that can deal with arbitrary types of

information networks: undirected, directed, and/or weighted.



Meta-path [14] is another such method that is used to calculate the proximity between
two vertices in a network. PathCount is a method that measures the number of meta-path
instances connecting the two objects, and PathSim is a normalized version of it [14, 15].
Path constrained random walk (PCRW) [16, 17] is a more sophisticated way to define the
proximity between two vertices based on an instance of meta-path . PCRW calculates
the probability that a random walk restricted on a meta-path would follow the instances
connecting two objects. PCRW was initially developed [16] for the task of relationship
retrieval over bibliographic networks. Later, [18] developed an automatic approach to learn
the best combination of meta-paths and their corresponding weights based on PCRW.

However, the above models fail to harness complex dynamics of spatial and temporal
attributes that highly influence complex multi-class relationships that exists between nodes
of SHNs. Besides, computing the graph embeddings of SHNs based on naive random
walks or path constrained random walks for information propagation is inefficient as they
lack semantic information. To address these shortcomings and facilitate learning of efficient

representations of SHNSs this dissertation puts forward four different approaches.

2.3. LEARNING WORD EMBEDDINGS IN NLP

Our work is also partly influenced by advancements made in word embedding
techniques used in the NLP domain. Human language is an integral part of intelligence, but
it poses some challenges for continuous gradient-based learning algorithms. Discreteness,
sparsity, high dimensionality, and sequences having variable length can be problematic for
machine learning algorithms, in a way different from other data modalities such as images.
This means that special care needs to be taken to learn representations that are useful
for this data modality. A very popular approach for NLP and text mining problems has
been to learn so-called word embeddings. Several methods have been developed to learn
word embeddings from text corpora [11, 19, 20]. Some techniques have been developed

to learn embeddings jointly using knowledge base relations and corpus co-occurrences
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[21]. Bilingual distributional representations have also attracted a lot of attention, and
researchers have addressed the training of bilingual embeddings using several approaches
[22, 23]. Due to the availability of large multilingual semantic networks and the need for
an accurate representation of word senses in different languages, some work have also been
developed for multilingual embedding. [24] is one such method that combines text-based

and knowledge-based methods, yielding multilingual vector representations.

2.4. RECOMMENDER SYSTEMS

Recommender systems have been widely used for recommending relevant items to
users. They are a subclass of information filtering that seeks to predict the "rating" or
"preference" a user would give to an item. Due to the availability of spatiotemporal data
involving users’ check-in activity, a great deal of work for providing location-based services
by recommending POIs to users based on their preference by using relevant information
has also been developed. Most of the related work use collaborative filtering [25], content-
based filtering [26], or hybrid [27]. Many Learning to Rank (LTR) methods have also
been developed for reliably recommending top-N ranked items. LTR methods can be
categorized into point-wise, pair-wise, and list-wise methods. Point-wise methods [28] use
scores assigned by individual users to items for learning ranking models. Binary classifiers
are learned by pair-wise LTR methods [29]; they compare ordered pairs for deciding if
the first item is preferred to the second. The pair-wise classifiers can be computationally
expensive as they have to generate training samples for binary classifiers. However, the
pair-wise approach works better in practice than the point-wise approach as the strategy
of predicting relative order is more similar to the nature of ranking than predicting class
labels or relevant scores. List-wise methods [30] leverage the entire list of items related
to the user to optimize a list-wise ranking function that measures the distance between the
reference lists of ranked items in the training data and the ranked list of items produced by

the ranking model.
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2.5. OTHER RELATED WORK

In this section we discuss some of the work that is closely related to the techniques
adapted in the developed frameworks. Chemla et al. [31, 32] developed the static re-
balancing problem paper, which deals with balancing Demand/supply of bikes. The paper
addressed the problem of redistribution of bikes to different locations. It presents efficient
algorithms for solving instances of reasonable size, and contains several theoretical results
related to this problem. Faghih-Imani et al. studies the decision process involved in
identifying destination locations after picking up a bicycle from a shared-bike station, in the
form of a multinomial logit model[33], The paper by Chen et al. [34] developed a dynamic
cluster based model to predict over demand of bikes taking into account the common
contextual factors opportunistic contextual factors that affect the bike usage pattern. Work
by Yang et al. developed a spatio-temporal bicycle mobility model based on historical bike-
sharing data, and devised a traffic prediction mechanism on a per-station basis[35]. Zhang
et al. introduce a new trip destination prediction and trip duration inference model on the
basis of analyzing individuals’ bike usage behaviors on traditional bike sharing systems[36].
Singla et al. developed a incentivizing approach for balancing bike sharing systems. The
authors develop a model to engage the users themselves to solve the imbalance problem
in bike sharing systems by providing them incentives to ride bikes from station suffering
from demand shortage of bikes[37]. Liu et al [38] developed a model for bike re-balancing
and data optimization. Meng et al. [39] wrote a paper in which they developed a complete
methodology for introducing bike-sharing systems. The developed methodology takes into
account potential demand for bicycle use and the willingness to pay of future users for
faster journey times, and also introduces a location model for fixing the bicycle pick-up
and drop-off stations made with the help of a geographical information system. Lin and
Yang studied the strategic planning of public bicycle sharing systems while considering the
interests of both users and investors, the developed model attempts to determine the number

and locations of bike stations[40]. Caggiani et al. developed a flexible fuzzy decision
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support system for the redistribution process in traditional bicycle sharing systems with
the main aim to minimize the redistribution costs for bike-sharing companies, determining
the optimal bikes repositioning flows, distribution patterns and time intervals between
relocation operations; overall the objective was of a high level for user satisfaction[41].
Froehlich et al. developed a model which adopted a Bayesian network to predict station
status based on the current time and current available dock number[42]. Kaltenbrunner et
al. [43] developed a short term prediction of the number of available bikes in stations via the
analysis of cyclic mobility patterns. It detects temporal and geographic mobility patterns
which are applied to predict the number of available bikes for any station. The predictions
are used to improve the bicycle program. Li et al. developed a hybrid and hierarchical
prediction model to predict the number of bikes that will be rented from/returned to each
station cluster in the early future[44]. Espegren et al. wrote a a paper that considers
the static bicycle repositioning problem (SBRP), which deals with optimally re-balancing
bike sharing systems (BSS) overnight by using service vehicles to move bikes from full
stations to empty stations. A new and improved mathematical formulation for the SBRP
is developed[45]. It makes fewer assumptions and considers factors such as heterogeneous
fleet, multiple visits to each station, and non-perfect re-balancing. The above models choose
clustering based approach, decision based approach, incentivizing approach, or static re-
balancing approach to answer problems such as balancing demand and supply of bikes,
redistribution of bikes. These models tend to ignore the unique nature of stationless bike-
sharing systems where the user gets to pick up and drop off a bike at any location. They
tend to focus on the static location-based information, ignore the temporal aspect, and suffer
from data sparsity problems. In the developed modality aware framework, by modeling
the spatiotemporal data as a multimodal tensor we focus on both the spatial and temporal

aspects of the data. We also leverage the use of tensor factorization to predict missing data
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values, which further enhances the ability of the developed model to address the problem
of balancing demand and supply of bikes, redistribution of bikes, and identifying regions
with parking problems.

Our work is also very closely related to Tensor Factorization. Rendle et al. developed
Factorization machines that combines the advantages of Support Vector Machines (SVM)
with factorization models[46]. Xiong et al. developed a temporal collaborative filtering
with bayesian probabilistic model using tensor factorization[47]. The work by Oentaryo
develops a Hierarchical Importance-aware Factorization Machine (HIFM), which provides
an effective generic latent factor framework that incorporates importance weights and
hierarchical learning[48]. The work by Karatzoglou introduces a Collaborative Filtering
method based on Tensor Factorization (TF), with types of context considered as additional
dimensions in the representation of the data as a tensor[49].The work by Rendle et al. [50]
presents the factorization model PITF (Pairwise Interaction Tensor Factorization) which is
a special case of the tensor decomposition model with linear runtime both for learning and

prediction.
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3. COLLECTIVE REPRESENTATION LEARNING FRAMEWORK WITH
FEATURES IMPORTANCE

In this section, a collective embedding framework that leverages the use of auto-
encoders and Laplacian score to learn effective embeddings of spatiotemporal networks of
urban communities is presented. In addition, it also introduces a novel weighted degree
centrality measure for constructing spatiotemporal heterogeneous networks. To evaluate
the performance of our developed model, it is tested on real-world urban community
data. Experimental results demonstrate the effectiveness of our model over state-of-the-art

alternatives.

3.1. BACKGROUND AND OVERVIEW

Many machine learning and deep learning models struggle when dealing with high
dimensional data. The curse of dimensionality is one of the major problems that these
models have to address when dealing with real-world data as they are heterogeneous.
Operating on high dimension data is computationally expensive both in terms of time and
space. Many of the features in the data can be highly correlated and carry little to no
statistical significance. Contrarily, these features can make the model overfit and affect its
interpretability. Hence, it is necessary to reduce the data dimensionality and select the most
important features.

Consequently, many machine learning models use filter or wrapper based feature
elimination methods as a way to deal with this problem. Filter methods use some math-
ematical evaluation function that is based on intrinsic characteristics of the features, like
correlation or mutual information. Wrapper based methods adopt more of a greedy search
approach by evaluating all the possible combinations of features against the evaluation cri-
teria. In recent years, feature extraction methods or representation learning models have

also proven to be quite effective in addressing the high dimensionality problem as they are
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capable of capturing lower-dimensional representations of the data that can reduce variance
and support effective machine learning. However, most of these models are ineffective when
dealing with high-dimensional spatiotemporal data. Models using filter or wrapper-based
techniques tend to be compute-intensive. These models also lack an efficient approach
to quantify the interconnectedness strength of nodes in SHNs. Hence, they struggle to
extract and organize the discriminative information from the complex spatial and temporal
relationships that exist between real-world objects.

Learning efficient embeddings of a spatiotemporal heterogeneous network (SHN)
can be quite challenging due to the complex nature of the relationships it encompasses.
Figure 3.1 presents an example of a region’s SHN, where nodes are Point of Interests (POIs)

and edges are comprised of sptiotemporal relationships.

Figure 3.1. SHN depicting human mobility between POIs

We have to consider the static spatial relationships that pertain to geographical struc-
tures and take into account the dynamic mobility patterns that exist between geographical
structures. By analyzing spatial relationships we can learn about the spatial allocations

and the significance of geographical structures. By studying mobility patterns we can learn
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about the dynamic nature of the relationships between geographical structures. Effective
analysis of these factors can help us better understand the evolution of cities and boost
commercial activities. All the above overlapping factors suggest the need to study how
to quantify and discover urban community structures. However, due to the heterogeneous
and complex nature of urban communities, learning urban community structure can be

challenging. Three unique challenges that arise in achieving this goal are:

* Efficient representation of spatial and temporal aspects of an urban community as a

set of SHNs.

* Collectively learning the embeddings of geographical structures from multiple SHNs.

* Mapping Point Of Interest (POI) Embeddings based on feature importance for learning

effective representations of urban communities.

In what follows, we outline how we develop a unified approach for tackling these challenges.
Influenced by representation learning, we develop a deep autoencoder based collective em-
bedding framework to learn the embeddings of urban SHNs. We approach the problem of
learning urban community structure as an SHN representation learning task. The developed
framework can collectively learn the embedding of community structures from spatiotempo-
ral autocorrelation among multiple SHNs by combining static geographical structures data
with dynamic human mobility data as periodic spatiotemporal heterogeneous networks.
We first construct a set of SHNs using a new weighted degree centrality measure.
We then utilize the developed collective embedding framework for learning the embeddings
of important geographical structures or points of interest (POI) from multiple SHNs. We
also leverage the use of Laplacian scores [51] to ascertain the importance of latent features
in the generated embeddings and in turn preserve the intrinsic structure of the network.
This approach helps us to effectively regularize the model and enhances generalization

capability.
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We evaluate the performance of our developed embedding framework on the task
of identifying thriving urban communities in a region and by comparing the quality of the
learned embeddings against state-of-the-art network embedding methods. Our experimental
results show that the developed method outperforms all alternative approaches in most of
the qualitative measures used.

Overview. The remainder of this Section 3 is organized as follows. In Section
3.2, we provide the problem definition for a deep autoencoder based collective embedding
framework. Section 3.3 gives detailed information about how we quantify thriving communities.
Section 3.4 provides details about the framework of our developed model. In Section 3.5,
we report the experimental results of our developed model. Section 3.6 provides a brief

review of related work. Finally, we conclude in Section 3.7.

3.2. PROBLEM STATEMENT

This section provides some key definitions to formulate the problem of learning the
embeddings of urban SHNs and also give a brief overview of the developed framework. The
following definitions are initially stated to help break down the problem and then formalize

the community learning problem.

Definition 1: (Urban Community): An urban community cj is made up of multiple resi-
dential and commercial buildings. It also consists of many geographical structures (POIs)

that provide a variety of urban functions and living services to residents of the community.

Definition 2: (Spatiotemporal Heterogeneous Networks): SHNs encapsulate the complex
spatial and temporal relationships that exists among real-world objects. Here, POIs are
considered as vertices and the frequency of human mobility between POIs are weighted
links between POIs. It can be represented as a SHN, S = (P, E), where P = {p;},_;

are POIs as nodes, and e; ; = (p;, p;) € E is a link indicating human mobility relationship

between two vertices.
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Definition 3: (Periodic SHNs): The human mobility patterns between POIs are captured
based on different time intervals. This is done to accurately capture the generalized dynamics

of human mobility. For each day of the week seven periodic SHNs are extracted.

Definition 4: (Community SHN embedding): A community SHN embedding is a vector
representation of the SHN of a community. The vector representation encapsulates the static
spatial configuration of POIs as well as the dynamics of human mobility of the respective
community.

Problem Definition. Given a set of periodic SHNs S (k) = {s’l‘ , s’z‘ , s’;} We
formulate a function f (c¢) = S¥ — R that projects each vertex v € V to a vector in d such

that static and dynamic relationships within the SHN of a community are preserved.

3.3. QUANTIFYING THRIVING COMMUNITIES

Presence of thriving communities in a region can help us understand the evolution
of cities and urbanization in general. Efficient representation of spatial and temporal aspects
of an urban community as a set of SHN can help us gain valuable insights. A significance
of a community can be measured based on the number of people visiting a community,
and on the variety of services a community can provide. The number of people visiting a
community can be calculated as a density measure based on the POI check-in activity within
the region. The variety of services a community provides can be calculated as a diversity
measure based on the presence of different categories of POIs and number of POlIs in a
community. This approach helps us avoid considering densely packed and economically
poor regions as thriving communities as they lack in terms of the variety of services a
thriving community can provide.

Here, we develop a function to measure the significance of the community based on
the diversity and density aspects of a community. Density of a community a community cj

is measured as the sum of number of check-in activities for POIs within a community:
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n

den(cy) = Z visits(p;) 3.1

i=1
where, den(cy) is the density measure of the community cy and visits(p;) is the number of
visits to the i'" POI
Diversity of a community ¢ is measured by considering the number of POIs present in the

community as well as the number of POI categories:

lr'lzlpi(Pi_l)

div(cp) =1- P.(P.—1)

(3.2)

where, P; is the total number of POIs in individual POI categories and P, is the total
number of POI categories.
Finally, we measure the significance of a community c; by fusing density and diversity

aspects of the community:

Sig(cyr) = den(cy) X div(cy) (3.3)

Once the significance scores of all the communities in a region are calculated, the signifi-
cance scores of individual communities are normalized:
Sig(ck) - Sig(ck)min

oo . 34
lg(C'k) o Slg(ck)max - Slg(Ck)min oY

We use the developed function to measure the significance score of each community.

Based on the significance score, the problem of identifying thriving communities is modeled.

3.4. METHODOLOGY

In this section, we describe our developed model. In Section 3.4.1 we elaborate on
the process of constructing SHNs. Then, we introduce our developed collective embedding

framework in Section 3.4.2 that is used to generate embeddings from the periodic SHNs.
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Finally, in Section 3.4.3 we implement a weighted node centrality based method to sys-
tematically align and aggregate POl embeddings for community structure representation
learning.

3.4.1. SHN Construction. Due to the heterogeneous nature of large scale SHNSs,
it is challenging to ascertain the connectivity measurements between POIs of a community.
Ideally, to estimate the connectivity between two POIs we would directly count the total
number of visits between them. However, real-world data is messy, and we don’t always
have exact details about the origin POI or destination POI. This is because spatiotemporal
data is collected from numerous sources like smartphones, bike pickup and drop location,
social media check-ins, etc. For instance, data from Mobike trips might include a start and
an endpoint, but they don’t always accurately represent the exact origin POI and destination
POI. Hence, we use a probabilistic function as an estimation method that fits spatiotemporal
data from various sources and does not require exact origin POIs and destination POls.

We first calculate the possibility of a person visiting a POI using Equation 3.5. The
equation adheres to the power law distribution which aligns with the fact that people tend

to visit POIs which are at close proximity:
P(x):&-y-exp(l——) (3.5)
B2

where, variable y represents the distance between the original drop-off point d and the
destination POI p. [ and [, are the hyperparameters used to control the shape of the
function P (x).
The total number of times a POI p; is visited by users is calculated by aggregating all the
drop off points:

7(p) = ), P(dis(d,p) (3.6)

deD

where, D is a set of bike drop-off points in the community.
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We then calculate the connectivity measure between a pair of POIs as weighted
links by multiplying the 7 (p;) with 7 (p;), to describe the possibility of users visiting p;
from p;. Based on the human mobility we can quantify the connectivity between p; from

pi. The calculation can be formulated as:

t(pi)-T(pj), ifi#]
Tij = (37)

0, ifi=j

Once the weights of the links between vertices (POlIs) are calculated, we can find
the degree centrality measure of vertices in the SHN. For quantification of an SHN’s
interconnectedness strength a great variety of centrality measures have been developed
[52, 53, 54]. The degree centrality measure (DC) is one of the simplest centrality measures,
it uses the number of links between vertices as an indicator of a vertex’s interconnectedness.
The DC measure only concerns networks based on the presence or absence of a link between
vertices. However, this approach, when applied on weighted networks will result in loss
of information. An increasing number of studies have been focused on finding appropriate
measures for weighted networks [52, 55, 56].

In weighted networks, DC is calculated as the sum of weights of links assigned to
vertex and represents vertex strength centrality (SC). This method of calculating weighted
node centrality may not be optimal as it ignores the individual link weight imbalance factor.
Vertices having the same DC and SC but having varying levels of link weight imbalance
will be represented as having equal importance. To capture the complex spatiotemporal
relationship that exists between vertices of an SHN we need to overcome this disadvantage.
To address this problem we formulate a weighted centrality measure that assigns a calculated

degree centrality score while accounting for the link weight imbalance factor:

n

1
WDC, =~ > 1 {puea, = 1} (3.8)
i=1
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where, WDC,, represents weight centrality measure of the vertex. p.cq; is the weighted
cumulative distribution value of link weight p,,,. u is the mean of {chdi, ..... , chd,,}-
The weighted cumulative distribution value P,, 4, is calculated as:
1 n
Pwedi = m—— Y Pwir if P, < P (3.9)

i=1 Pwi ‘o

where, P, is the link weight instance of connected vertices and P,, is current vertex link
weight.

Figure 3.2 shows three scenarios where vertices Py, Py, and P, with varying levels
of link weight imbalance have the same DC and SC scores. We can see that the traditional
approach for calculating DC and SC does not work here. By using the developed weighted
degree centrality measure (WD C),) we can more accurately quantify the interconnectedness

strength of individual vertices in a network.

Example 1 Example 2 Example 3
DCp =5 DCp, =5 DCp, =5
SCp, =100 SCp, =100 SCp, =100
WDCp, =1 WDCp, =0.4 WDCp, =0.2

Figure 3.2. Three examples where traditional approach of measuring degree and strength
centrality does not work.

By using the above steps for accurate representation of SHNs we construct seven
periodic SHNs for each day of the week S (k) = {s’l‘ , s’z‘ , s’7‘} of community c,. Here,
the SHNSs represent the urban community and vertices of SHNs are POIs of the urban

community. The SHNs are then fed into the collective embedding framework to capture the

static and dynamic relationships of urban communities.
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3.4.2. Collective Embedding Framework. In this section, we elaborate on the
deep autoencoder based collective embedding framework. Here, we give the detailed
architectural information about the collective embedding framework for learning community

structure from periodic SHNs. The architecture of the developed framework is shown in

Figure 3.3.
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Figure 3.3. Collective embedding framework

The general idea behind an autoencoder is to learn the nonlinear relationship between
data samples via an encoder to a hidden layer. The hidden units are then used as the new

features by decoders to reconstruct the data:

h,‘ =0 (w,~e,~ + b,) 16 =0 (Wj]’l,' + b]) (310)

where h; € R" is the hidden representation, and é; € R¢ is the reconstruction of normalized
input. w; € R™4 gnd w j € RI*" gre the weight matrices, and bias vectors b; € R" and

b; € R". o is an activation function.



24

A traditional auto-encoder for learning the embeddings of the constructed periodic
SHNs is not suitable as it can only take one input during each training iteration. To
overcome this, A collective learning method is implemented to learn the embeddings of a
community’s SHN from the inter-correlations of multiple periodic SHNSs that capture the
spatiotemporal dynamics of the community structure.

Given a community ¢, the i row of the constructed periodic SHN Sék) represents
the i'" POI p(k) on the day d of the week. For each POI pfk) there are seven vectors { p(?}
for each day of the week. These seven vectors are used as inputs for POI p;. An embedding
ensemble method is used after the last layer of the encoder part of the auto-encoder to

handle the multiple inputs problem. The encoding step is formulated as:

o ((k)l (k) b(k)l)Vde{IZ 7Y

yl(k) 0+1 (Zd Wl(];) 0+1yt(l;)0 +b(k) 0+1) ’ (311)
Zi(k) - (W(k),a+2yl(k),o+1 +b(k),a+2)

(k)

where, z;"" is the lower dimensional space in which encoding of p; is stored. w and b

denote the weight and bias, respectively.

In the decoding part of the the auto-encoder, we use sz)

) We pass zl(k)

as the input and the final
output is reconstructed as p, as seven latent vectors for each day of the
week and then reconstruct embeddings at each hidden layer. The relationship among these

vector variables can be denoted as:

i

o+l _ O_( (k).042,, (k) + h, 0+2)

St = (nEs (k)+b(k)1)\7’de{1,2,....,7}, (3.12)

~(K) NORINOREFA(ON
P; (’( Wia Jia tbig )

A(k)

where, p;" is the reconstructed vector. w and b denote the weight and bias, respectively.



25

We then formulate the loss function by aggregating the loss of each day d:
2
b = (k) _ 5(k)
L = Z ZH(pi,d _pi,d)H2 (3.13)
de{1,.7} i

(k)
id

represents the original POI vector and pAfl;) is the predicted vector.

where, p

3.4.3. Mapping POI Embeddings Based on Feature Importance. With the de-
veloped framework, we obtain the SHN embedding of POIs. However, our main aim here
is to learn the embeddings of urban communities as a whole. As an urban community
encompasses multiple POIs, we aim to map the learned SHN embeddings of POIs based on
feature importance to obtain the representations of urban communities.

Since the size and structure of SHNs vary over different urban communities we
approach the task of learning the embeddings of urban communities by mapping learned
individual POI embeddings with their respective POI categories. Then, we align the POI
category embeddings to their respective urban community embeddings. We order individual
POIs with their respective POI categories as the number of POI categories is fixed in every
urban community. This helps us deal with the varying structure of urban communities.

The task of mapping learned individual POI embedding with their respective POI
categories can simply be achieved by summing up the learned embedding of all the POIs
that belong to a particular POI category. However, such a simple approach can be ineffective
when dealing with POI embeddings as we cannot ignore the importance of latent features.
Each feature encapsulates different characteristics of a POI that can give us insights about
the nature of relationships. To quantify the importance of each latent feature we develop
the following approach.

To ascertain the importance of latent features in the learned embeddings we leverage
the use of Laplacian score [51]. It is used to measure the similarity between two sample
features. It calculates the locality preserving power of a feature which inn turn indicates its

significance. It is based on the observation that two training samples belong to the same
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feature set if they are close to each other:

I Sij (i = 1) S
" Var (f.)

(3.14)

where, f,; and f,; are the i'"" and j™" sample of feature r, Var (f,) is the estimated variance
of the r'" feature, and S;, j is the edge weight.

The edge weight S; ; between data points x; and x; is calculated as

Sl',j =e t (315)

where, t is number of edges linking x; and x ; with other data points.

The Laplacian score function aims to identify the feature samples that are more
similar. It tends to be small for training samples belonging to the same feature set. The edge
weight between a pair of POIs is calculated by measuring similarity between embedding

vectors of two POIs using improved sqrt-cosine similarity [57]:

> VpS® [i,r] x S®) [f,r]

ISCsim,-,j =
\/Z pS® [i,r]* x \/Z pS® [j,r]?

(3.16)

where, S®) represents the embedding vectors of all POIs in the community cx, r is the of
' feature in the POI embedding vector.

Given the r” feature in the POI embedding vectors the Laplacian score is calculated as:

2
S0 _ a0 -
Sy (S5 = 800) 15Csimy;

Var (SE"))

Lw, = (3.17)

where Lw, represents the Laplacian score of the r'" feature, S ﬁk) represents the ry, feature

of POI embeddings in the community cy, and ISCsim; ; is the edge weight
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Using Equation 3.13, the latent feature weight set w (k) = {Lw’l‘, Lw’z‘, ....Lw,’j} is ob-

tained.

SO [y, r] = Z S® i, r] x w (3.18)
pi€D,

where 8K is the POI-category embedding graph for the community cy, and ®,, is the v,
POI category.

The POI category embeddings are then mapped to community embeddings. Given
a community ¢y, each row of $®) is aligned into a vector to form community embedding
S such that S = (SA'(") [1,%],8%) [2,%],....... , S [y, *])T. S is the output of the

developed representation learning framework.

3.5. EXPERIMENTAL SECTION

The performances of the developed model is evaluated against baseline models on
real-world urban community and human mobility datasets.

3.5.1. Data Description. This section, provides details about the Mobike, POI, and
Weibo & Jiepang datasets used for evaluation. Table 3.1 shows the statistics of the datasets
mentioned above.

Table 3.1. Datasets Statistics.

Data Sources Attributes Statistics
#trip records 3,214,096
Mobike Trips
# users 349,693

Trip start time
Trip start location

Trip end location

Bike id
Time period of records 051072017 -
05/24/2017

Number of POIs 328,668
POIs # POI categories 20

# Check-In 2,020,967
Weibo & Jiepang # users 212,362

POI Name

POI Location

POI address
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Mobike, the stationless bike sharing company, released its Beijing city trip dataset
in the 2017 Mobike Big Data Challenge. It contains details of 3,214,096 trips. It includes
information about the number of users, trip start time, trip endtime, bike id, trip start
location, and trip end location. The POI data set for the city of Beijing was acquired
from www.dianping.com, which is a commercial review and recommendation website. It
contains details about 328,668 POIs divided into 20 different categories like Hospitals,
Malls, Restaurant, theaters, etc. The Weibo & Jeipang datasets together include 2,020,967
check-in entries of POIs in Beijing. It contains details like POI name, POI check-in time,
POI address, and POI location.

3.5.2. Spatiotemporal Heterogeneous Network Construction. To evaluate the
effectiveness of our developed model on very large and complex SHNs, we construct an
SHN from Mobike, POI, and Weibo & Jeipang datasets. This section provides information
about the steps followed to construct the SHN. We integrated the POI dataset, Weibo
& Jeipang dataset with the Mobike dataset to assimilate the rich multi-class human
mobility relationships and the geospatial relationships that exist within the POI dataset.
To summarize, our SHN is comprised of 1,765,025 vertices and encapsulates multi-class
spatial and temporal relationships like visits per day, average commute speed, geographic
proximity, POI categories, number of individual user visits, and average visits.

Additionally, we classify a region as an urban community if the region consists of
one or more residential complexes and is surrounded by multiple POIs (within the radius of
1km) that provide various services.

3.5.3. Identifying Thriving Communities. We model the problem of identifying
thriving communities as a Learning to Rank (LTR) task. Based on the analysis of the
significance score we observe that its distribution complies with the power-law distribution.

We notice that only a very few communities have a high significance score; whereas, the
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majority of the communities have scores that are close to or below the mean value of
significance score. From the curve, we identify 4 inflection points. These points are used

as 4 measures on which we rank the communities, Figure 3.4.

Community Significance score

500 1000 1500
Communities

Figure 3.4. Analysis of urban communities

3.5.3.1. Effective feature set selection. For the task of identifying thriving com-
munities and for evaluating the effectiveness of the latent features learned from our model

we compare it with explicit features extracted from the data.

» Explicit Features (EF):Features like POI numbers per category, average commute dis-
tance, average commute speed, average commute time, number of check-ins, average

distance between POlIs explicitly pertaining to the data are used.

* Latent Features (LF): Features from the network embeddings generated by the

developed collective embedding framework.

3.5.3.2. Baseline models. Applicationrelated ranking methods are used to demonstrate
the effectiveness of our method.Six Learning to Rank (LTR) methods as baselines are se-

lected for comparison.



30

AdaRank (AR) [58]: This is a learning algorithm within the framework of boosting.
It works by repeatedly constructing weak rankers based on re-weighted training data.
It then linearly combines the weak rankers for ranking prediction. It can minimize a

loss function directly defined on the performance measures.

ListNet (LN) [59]: ListNet is a probabilistic method with two probability models
called permutation probability and top one probability that define a listwise loss

function for learning.

Random Forest (RF) [60]: This method works by building an ensemble of decision
trees that are trained using the bagging method. It works on the idea that the

combination of learning models increases the overall results.

Multiple Additive Regression Trees (MART)[61]: This is a boosted tree model in
which the output of the model is a linear combination of the outputs of a set of

regression trees.

RankBoost (RB) [62]: RankBoost is a boosted pairwise ranking method, which trains

multiple weak rankers and combines their outputs as final ranking.

RankNet (RN) [63]: RankNet uses a neural network to model the underlying probabilistic

cost function.

3.5.3.3. Parameter setting. We use the ranklib2 Python library for implementing

the 6 LTR algorithms. For ListNet and RankNet we set learning rate = 0.001, number of

hidden layers = 1, the number of hidden nodes per layer = 10, and the number of epochs to

train= 500. For RankBoost we set the number of iterations = 500, and number of threshold

candidates = 10. For MART we set number of trees = 300, number of leaves = &, threshold

candidtes = 256, and learning rate = 0.1. For Random Forest we set number of bags = 300,

sampling rate = 0.5, number of trees = 8, number of leaves = 100. For AdaRank we set
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number of epochs = 500, tolerence = 0.002, max sampling = 5. We split 75% of dataset into
training dataset and the remaining 25% is used as testing dataset. The ranking relevance
for communities is based on the significance score Sig(cy).
3.5.3.4. Evaluation metrics. (1) Normalized Discounted Cumulative Gain (NDCG):
This metric is based on the ideal discounted cumulative gain (DCG). NDCG at the n'h
DCGn]

position is computed as NDCG [n] = DG [n]*

(2) Fl-score: Fl-score is a measure of a test’s accuracy. It incorporates both precision and

2precisi0n><recall

recall in a single metric by taking their harmonic mean. F1 = 25"————
precision+recall

(3) Kendall’s Tau Coefficient (Tau) : Tau is a measure of rank correlation. We use it to
measure the overall ranking accuracy. Let us assume that each community 7 is associated
with a benchmark score y; and a predicted score f;. Then a community pair (i, j), (i, j) is
said to be concordant, if both y; > y; and f; > fj orif both y; < y; and f; < f;. Also,(i, j)
is said to be discordant, if both y; < y; and f; > f;. Tauis given by Tau = %
3.5.3.5. Results and analysis. Figure 3.5(a) and 3.5(b) show the NDCG and F1-
Score of the 6 baseline models for different values of N on both the explicit features
extracted directly from the dataset and latent features learned from the developed collective
embedding method. Figure 3.5(c) shows the overall ranking accuracy (Tau) of the 6 LTR
models on explicit features and latent features. In all baselines models, we can observe
significant improvements in performance when trained on latent features. The observations
made on the evaluation metrics NDCG, F1-Score, and Tau, demonstrate the superiority
of the latent features learned from the developed collective embedding framework. This
also shows that the constructed SHNs are capable of efficiently capturing the dynamic
and static information of communities. It also shows that our developed weighted degree
centrality measure for constructing SHNs can comprehensively and effectively represent

static geographical structures as well as dynamic human mobility aspects of a community.
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Figure 3.5. Overall performance comparisons of the LTR models on latent and explicit
features in terms of NDCG, F1-Score, and Tau.
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3.5.4. Evaluation of the Learned Embeddings. In this section, we evaluate the
quality of embeddings learnt from our developed representation learning framework (CEF-
A). We compare it against embeddings learned from other state-of-the-art network embed-
ding methods.

3.5.4.1. Baseline models. We use the below three network embedding methods as

baselines for evaluating the efficiency of the learned SHN embeddings.

e LINE [13]: LINE can preserve both first-order and second-order proximities for
the undirected network through modeling node co-occurrence probability and node

conditional probability.

* GraRep [12]: GraRep preserves node proximities by constructing different k-order

transition matrices.

* Node2vec [10]: node2vec develops a biased random walk procedure to explore the
neighborhood of a node, which can strike a balance between local properties and

global properties of a network.

3.5.4.2. Parameter setting. We use the OpenNE Python toolkit to implement
LINE, GraRep, and node2vec models. For node2vec methods, we set the window size
= 5, for each vertex we set walk length = 10, and we set the number of walks = 15.
For LINE we set negative samples = 5, and the learning rate = 0.025. For GraRep we set
maximum matrix transition step K=6.

3.5.4.3. Results and analysis. We use the three baseline models to generate embeddings;
the learned embeddings are then passed as inputs into the 6 LTR algorithms to examine
the effectiveness of the learned embeddings. We use NDCG as the evaluation metric, and
evaluate for different values of N. We then compare the performance of our model against
LINE, GraRep, and node2vec models. Table 3.2 shows the experimental results. We can

see that our developed framework (CEF-A) outperforms the three baseline models.
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Table 3.2. Representation learning evaluation

Baseline Models | NDCG—N=5 | NDCG—N=10 | NDCG—N=15 | NDCG—N=20
CEF-A 0.467 0.725 0.772 0.805
LINE 0.112 0.162 0.193 0.445
AdaRank GraRep 0.402 0.385 0.227 0.410
node2vec 0.327 0.612 0.502 0.431
CEF-A 0.512 0.783 0.906 0.928
LINE 0.246 0.105 0.336 0.591
ListNet GraRep 0.397 0.336 0.273 0.412
node2vec 0.407 0.591 0.441 0.539
CEF-A 0.237 0.421 0.541 0.595
LINE 0.231 0.310 0.413 0.364
MART GraRep 0.164 0.375 0.397 0.412
node2vec 0.249 0.372 0.451 0.460
CEF-A 0.416 0.487 0.615 0.709
LINE 0.171 0.408 0.162 0.461
Random Forest | GraRep 0.342 0.183 0.187 0.438
node2vec 0.369 0.434 0.426 0.526
CEF-A 0.592 0.683 0.8 0.916
LINE 0.117 0.409 0.173 0.192
RankBoost GraRep 0.351 0.330 0.216 0.234
node2vec 0.538 0.546 0.398 0.371
CEF-A 0.381 0.427 0.75 0.93
LINE 0.282 0.392 0.497 0.415
RankNet GraRep 0.238 0.364 0.459 0.389
node2vec 0.147 0.269 0.308 0.406

3.6. CONCLUSION

In Section 3, a novel collective deep autoencoder based embedding framework
for efficiently capturing higher-order spatial and temporal interactions of real-world SHNs
is introduced. To effectively explore potential spatial and temporal relationships among
vertices we employ weighted degree centrality measure which enables us to build spatial-
temporal heterogeneous networks that unify and represent static POIs and dynamic human
mobility records. To learn the embeddings of POIs from the periodic spatiotemporal
mobility graphs, we then develop a deep autoencoder based embedding framework for
learning community structure from periodic SHNs. This helps us effectively capture the
latent features between POIs in a community. We further develop a mapping procedure that
leverages the use of Laplacian score. This approach helps us quantify the importance of

each latent feature. It helps us learn community embeddings based on the POI embeddings



35

learned from the developed framework. To evaluate the performance of the developed
approach, we applied it to predict thriving urban communities from real-world datasets.
We also evaluate the quality of the learned embeddings against state-of-the-art network
embedding models. Experimental results show that the embeddings learned from our
developed framework can capture the intrinsic structure of the urban community more

accurately, and outperforms state-of-the-art alternatives.
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4. MODALITY AWARE REPRESENTATION LEARNING FRAMEWORK

In this section, a multidimensional tensor framework which learns from the complex
user mobility pattern is presented. It addresses the station-less bike sharing challenges posed
by multi-dimension data with spatial and temporal attributes. Specifically, it attempts to
resolve some of the problems faced by stationless bike sharing systems. Primary challenges
associated are identifying regions within the city suffering from demand shortage of bikes,
supply shortage of bikes, and regions with parking problems. The Mobike dataset for the
city of Beijing is used to evaluate the presented framework, and the experimental results

show the superior performance of the developed framework.

4.1. BACKGROUND AND OVERVIEW

The world has witnessed a rise in popularity of station-less bike sharing systems in
recent years, with many cities all over the world implementing them. These station-less
bike sharing systems have become especially popular in metropolitan cities like Beijing as
they not only help ease the pressure of public transportation systems and help reduce traffic
congestion in cities, but also provide an affordable and green way for daily commuters to
travel from point A to point B. The station-less bike sharing systems are inherently different
from regular bike sharing systems as the bikes are not tied down to stations. With regular
bike sharing systems, the commuters need to pick up bikes from a station closest to them
and then drop it off at a station nearest to the user’s end location. Due to this kind of
system, the regular bike sharing systems fail to address the commuter’s last mile problem
in which commuters face the problem of being stuck in a place in between their destination
location and the bike station to justify the effort of picking up and dropping off the bike.
However, with their ability to be station-less, the station-less bike sharing systems have been
successful in addressing the commuter’s last-mile problem. With station-less bike sharing

systems, commuters don’t have to face the last mile problem of having to pick up the bike



37

from a station and then park the bike back in a station at the end of the trip which may or
may not be close to their original starting or destination location. Station-less bike sharing
systems offer commuters the flexibility of picking up a bike from any location and then at
the end of the trip just park the bike at a location most convenient to them. The whole
system is managed using an app on the phone. Users can check for any available bikes near
them using the pre-installed station-less bike app on their phone, the app displays bikes
nearest to them. The user then picks a bike from the available ones for his/her trip. After
the completion of the trip the user can park the bike at any point and then lock it, which
signifies the end of the trip. The app records details of the trip like check-in/out time and
the distance traveled based on which a fee will be charged.

Along with all of these advantages, due to the distinct and unique nature of station-
less bike sharing systems where the user gets to pick up and drop off a bike at any location,
they are facing new challenges which need to be addressed and solved. Three of the primary
challenges are identifying regions within the city suffering from demand shortage of bikes,
supply shortage of bikes and regions with parking problems. Since a user can pick up and
drop off a station-less bike at any arbitrary location, the task of identifying regions suffering
from these problems has become even more of a challenge. As a result busy streets of cities
like Beijing are being flooded by thousands of bikes parked everywhere as shown in 4.1.
This in turn is adding to the already existing parking and traffic congestion problems.

The main contributions of the developed framework are:

* We develop a multidimensional model to address some of the major problems being

faced by the station-less bike sharing systems.

* Our developed framework can successfully identify problem areas within the city for
different periods of time. Our model also incorporates a clustering model in addition

to multiple dimensions.



38

Figure 4.1. Streets of Beijing overflowing with bikes

* In-order to deal with this kind of high amount of data as well as data sparsity we

implement tensor factorization.

* We evaluate our model over Mobike datasets with more than 3.2 million trips in the
city of Beijing. The experimental results verify the effectiveness of the developed

model compared with baseline models.

4.2. DATA DESCRIPTION

In this section, we provide details about the Mobike and POI data sets that we have
used in developing our multidimensional tensor model based on Tensor Factorization. Table
4.1 shows the statistics of our real-world data sets.

The Mobike trip dataset was released by Mobike in the Mobike Big Data Challenge
2017. The dataset is from the time period of May-10 to May-24 of 2017. It contains details
of 3,214,096 trips along with 7 attributes associated with them. For each trip the associated
attributes include details like the userid, orderid, trip start_time, trip start_location, trip
end_location, etc. The initial data analysis revealed that the 84.29% of the entire dataset

was made up by loyal users of Mobike who had regular routes and fixed patterns of bike
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usage. Out of the remaining 15.71% of the data which was made up by new/fickle users,
2.92% of the users had similar bike usage patterns and routes as the loyal users, and the
remaining 12.83% of the data was generated by new/fickle customers who did not have
the same bike usage patterns and routes. With these results we were able to conclude that
87.22% of the data had similar pattern. During the data analysis we considered users who
rented bikes more than 7 times during the entire 14 days time period as loyal users and the
users who rented bikes less than 7 times were categorized as new/fickle customers. The
statistics from the analysis shown in Figure 4.2 drove us to the conclusion that the bike usage
data had a consistent pattern and can be used to our advantage while identifying demand

shortage regions, supply shortage regions and regions with parking problem.

410,681 45 g394

outliers

2,803,415

87.22%
similar bike usage pattern and routes

2.92%
504,836 15-71% similar bike
new/fickle 94,155 ysage pattern

users and routes

2,709,260
410,681

84.29% loyal users 12.83% Outliers

Figure 4.2. Data content identification

The POI data set for the city of Beijing was obtained from www.dianping.com,
which is a commercial review and recommendation website. It consists of 328,668 POI’s
divided into 20 different categories like Hospitals, Malls, Restaurant, theaters, etc. We use
the POI dataset to cross reference it with Mobike data and identify high activity regions

within the city.
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Table 4.1. Statistics of the datasets.

Data Sources Attributes Statistics
. . Number of trip records 3,214,096
Mobike Trips
Number of users 349,693

Trip start time
Trip start location
Trip end location

Bike id
Time period of records 05/10/2017 -
05/24/2017
Number of POIs 328,668
POIs Number of POI categories 20

4.3. PROBLEM DEFINITION AND FRAMEWORK

In this section we provide some key definitions and also give a brief overview of the
developed framework.

4.3.1. Problem Definition. We initially state the below definitions to help break
down the problem for better understandability. We then go on to give a more formal
definition of the problem as well.

Definition 1: (7rip): A bike trip is defined as Trip = {Tiq, Tsioc, TE10cT;}, Where Tiy

denotes the trip’s unique order id, 7s;,. consists of the latitude and longitude point of the
trip’s starting location, similarly 7g;,. consists of latitude and longitude point of trip’s

ending location, and 7; denotes the trip’ start time.

Definition 2: (Bike Supply Shortage Region): A region ris defined as a bike supply shortage
region S, at time ¢ if the number of ChecklIn bikes is smaller than the number of CheckOut

bikes.

Definition 3: (Bike Demand Shortage Region): A region r is defined as a bike demand
shortage region D, at time ¢ if the number of Checkln bikes is greater than the number of

CheckOut bikes.
Definition 4: (Bike check-in Tensors): The three dimensional bike check-in tensor can be
denoted as X € RP>/*K  The check-in tensor contains data about the number of bikes

checked in at a particular region for each day and hour.
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Definition 5: (Bike check-out Tensors): The three dimensional bike checkOut tensor can
be denoted as Y € R™/*K_ The check-out tensor contains data about the number of bikes
checked out from a particular region for each day and hour.
Definition 6: (Bike Parking Problem Region): A region r is defined as a bike parking
problem region P, at time ¢ if the total number of bikes present in region r at time ¢ is
greater than the predefined threshold P;,.

Problem Definition. Given a dataset consisting of bike trips along with their origin
location, destination location, trip start time, order id, user id, and POIs of a city, our

objective is to identify regions of the city with bike demand/supply shortage and parking

problems.
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Figure 4.3. Framework of the developed model

4.3.2. Brief Overview of the Framework. Figure 4.3 shows the framework of
our developed model. It consists of 4 major steps: preliminary data analysis and clus-
tering model, tensor construction and factorization, identification of problem areas and
optimization.

During the preliminary data analysis stage we leverage the POI data for the city of
Beijing along with the bike check-in/out data from the Mobike dataset and cross-reference
both of them to identify regions of the city with high activity. Then we construct 2 three
dimensional tensors, one for bike check-in data and the other for bike check-out data. Here,
regions, days and hours make up the 3 dimensions of the tensors. This enables us to capture

the check-in/out data of every region for each hour of each day. In the identification of
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problem areas step we use the two constructed tensors to identify total number of bikes
present in each region at specific times. We then use the resulting tensor to identify problem
areas. Since we are dealing with multidimensional data the parameters required to be stored
in a tensor can increase exponentially; additionally, to deal with the data sparsity problem

we develop using the tensor factorization method.

4.4. CONSTRUCTING MULTIDIMENSIONAL MODEL

We use context information to construct our multidimensional model.

4.4.1. Preliminary Data Analysis and Clustering. The flow of data analysis and
clustering is shown in Figure 4.4. We use the POI dataset for the city of Beijing to first
identify regions with highest number of POI’s in the city. The regions with higher number of
POIs are considered as high human activity regions. We then also analyze the bike check-in
and check-out data to identify regions which have high bike activity. We then cross-reference
the high human activity regions with high bike activity regions which enables us to identify
regions with highest activity in the city of Beijing in terms of POI’s and bike activity. After
identifying the highest activity regions we implement our clustering model on them to group
the locations within the regions into clusters, with each cluster having a radius of 500 mt
radius. Each cluster contains n number of both POI locations and bike check-in, check out

locations.

Heat map of POI dataset Heat map of bike check-in/out data

(1)

Clustering with 500mt radius Clustered regions

(2) (3)

Figure 4.4. Clustering model
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4.4.2. Tensor Construction. Based on the clustered model we take into account
clustered regions which can also be considered as virtual stations to construct 2 tensors,

one for bike check-in data and the other for bike check-out data as shown in Figure 4.5.

. Available Data . Missing Data

Regions
[/

Regions
[/

Checkin CheckOut

Figure 4.5. Check-in and check-out tensors

For both check-in and check-out tensors we represent each clustered region iy, i5....I,
as the first dimension. We represent days ji, j»....J, and hours inaday k1, k»....k, as second
and third dimensions. Check-in tensor X is represented as X € R"/*K and check-out tensor
Y is represented as Y € R/>*/XK,

4.4.3. Tensor Factorization. In-order to account for the missing data and to com-
press the data we implement tensor factorization using CP decomposition method[64]. We
use the SiILRTC algorithm[65] in-order to detect missing values in a tensor. With this
method we are not only able to retrieve the missing data but also will be able to store
the data in its compressed form which can be retrieved later on for any future operations.
The CP decomposition method factorizes a tensor into sum of a finite number of rank-one

RIX]XK

tensors. For example, given a third-order tensor M € we can write it as

R
MzZarob,ocr 4.1

r=1
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where R is a positive integer and a, € R/, b, € R/, and ¢, € RK. This can also be written

elementwise as
R
miji = E airbjrciy
r=1

fori=1,..,1,j=1,...,J,k=1,...,K.

4.2)

4.4.4. Fusing Tensors for Problem Area Identification. By fusing the two com-
pleted tensors we can identify demand/supply shortage regions and regions suffering from
parking problems. By fixing the two dimensions of the tensor and performing matrix
subtraction we are able to identify regions with demand/supply shortage problems. Now,
in-order to identify regions suffering from parking problems we analyze the data based on
the trip start time. By doing so, we were able to identify a pattern between bike usage and

particular hours in a day. Figure 4.6 shows the usage pattern.
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Figure 4.6. Bike usage pattern

We observed that the bike usage is high during 7AM and 8AM in the morning,
and during SPM, 6PM and 7PM in the evening. This is probably because of the number

of people going to work and coming back from work after a night shift in the morning
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and people returning back home after work or people going to watch a movie or eat at a
restaurant after getting off from work in the evening. This can be true not only for people
who are using bikes to commute but also for people who are using taxis, buses and other
means of transportation. We also observe a slight rise in bike usage from 11AM to 1PM.
This might be due to people going out for lunch during break and people coming in for
their afternoon shift at work. It is safe to assume that during these hours the probability of
a region suffering from traffic congestion as well as a parking problem is at its peak.

We detect regions with parking problems by initially setting a parking threshold
R,;. We set a parking threshold while taking into consideration the fact that we’re only
analyzing the dataset of Mobike and that there are multiple companies like Mobike offering
similar services whose bikes may also be present in the region being analyzed. We calculate
parking threshold for individual regions depending on the growth rate of bikes parked in
those regions. Given a region r and an initial parking threshold Pi;;, with number of bikes
parked in region r at hour O denoted as ;9 and number of bikes parked in region r at hour

23 denoted as r;h23; we can then determine parking thresholds of individual regions:

Ripr = Pigp + {[(V1ho/l”1h23)1/24 — 1] X Pi;}
Ropr = Pigy + {[(r2ho/r2ha3)'?* = 1] X Piy}
R3pr = Pigy + {[(r3h0/r3h23) % = 1] X Piyy}

Rapr = Pigy + {[(raho/raha3)'/** = 1] X Piyp}

(4.3)

Ruzipr = Pign + {[(raz1ho/Tn-1h23)V/?* = 1] X Piy}

Rupr = Pign + {[(rnho/rnha3)/** = 1] X Piy}
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The generic form of the equation can be written as,
Ript = Piey +{[(riho/rih23)'/** = 1] X Pigy} (4.4)

The parking threshold R;,; value differs for different regions. The region r is
considered as a region suffering from parking problem P, at time ¢ if the total number of
bikes present in that region is greater than the predefined threshold. Algorithm 1 gives the
details of the procedure. Based on this we are also able to determine that parking problem
of a region is independent of supply shortage and demand shortage factor of a region. It is

solely dependent on the predefined threshold and individual hours of a day.

Algorithm 1 Supply, Demand and Parking problem regions detection

Input: ChecklIn tensor X, checkOut tensor Y and set of parking thresholds p for different
categories

Output: Identification of demand shortage regions D,, supply shortage regions S, and
parking problem regions P,

Initialize tensors X and Y after fixing any two dimensions dy, d; provided both fixed
dimensions dy and d; are same for the two tensors.

if di,d> of X ==d, d, of Y then
Z=X-Y
if Zi,j,k > (O then
| Zijx =Dy
end
elseif Z; ; , < O then
| Zijk =S,
end
for Pi1,P2,P3...-Pn do
for fin [1,k] do
if r(Z; jx) > p then
| r(Zijx) = pr
end
end
end

end
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4.5. MODEL EVALUATION

We evaluate our model for two criteria: (i) We implement tensor factorization on
different ranks to test which rank gives the optimal accuracy while keeping the number of
parameters to be stored at an acceptable limit when the tensor is decompressed. (ii) We
test our model against different methods to examine the accuracy of the predicted missing
values recovered by implementing tensor factorization. Based on this we determine its
effectiveness.

Root Mean Square Error (RMSE)[66] measures how much error there is between
two data sets. In other words, it compares a predicted value and an observed or known

value. The formula for calculating RMSE is as below.

2
o« )

It quantifies how different a set of values are. The smaller an RMSE value, the closer
predicted and observed values are.

In-order to find the optimal rank we factorize our tensors on different ranks and
then check the RMSE error between the original tensor and the recovered tensor. In the
experiment we implement tensor factorization as well as matrix factorization [67] on the

data set while keeping the rank same for both the methods.

Table 4.2. RMSE values for different ranks

Matrix Factorization | Matrix Factorization | Tensor Factorization
Rank | RMSE Parameters RMSE | Parameters
1 5.04315 1286 3.16346 988
2 3.54652 2572 2.75363 1976
3 3.47987 3858 2.50851 2964
4 2.61652 5144 2.22143 3952
5 2.57374 6430 2.12987 4940
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The experimental results shown in Table 4.2 lead us to conclude that tensor factor-
ization not only provides better accuracy while reconstructing the original tensor from the
factorized tensor, but can also keep the number of parameters to be stored at minimal when
compared with matrix factorization.

For the second criteria we evaluate our model against other models to determine its
effectiveness. We test our model against Matrix Factorization and Linear Regression for
different percentage of missing data.

Matrix Factorization is one of the most widely used methods to predict missing
values and also to compress the data. Models based on Matrix Factorization(MF) have
received greater exposure, mainly as an unsupervised learning method for latent variable
decomposition and dimensionality reduction [68][45]. It is most similar to the tensor
factorization method. In MF, a matrix V is factorized into two matrices W and H and the
missing values are approximated numerically.

Linear Regression is also one of the most widely used methods to predict missing
values. Its broad appeal and usefulness results from a conceptually logical process of using
an equation to express the relationship between a variable of interest and a set of related
predictor variables. It uses the relationship between scalar dependent variables and one or
more explanatory variables to predict missing values[69].

The main aim of this evaluation is to check which model can better predict the
missing data. We measure accuracy using RMSE method. In the first case where there is
only 10% of the data is missing, the RMSE value is considerably low, but as we increase the
percentages of deleted data the RMSE value also increases. In the final test case where we
test against 50% of the missing data, we can see that RMSE value increases considerably
more. In all the test cases, we observe that RMSE value of tensor factorization manges to
be lower when compared with values of other methods and based on this we conclude that
our model performs better than the other two methods. Figure 4.7 shows the result of our

experiment.
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Figure 4.7. RMSE values of TF, MF and LR for different missing data percentage

4.6. CONCLUSION

In Section 4, we develop a framework which combines a cluster model and a
multidimensional tensor based model to address some of the major problems faced by
station-less bike sharing systems. We use our model to predict and detect areas with
demand/supply shortage of bikes and areas with parking problems. In-order to achieve
this, we combine Mobike dataset for the city of Beijing and the POI dataset to build our
model. We first use the POI dataset along with bike check-in and check-out data to identify
regions with high activity. We then use clustering model to divide these high activity
regions into virtual stations. Then we construct our multidimensional tensor based model.
We start construction of our model by building two separate tensors, one for check-in data
and the other for check-out data of bikes, then we implement tensor factorization to predict
any missing values within the data and to compress data. Final steps consist of fusing
the two tensors which enables us to successfully identify regions with demand/supply
shortage of bikes and parking problems. The unique perspective of our model is due to
the combination of clustering and the multidimensional tensor model. Experimental results

show the effectiveness of our model.
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S. DISTRIBUTED REPRESENTATION LEARNING FRAMEWORK FOR
LEARNING HUMAN MOBILITY PATTERNS

To address the problem of learning representations of spatiotemporal heterogeneous
networks, in this section, two types of collective representation learning models for learning
distributed representations of Spatiotemporal Heterogeneous Network Embedding (SHNE)
are presented. (i) Multilingual SHNE (M-SHNE): the developed model leverages the use
of random walks along with a multilingual word embedding technique used in natural
language processing (NLP) to collectively learn the spatiotemporal proximity measures
between vertices in Spatiotemporal Heterogeneous Networks (SHNs) and preserve itin alow
dimensional vector space. (i) Meta-path Constrained Random walk SHNE (MCR-SHNE):
this combines the advantage of meta-path counting algorithm, path constrained random
walks, and a word embedding technique to generate lower dimensional embeddings that
preserve the spatiotemporal proximity measures in Spatiotemporal Heterogeneous Networks
(SHNs). Experimental results demonstrate the effectiveness of the two developed models

over state-of-the-art algorithms on real-world datasets.

5.1. BACKGROUND AND OVERVIEW

Lately, new network embedding models which consider the interconnected, multi-
typed properties of heterogeneous networks have been developed. Some of the existing
network embedding models [12, 13] develop structural analysis approaches by leveraging
the rich semantic meaning of structural types of objects and links in the networks. Hetero-
geneous networks embody a vast number of interrelated facts, and they can facilitate the
discovery of interesting knowledge [70]. Figure 5.1 illustrates a SHN of a region within the

Beijing city.
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Siaton Transportation

CheckIn

visits

Figure 5.1. Spatiotemporal Heterogeneous Network

Here, we consider POIs (points of interest) as vertices and edges between vertices
represent multiple spatial and temporal relationships between POIs of different class types
(e.g., POI categories, distance, region, day and time of visit, Check-In, Check-Out, etc.).
The proximity among vertices in a heterogeneous network is not just a measure of closeness
or distance, but it is dependent on semantics as well. For example, the SHN in Figure 5.1
represents POIs in a city and multiple relationships connecting them. POI; is connected
to both PO, and POI3, but the proximity between them differs. From Figure 5.1 we can
observe that POI; and POI, are connected by day of visits whereas POI; and POI; have
much stronger connection as not only are they connected by day of visits, they also belong
to the same POI category and are geographically situated close to each other.

In this section, we develop two distributed representation learning-based methods for
collectively embedding the spatial and temporal properties of SHNs. (i) Multilingual SHNE
(M-SHNE): this method treats a SHN as a set of individual homogeneous networks where
each homogeneous network contains information about a type of relationship (distance, time

of visits, category, etc.) that exists between vertices. Random walks are then used to capture
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the latent structure of these individual homogeneous networks and generate a corpus. The
generated corpora of all the homogeneous networks in the set are then treated as a set of
multilingual corpora where each corpus is a translation of the same network but in a different
language. The model then leverages a multilingual word embedding technique used in NLP
[71] to learn the embeddings of the SHN as a whole. (i1) A second method called Meta-path
Constrained Random walk SHNE (MCR-SHNE) is developed. This method captures the
relationship between vertices in an SHN by leveraging the use of path constrained random
walks (PCRW) [16] and a meta-path counting algorithm [14, 53]. A refined corpus which
encompasses the different relationships between vertices in a SHN is then generated based
on the path constrained random walks and meta-path counting algorithm. It then learns
the embedding of the SHN by using a language embedding technique on the generated
corpus. Experiments are conducted on multiple real-world SHN datasets to compare our
two developed methods with state-of-the-art network embedding methods (i.e., LINE [13],
Deep- Walk [9], GraRep [12] and node2vec [10]) on classification and clustering tasks.
Our experimental results show that the two developed methods outperform all alternative
approaches in most of the qualitative measures used.

Overview. The remainder of Section 5 is organized as follows. In Section 5.2, we
provide the problem definition for SHN embedding. Section 5.3 provides details about the
frameworks of our two developed models. In Section 5.4, we report the experimental results
of our two developed models for SHN embedding. Section 5.5 provides a brief review of

related works. Finally, we conclude in Section 5.6.

5.2. PROBLEM DEFINITION

We initially provide the below definitions to help break down the problem for better

understandability. We then give a formal definition of the problem.
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Definition 1: (Homogeneous Network (HN)): A homogeneous network is represented as

G = (V,E), where V = {v;},_; __y consists of a set of vertices, ¢;; = (v;,v;) € E is an

......

edge that indicates the relationship between two vertices.

Definition 2: (Network Embedding (NE)):Network embedding aims to capture the latent
structure of a network in a low dimensional representation x; € R4 for each vertex v; € V,

where d is the dimension of the embedding space.

Definition 3: (Spatiotemporal Heterogeneous Network (SHN)): A SHN is a directed graph
G = (V, E, ¢, ) with an object type mapping function ¢ : V — £ and a link type mapping
function ¢ : E — R, where each object v € V belongs to an object type ¢ (v) € L and each
link e € E belongs to a link type ¢ (e) € R. Here, POIs constitute vertices in the network

and edges represent multi-class spatiotemporal relationships.

Definition 4: (Meta-paths): In a SHN G, two vertices v, v{ may be connected via multiple
edges. We call the connecting edges meta-paths. Conceptually, each of these meta-paths
represents a specific direct or composite relationship between them. In Figure 5.1, POIs
POI; and POI, are connected via multiple paths. For example, POI; — ¢ — POl4
path represents a relationship that the POI; and POI3 belong to the same POI category.
POI; — ¢ — POIls — v — POI4 indicates that POI5 is connected to POI4 via POl
where PO 15 and PO I belong to the same POI category and PO I and PO 14 are connected

via day of visit.

Definition 5: (Multilingual Embedding): Multilingual word embeddings represent words of
multiple languages embedded in the same vector space and allow the transfer of knowledge
from one language to the other without machine translation.

Problem Definition. Given a spatiotemporal heterogeneous network (SHN) G =
(V,E, ¢,). We formulate a function f : V — R? that projects each vertex v € V to a
vector in d dimensional space R¢, such that the multiple different classes of spatial and

temporal relationships that exist between vertices of a SHN are also preserved.
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Figure 5.2. Framework of Multilingual SHNE model

5.3. DEVELOPED MODELS

In this section, we describe our two developed models. In Section 5.3.1, we introduce
our first method M-SHNE. Then, we introduce our second model MCR-SHNE in Section
5.3.2.

5.3.1. Multilingual SHN Embedding (M-SHNE) . The framework of the devel-
oped Multilingual SHN Embedding (M-SHNE) method is as shown in Figure 5.2. The
model accepts a SHN as input and separates it into a series of homogeneous networks,
where each homogeneous network represents a different relationship between vertices. It
then performs random walks on the extracted homogeneous networks to capture the under-
lying latent structure. Here each random walk pass is treated as a sentence, and in this way,
a corpus comprised of multiple passes of random walks is generated for each homogeneous
network. The model treats these generated set of corpora as multilingual, i.e., where each
corpus represents the same space and the same set of POIs as vertices but encompasses
different relationships between vertices. Multilingual word embedding technique is then

used to learn SHN embeddings from the multilingual corpora.
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5.3.1.1. Homogeneous network extraction. The model analyzes the SHN to iden-
tify different individual relationships that exist between the vertices. For each link e € E
that belongs to a link type ¢ (e) € R, it extracts and creates a series of homogeneous
networks which is the same as the number of identified relationships within the SHN. Each
extracted homogeneous network is of the same space and contains the same number of

vertices, but they only encompass a single-class of spatial or temporal relationship.

...............................................................................

POl|—>V—>G—> POl3
POl —>V—>T ;> G—> C > POI3|

Hidden layers
PoIy Input layer

,
1
POI|—> C —>POI3

POI|——> G —> POl
po1 POI|—>C—>T—> V —>POIy| !
1 ! ' ]
H ' SHIN
Embedding

H
POl —>T —>C —> POl

S ool | | s "

Wy “loml | — .

NN 1O T ) —\ \5
SHIN "Opl(r;’]"fv’T g G;P():kPOIk Corpus L] | ]

POI,

'
POI; > V> T >G> C POl

Meta Path Corpus

Skipgram

Figure 5.3. Framework of MCR SHN Embedding

5.3.1.2. Multilingual corpora generation. The model performs random walks on
the extracted homogeneous networks to capture their latent structures. Here, the model
considers each random walk pass as a sentence and builds a corpus based on the sentences
generated from multiple random walks on each vertex of the network. The set of corpora
generated from these homogeneous networks is considered as a multilingual corpora as
each corpus in the set represents the same network space and vertexes. The only difference
is the way random walks capture the spatial and temporal contextual relationships between

the vertices.
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5.3.1.3. SHN embedding. We use skip-gram for Multilingual SHN Embedding.
It is a language model that maximizes the co-occurrence probability among the words that
appear within a window, w, in a sentence [11]. Specifically, we use an objective function
shown in Equation 5.1 to map the lexical vector 7 of multilingual corpora to its semantic

space E.
1
ZVOEVIex(T) ( (VosViex)(T) B (VO))

E(T) = (5.1)

ZVOEV1ex('T) (m)
where, E (v,) is the embedding-based representation of the vertex v, in E, and (v,, Viex) IS
the vertex dimension corresponding to the v, in the lexical vector viex (T°).

The objective function helps us preserve the spatiotemporal heterogeneities influence
on data semantics and meaning in the SHN embedding by mapping lexical vectors and

extracting semantic information. Algorithm 2 demonstrates the process of SHN embedding.

Algorithm 2 Multilingual Heterogeneous Network embedding

Input: graph G = (V, E, ¢¢)

window size w

embedding size d

walks per vertex y

walk length ¢
QOutput: matrix of vertex representation ® € R
Initialization: Extract g(V, E) from G = (V, E, ¢,¥) for each v; € G do

|V|xd

fori =010 vy do
select g; € G with prob é
W,,=RandomWalk(g, v;, )

end
W, =W, +1
for each W,, € ‘W, do
for each v; € W,, do
for each u, e W,, [j —w: j+w] do
J (@) = ~logPr (ug|® (v;))

—d— 9
O=0 @ * 75

end
end

end

end
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The M-SHNE first extracts homogeneous networks g (V, E) from SHNG = (V, E, ¢, ¥).
For each v; € G we perform y random walks on the selected homogeneous network
g € G,where G = {g1,82,...., g, and generate a corpus ‘W, of the network. The skip-
gram then iterates over each corpus ‘W, and all possible collocations in the random walk
that appear within the window w of the corpora. It maps each vertex v; to its current
representation vector ®(v;) € R¢. It updates the generated SHN embedding over every iter-
ation by mapping lexical vectors to their semantic space and preserves complex proximity
measures that exist between vertices in a heterogeneous network.

5.3.2. MCR SHN Embedding (MCR-SHNE). The framework of the developed
Meta-path Constrained Random walk SHN Embedding method (MCR-SHNE) is as shown
in Figure 5.3. The model takes a SHN as input. Path constrained random walks are
performed on the SHN to identify and capture several meta-path instances that exist between
vertices. A path counting algorithm then uses identified meta-path instances to calculate
the proximity measures between vertices. Based on this, a refined meta-path based corpus
encompassing multiple meta-path instances of multi-class spatial and temporal relationships
between vertices is then formed. Word embedding technique is then used on the meta-path
based corpus to learn embeddings of SHN.

5.3.2.1. Meta-path corpus generation. Here we adopt a slightly modified version
of random walks called path constrained random walks (PCRW) for corpus generation.
In addition to preserving proximity measures as random walks, PCRW also encapsulates
information about the multiple meta-path instances that exist between vertices. Table 5.1
shows a few meta-path instances that exist between POlIs, according to the SHN in Figure
5.1. We then generate a refined meta-path based corpus based on the proximity scores
calculated by PCRW.

The meta-path counting algorithm calculates the proximity between two vertices
Vg, Vy as:

s (pv) = D s (v vilP) (5.2)
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where, s (vg, v;|P) is the proximity score between vertices v to ;.
It is calculated based on the probability that a PCRW path restricted on a meta-path would
follow the instance p, ,,,. We can calculate the probability score between a pair of vertices

vs, V¢ € V based on the meta-path instances generated from PCRWs as:

s (Vs v |P) = Z S (Vs, thpvs—w,) (5.3)

Pvs—vy eP

where s (vs,v,| va—wl) is the proximity score w.r.t mata path instance p, _,, between

(VSa Vt)-

Table 5.1. Meta-paths between POIs in SHN of Figure 5.1

Meta-Path Semantic Meanings

POI, -t — POI, POI, and POI, open at same
time

POI; - e > v — POl POI; and POI14 belong to same

category and are visited at

same time

POIly —» ¢c —»>v — POIg POI4 and POIg on average
have same number of
people checking in and

are visited at same time

POIs -5 c—v—e— POl POIs and POIg belong to same
category, have same number of

people checking in on average

and are visited at same time

5.3.2.2. SHN embedding. Algorithm 3 shows the steps for generating MCR based
SHN embedding. Here, we use short truncated random walks of length ¢ and meta-path
length / along with path constraint factor C to control the length of the meta-path. We do this
because shorter meta-paths are more informative than longer ones; longer meta-paths tend
to link more remote vertexes which might be less contextually related [14]. The goal here
is to create a SHNE using meta-path based corpus in a way that given a SHN G = (V, E),

we develop an embedding that transforms each vertex v € V to a vector in R?, such that the



59

proximities between any two vertices in the original heterogeneous networks are preserved
in R¢. The MCR-SHNE performs PCRW walks on each node v; € G based on the walks
per vertex y , walk length 7, meta-path length /, and path constraint C hyperparameters set
on it and generates meta-path based corpus. The meta-path based corpus is then passed
as input to skip-gram. The skip-gram then iterates over all possible collocations of PCRW
that appear within the window w of the corpus M,. It maps each vertex v; to its current
representation vector ®(v;) € R¢ and generates SHNE that preserves complex spatial and

temporal proximity measures between vertices in an SHN.

Algorithm 3 MCR SHNE

Input: graph G = (V, E, ¢,¢)
window size w
embedding size d
walks per vertex y
path constraint C
walk length ¢
meta-path length /
Output: matrix of vertex representation ® € RIV1x<

for each vy, € G do

fori =017 vy do

Rlength =0

Milength = 0

if Rlength <t & & Mlength < [ then

Pv,—v, = select v, with prob m

M, —py.y, +1
Mlength «— Mlength + 1
Rlength <« Rlength + 1

end

for eachv; € M, do

W, =M, = M, +1

for eachuy e W,, [j —w: j+w] do
J(®) = —long (ur|® (v;))
O=0—-qa= %

end

end

end
end
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5.3.3. Negative Sampling. We also implement Negative sampling in the skip-
gram part of both of our developed models. Negative sampling [11] is a loss function which
rewards the estimate of the probability for vertices that co-occur with each other, while
penalizing the estimate of the probability for random vertex pairs co-occurring with each
other. Negative sampling has proven to be a very effective alternative to the computationally
expensive softmax, where we need to sum the overall non-zero proximity scores s(v;,v;)
for a specific vertex v;. Negative sampling has achieved state of the art results in many NLP
tasks and plays a major role in substantially speeding up the learning process and helps
generate better embeddings [72].

Equation 5 describes the loss function for each vertex context occurrence in a SHN
corpus generated from our two developed models. Here, we consider v € V as the target
vertex, ¢ € C a context vertex and ¢,, € C as random negative sample (indexed by n) drawn

from a noise distribution p (c).

N
Jsg (v,¢) =log (o (c'v)) + Z Ee,~p(c) [log (o (=chv))] (5.4)
n=1

The total loss is the summation of Equation 5.4 for all pairs of vertices v and ¢ co-occurring

in the corpus, as extracted using a context window of size w.

5.4. EXPERIMENTAL SECTION

We evaluate the performances of our developed models against baseline models on
real-world SHNSs of Beijing city.

5.4.1. Data Description. In this section, we provide details about the Mobike, POI,
and Weibo & Jiepang datasets used for evaluation. Table 5.2 shows the statistics of the

datasets mentioned above.
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Table 5.2. Statistics of the datasets.

Data Sources Attributes Statistics
) ) # trip records 3,214,096
Mobike Trips # users 349,693

Trip start time
Trip start location

Trip end location

Bike id
Time period of records 05/10/2017 -
05/24/2017

Number of POIs 328,668
POIs # POI categories 20

# Check-In 2,020,967
Weibo & Jiepang # users 212,362

POI Name

POI Location

POI address

Mobike, the stationless bike-sharing company, released its Beijing city trip dataset
in the 2017 Mobike Big Data Challenge. It contains details of 3,214,096 trips. It includes
information about the number of users, trip start time, trip endtime, bike id, trip start
location, and trip end location. The POI data set for the city of Beijing was acquired
from www.dianping.com, which is a commercial review and recommendation website. It
contains details about 328,668 POIs divided into 20 different categories like Hospitals,
Malls, Restaurant, theaters, etc. The Weibo & Jeipang datasets together include 2,020,967
check-in entries of POIs in Beijing. It contains details like POI name, POI check-in time,
POI address, and POI location.

5.4.2. SHN Construction. To evaluate the effectiveness of our two developed mod-
els on very large and complex SHNs, we construct two SHNs from Mobike, PO1, and Weibo
& Jeipang datasets. This section provides information about the steps followed to construct
the two SHNSs.

SHN1: For the construction of our SHN1, we utilize the Mobike and the POI
datasets. We assigned 1,765,025 trip start and end locations with visits greater than 300
as vertices. We integrated the POI dataset into the Mobike dataset to assimilate the rich

multi-class relationships that exist within the POI dataset into SHN1. To summarize, our
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SHN1 consisted of 1,765,025 vertices and encapsulates multi-class spatial and temporal
relationships like visits per day, visits per hour, geographic distance, 20 different POI
categories, high activity time, and low activity time.

SHN?2: To construct our SHN2, we use the Weibo & Jeipang dataset in combination
with the POI dataset. We considered the 472,654 individual POIs present in the datasets as
vertices. By combining the POI dataset, we also increased the number of multi-class spatial
and temporal relationships that exist between vertices. To summarize, our SHN?2 consisted
of 472,654 vertices in total and encapsulates multi-class spatial and temporal relationships
like visits per day, visits per hour, geographic distance, 20 different POI categories, number
of individual user visits, high activity time, and low activity time.

5.4.3. Baseline Models and Experimental Settings. We consider four baselines

to demonstrate the effectiveness and robustness of our two developed models.

* DeepWalk [9]: DeepWalk first transforms the network into node sequences by trun-
cated random walk, and then uses it as input to the skip-gram model to learn repre-

sentations.

e LINE [13]: LINE can preserve both first-order and second-order proximities for
the undirected network through modeling node co-occurrence probability and node

conditional probability.

* GraRep [12]: GraRep preserves node proximities by constructing different k-order

transition matrices.

* Node2vec [10]: node2vec develops a biased random walk procedure to explore the
neighborhood of a node, which can strike a balance between local properties and

global properties of a network.

5.4.4. Parameter Setting. We evaluate our developed models against the baseline
models on classification and clustering data mining tasks. We use OpenNE Python toolkit

to implement the DeepWalk, LINE, GraRep, and node2vec models. For the DeepWalk and
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node2vec methods, we set the window size, walk length, and the number of walks on each
vertex as 10, 40, and 10, respectively. For LINE we set the number of negative samples as
5, and the learning rate is set to be 0.025. For GraRep we set maximum matrix transition
step K=6, and we also used L2 normalization.

For our two developed models, we set the number of negative samples per input
sample m to 5, window size, walk length, and the number of walks on each vertex as 10, 40,
and 10. For all models and SHNs, we set the embedding dimension to d = 80. We evaluate
the performances of the models by calculating Macro-F1 and Micro-F1 scores.

5.4.5. Classification and Robustness Check. Classification in network analysis is
an important task in many applications. We perform the task of multi-label classification
using generated network embeddings of SHN1 and SHN2 from the developed models as
well as the baseline models on a logistic regression classifier. For the task of classification,
we imply network embeddings as vertex features and feed them into a logistic regression
classifier model, and we use different POI categories as labels. To check the robustness of
the models, we perform classification on the datasets with varying percentages of labeled
nodes from 10% to 90%. Table 5.3 and Table 5.4 show classification accuracies with
different training ratios on different datasets. The best results are bold-faced.

We observe that M-SHNE and MCR-SHNE methods perform better than baseline
models in most of the cases. However, GraRep performs slightly better than our two
developed models on two occasions where embeddings generated from SHN1 were used.
A potential explanation for this could be the low number of labeled nodes available for
our models to build corpus on and generate quality embeddings. On SHN2 our models
outperform all the baseline models. To summarise, our developed models outperform
baseline models and generate better network embeddings that preserve the multi-class
relationships between vertices in a SHN. They also generate superior robust embeddings

and consistently outperform all the other baselines for varying ratios of labeled nodes.



Table 5.3. Accuracy (%) of node classification on SHN1

% Labeled Nodes | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%
DeepWalk 56.53 | 57.03 | 57.90 | 5842 | 60.15 | 6273 | 64.79 | 6326 | 63.82
LINE 5384 | 5451 | 55.14 | 55.87 | 56.22 | 56.94 | 57.27 | 5843 | 58.94
GraRep 59.19 | 60.73 | 60.57 | 59.65 | 6037 | 61.76 | 62.64 | 63.52 | 64.16
Micro-F1% | node2vec 5571 | 55.03 | 56.90 | 5839 | 60.14 | 60.84 | 61.75 | 62.93 | 62.21
M-SHNE 5734 | 5893 | 59.67 | 61.84 | 6224 | 63.88 | 6327 | 64.04 | 6582
MCR-SHNE 58.63 | 59.85 | 60.85 | 62.74 | 64.71 | 65.26 | 6592 | 66.36 | 67.47
DeepWalk 3125 | 3265 | 33.19 | 33.80 | 3440 | 35.17 | 3588 | 36.02 | 35.72
LINE 2830 | 29.85 | 30.90 | 3033 | 3147 | 31.65 | 3245 | 3373 | 33.57
GraRep 3344 | 3462 | 3502 | 3580 | 3632 | 3678 | 3525 | 3645 | 37.57
Macro-F1% node2vec 28.68 29.81 30.54 32.12 32.94 33.87 34.03 34.79 35.78
M-SHNE 33.14 | 3467 | 3533 | 36.01 | 36.87 | 37.32 | 3657 | 37.90 | 3834
MCR-SHNE 3451 | 3565 | 3623 | 3531 | 37.05 | 37.87 | 3872 | 37.61 | 39.83
Table 5.4. Accuracy (%) of node classification on SHN?2
% Labeled Nodes | 10% | 20% | 30% | 40% | 50% | 60% | 70% | 80% | 90%
DeepWalk 4626 | 47.92 | 4853 | 49.12 | 5128 | 5240 | 5323 | 55.06 | 5649
LINE 4243 | 4292 | 4385 | 44.63 | 4506 | 4648 | 47.12 | 49.84 | 5373
GraRep 4743 | 4796 | 4862 | 49.13 | 49.86 | 49.64 | 5038 | 51.15 | 51.76
Micro-F1% | node2vec 4843 | 4896 | 4975 | 50.64 | 5191 | 5274 | 5328 | 53.82 | 54.65
M-SHNE 4943 | 5045 | 5130 | 51.69 | 53.71 | 5438 | 5618 | 57.34 | 58.78
MCR-SHNE 50.29 | 52.12 | 5255 | 53.39 | 5477 | 55.02 | 55.83 | 57.95 | 59.02
DeepWalk 2996 | 30.18 | 30.75 | 31.93 | 3238 | 33.13 | 33.63 | 3470 | 35.18
LINE 1935 | 2041 | 2170 | 22.04 | 2243 | 23.69 | 2326 | 24.90 | 25.67
GraRep 2347 | 2422 | 2487 | 2554 | 2684 | 27.17 | 27.73 | 2845 | 28.02
Macro-F1% | node2vec 27.15 | 2728 | 2805 | 2433 | 24.19 | 25.17 | 2556 | 2621 | 27.17
M-SHNE 30.04 | 3096 | 31.74 | 31.66 | 3243 | 3279 | 3626 | 37.83 | 36.53
MCR-SHNE 3124 | 3211 | 34.02 | 3489 | 3508 | 3634 | 37.74 | 37.24 | 3856
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5.4.6. Clustering. Clustering is the data mining task of identifying natural groups

in the data. Here, as we are dealing with SHNs of Beijing city, we aim to identify commu-

nities that share similar functionality and representations. For the sake of experimentation,

we define a community as consisting of (i) a location (i.e., latitude and longitude) of a

residential complex, and (ii) a neighborhood area (e.g., a circle with a radius of 1 km)

consisting of POIs. Adhering to this definition, we identify around 1,023 communities in

SHN1 and 712 communities in SHN2 made up of multiple POIs belonging to different
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(a) DeepWalk (b) LINE (a) DeepWalk (b) LINE

(c) GraRep (d) Node2vec (c) GraRep (d) Node2vec

(e) M-SHNE (¢) MCR-SHNE (e) M-SHNE (e) MCR-SHNE

(a) Clustering on SHN1 (b) Clustering on SHN2

Figure 5.4. Visualization of clustering results from SHNE

categories within them. We perform k-means clustering on the generated SHNEs of SHN1
and SHN?2 from the baseline models and our two developed models. We use the parameter
settings mentioned in Section 5.4.3 for generating the embeddings and & is set to 5.

Figure 5.4 shows the clustering representation of communities that share similar
functionality and representations learned from SHNEs of all the different models. We
observe that the embeddings generated for SHN1 and SHN2 from our two developed models
learn better clustering and separation of the vertices, and the boundaries of each group are
much clearer when compared to other baseline models. Specifically, the results shown in
Figure 5.4(a) and Figure 5.4(b) for SHN1 and SHN2 prove that network embeddings learned
from our developed models better preserve spatial and temporal proximity measures when

compared to baseline models.
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5.4.7. Spatial and Temporal Influence on SHNE. In this section, we conduct
experiments to demonstrate the influence of spatial and temporal attributes on the quality
of generated SHNE. Here, we create two different versions of networks for both SHN1
and SHN2. Specifically, V1 is a simplified network where spatial attributes associated
with all POI pairs in the network are ignored; this eliminates the spatial associations in
successive check-in behaviors of users. In V2, we ignore the temporal characteristics of
user mobility between POIs so that no specific temporal periodic pattern is utilized in
the embedding process. Finally, we use the original network V, which integrates spatial
attributes associated with all POI pairs and the temporal characteristics of user mobility
between POIs. We compare performances on the task of classification, and accuracy is
used as the evaluation metric. We use 65% of data for training, 35% for testing and POI

categories are used as labels.
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Figure 5.5. Spatial and temporal influence on SHNE
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Figure 5.5 shows the results of our experiment. We observe that in cases where
we use SHNI1, embeddings learned from V1 seems to perform better than embeddings
learned from V2. Whereas in the case of SHN2, embeddings of V2 perform better than
embeddings of V1. A possible explanation for these observed results could be the fact
that SHN1 contains a vast amount of temporal relations generated from human mobility
(bike trips) between vertices (POlIs); this results in V1 embeddings performing better. In
the case of SHN2, since it includes more spatial relations between vertices (POIs), V2
embeddings perform better. However, in all the cases, network embeddings generated from
V1 and V2 networks underperform when compared to embeddings generated from network
V. Thus, the results indicate that preserving both spatial and temporal relationships within
the network helps us generate higher quality embeddings.

5.4.8. Parameter Sensitivity. We discuss the parameter sensitivity factor in this
section. Specifically, we assess how the different choices of dimension d and maximal scale
size k can affect the quality of SHN embeddings learned from our models. We measure the
quality of our SHN embeddings based on the accuracy achieved in vertex classification and
clustering tasks.

Figure 5.6 shows the classification accuracy achieved while using SHN embeddings
generated from our two developed models over different settings of dimension d. At first, the
accuracy shows an apparent increase. This is intuitive as more bits can encode more useful
information in the increasing bits. However, when the number of dimensions continuously
increases, the performance starts to drop slowly. The result proves that having too small
a dimension d can be inadequate for capturing rich information of SHNs. However, a
larger dimension d may also introduce noise which will deteriorate the quality of SHN
embedding and reduce the performance accuracy. Hence, it is necessary to find an optimal
d value for embedding. Figure 5.9 shows the accuracy scores over different choices of k
on the clustering task. We can observe that the setting k=7 has a significant improvement

over the setting k=2, and k=10. The above observation confirms that different k-order can
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Figure 5.6. Parameter Sensitivity

learn complementary local information. However, when k becomes too large or too small,
learned k-order relational information becomes too weak to capture the original structural

and semantic information of SHNs.

5.5. CONCLUSION

In Section 5, we introduces two comprehensive frameworks for learning SHN em-
beddings. Both models develop new approaches for efficiently capturing higher-order spatial
and temporal interactions of real-world SHNs. To effectively explore potential relationships

among vertices M-SHNE leverages random walks and a multilingual word embedding tech-
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nique to generate a set of multilingual corpora. We then formulate an objective function
that collectively maps each lexical vector of multilingual corpora to its semantic space in
the low-dimensional space embedding, effectively preserving the intrinsic structure of the
SHN. We also develop a second method called MCR-SHNE that combines the advantages
of PCRW and path counting algorithm first to construct a corpus consisting of collective
meta-path instance that encapsulates the multiplex of complex relations between vertices
and edges in a SHN. Word embedding technique is then employed to generate a fused SHN
embedding that incorporates innate spatiotemporal relationships between vertices of a SHN.

As shown in our extensive experiments, our network embedding methods can re-
cover the original network more accurately, and have better performances over data mining
tasks like classification and clustering over state-of-the-art network embedding methods.
Network embeddings generated from our two developed methods can also be adapted to
learn real-world urban community structures. They can effectively learn from dynamic
human mobility patterns between static geospatial entities of a city’s SHN and identify
urban communities that share similar functionalities and representations, and distinguish
between POIs of different categories, as demonstrated in the experiments.

Analysis of spatiotemporal data has applications in various fields, one of which is
political science. Given the availability of sufficient data, the developed framework can be
applied to study human mobility patterns and urban communities with respect to factors such
as ethnicity, linguistic, socioeconomic status, etc. The insights gained from the framework

can be used to detect or create Gerrymandered districts.
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6. REPRESENTATION LEARNING FRAMEWORK WITH NODE SENSE
DISAMBIGUATION

In this section, a spatiotemporal context-aware network embedding framework that
jointly captures the spatial regularities between objects and the sequential transition patterns
of human mobility by learning contrastive context senses associated with nodes is presented.
The framework first models the heterogeneous urban mobility data collected from multiple
sources as an SHN using a probabilistic weighted degree centrality measure. To learn the
sequential transition patterns of human mobility in urban regions, meta-path constrained
random walks (MPCRWs) are performed on the constructed SHN, which captures the
proximities between multi-typed objects via their rich spatiotemporal links. By treating the
generated meta-path instances as sentences, the framework captures multiple contrastive
context senses associated with nodes in an SHN produced due to a multiplex of spatial
and temporal dependencies between objects in urban mobility data; this is facilitated by
performing spectral graph clustering. The learned contrastive contextual node senses are
mapped with respective meta-path instances. Finally, latent embeddings of the mapped
meta-path instances are learned by using the word2vec model skip-gram. The performance
of the developed framework is evaluated on real-world application problems. Experimental

results demonstrate the effectiveness of the framework over state-of-the-art alternatives.

6.1. BACKGROUND AND OVERVIEW

An SHN of a region contains real-world objects such as places, and things whose
interrelationships are defined on a multitude of complex spatial and temporal attributes.
Effective analysis and representation of the static spatial relationships between geographical
structures and the dynamic nature of human mobility patterns are vital for building many
critical applications like designing smart traffic systems, understanding the evolution of

urbanization, etc. However, most developed network embedding models struggle to capture
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efficient representations of static spatial and dynamic temporal relationships between nodes
in an SHN. It is challenging to model large-scale SHNs generated from different sources
and learn their latent embeddings that encapsulate the context of relationships between
real-world objects defined by their spatial and temporal dependencies.

An effective SHN embedding model should be capable of capturing geographic
influence as well as temporal influence. Recently, the study of spatiotemporal data from
sources such as mobile devices, GPS data from vehicles, and online social networks that
include user check-in information has shown that there is a spatial corelation between a user’s
visit pattern and geographic proximity between places the user visits [73]. For example,
users who want to shop usually check-in to places that are close to each other. We believe
that a user’s sequence of activities is influenced by geographic proximity between places that
are previously visited. By studying geographic influence we can gain valuable insights into
how geographic proximity between structures influences human mobility patterns. This,
in turn, can help us more accurately represent static allocations of various geographical
structures. By studying temporal influence we can learn about how temporal factors affect
human mobility patterns. For example, people usually maintain a fixed routine of daily
check-ins they perform. On weekdays, a user might check-in to locations closer to work.
During weekends, the same user might check-in to bars and restaurants in a commercial
region. Some work have focused on temporal drifting [74, 75], but they ignore multiple
contrastive contextual node senses an individual node can possess. The nature of the
relationship between nodes in an SHN modeled over urban mobility data is dynamic due
to the multiplex of spatial and temporal dependencies. This results in multiple spatial and
temporal contexts that a node can be associated with which in turn can cause node sense
ambiguity. This problem is very similar to the lexical ambiguity problem faced in the field
of Natural Language Processing (NLP) where the words have more than one meaning given
their context of occurrence [76]. Hence, it is essential to learn contrastive contextual node

senses for generating effective SHN embeddings. Learning individual node senses can help
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us better capture the structural similarity between nodes in the latent representation. Figure
6.1 shows an SHN of a region where Points of Interest (POIs) or nodes are interconnected
by multiple relationships such as day of visits, POI categories, Check-In frequency, time of
visit, etc. Nodes are represented by POIs and the nature of their interconnecting relationships

are defined within the box.
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Figure 6.1. Spatiotemporal Heterogeneous Network

The focus of this work was to develop a framework that can collectively learn the
network embeddings of an SHN modeled through urban mobility data for the identification
and quantification of complex urban structures. In what follows, we outline how we develop

a spatiotemporal context-aware network embedding framework that can address:

* How to quantify, unify, and construct an SHN in uniform model space from urban

mobility data generated from diverse sources

* What are the sequential transition patterns of human mobility and how are they

influenced by spatial and temporal attributes

* How to delineate the spatiotemporal context of a node and assimilate the learned

contrastive node senses in the generated network embeddings
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The developed framework uses a probabilistic weighted degree centrality measure
to quantify a multiplex of relationships between real-world objects and model the SHN. It
then employs MPCRW:s to capture semantic spatial and temporal aspects of urban mobility
patterns from the constructed SHN. The generated MPCRW instances are sequences of
structurally similar nodes observed by weighted random walks traversing an SHN. Figure
6.2 shows two meta-path instances between nodes generated from weighted random walks.
The framework then utilizes spectral graph clustering to learn contrastive node senses
based on meta-path instances. The different contexts are learned based on the occurrences
of nodes in multiple meta-path instances. Finally, it leverages the use of skip-gram to learn
representations of the nodes. This approach helps us to effectively regularize the model and
enhance generalization capability.

We evaluate the performance of our developed embedding framework on the task
of recommending relevant POIs for user visits. We also evaluate the quality of the learned
embeddings by comparing it against state-of-the-art network embedding methods over data
mining tasks of classification and clustering. Experimental results show that the developed

method outperforms all alternative approaches in most of the qualitative measures used.
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Overview. The remainder of Section 6 is organized as follows. In Section 6.2, we
provide the problem definition for the spatiotemporal heterogeneous network embedding
framework. Section 6.3 provides details about the framework of our developed model.
In Section 6.4, we report the experimental results of our developed model. Section 6.5

provides a brief review of related works. Finally, we conclude in Section 6.6.

6.2. PROBLEM STATEMENT

In this section, we formalize the problem of spatiotemporal network embedding by

providing some key definitions.

Definition 1: (Point of Interest (POI)): A POl is a unique geographic structure or a point lo-
cation into which the users check-in. A POl is represented as: < p;q, longitude, latitude >.
We use the terms POI and node interchangeably.

Definition 2: (Check-in): Check-in is a user activity indicator. It is reported by the user u,
in location /, at time ¢. It can be represented as: ¢; =< u,[,t >. A single user can have
multiple check-ins, u; =< ¢y, -, ¢, >

Definition 3: (Spatiotemporal Heterogeneous Network): An SHN represents a multiplex of
complex spatial and temporal relationships that exists between real-world objects. Here, we
consider the POIs as nodes and human mobility between POIs as weighted links. We can
represent an SHN as G = (V, E, ¢,¢) where ¢ : V — L is a mapping function for nodes
and ¢ : E — R is a link type mapping function. G is a directed graph defined over nodes
V and edges E where each node v € V belongs to an object type ¢ (v) € L and each link

e € E belongs to a link type ¢ (e) € R.

Definition 4: (Meta-Paths): A set of Meta-paths # in an SHN can be used to capture

various semantic spatial and temporal relationships between nodes. A meta-path instance

pi defined on an SHN G = (V, E, ¢,¢) can be represented as vi — vy = v; — -+ — Vv,
e e ej €n—-1

where v represents nodes and e is the edge that represents composite relationships between

nodes.
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Figure 6.2 shows different instances of meta-paths. Figure 6.2(a) exhibits a meta-
path instance POI, — d — POI; — ¢ — POIl4. POI, and PO1,4 are connected based on
day of visit (d) and check-in (c) frequency. The meta-path instance POI3 — s — POlg —
d — POl4, shown in Figure 6.2(b), indicates that POI3 is connected to POI4 via POlq
where POz and PO I belong to the same POI category shopping (s) and POl and PO,

are connected via the day of visit (d).

Definition S: (Contrastive Node Sense): Given a node in an SHN with multiple spatial and
temporal dependencies, it is essential to learn the multiple contexts it is associated with.
We define the task of learning contrastive node senses as a clustering problem. The node
senses N, learned by clustering meta-paths are then mapped to respective nodes N (v;),
such that Ny (v;) C sensesp(v;) where, sensesp(v;) is a set of contrastive node senses for

node v;.

Problem Definition. Formally, given a heterogeneous dataset of an urban region
with spatial and temporal attributes, the goal of our problem is to first model the observed
mobility patterns as a spatiotemporal heterogeneous network (SHN) G = (V, E, ¢, ). We
then formulate a function f : V — R¢ that maps each node v € V of the SHN to a vector
in d dimensional space R¢, such that the spatial allocations indicating the importance of
geographical structures and the dynamic sequential transition of human mobility pattern

between the geographical structures are preserved.

6.3. METHODOLOGY

In this section, we describe our developed spatiotemporal context-aware network
embedding framework. In Section 6.3.1, we elaborate on how we use the developed prob-
abilistic weighted degree centrality measure to construct the SHN. Then, we explain how
MPCRW:s are used to generate meta-path instances that represent the sequential transition

of human mobility in Section 6.3.2. Section 6.3.3 shows how we leverage the use of spectral
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graph clustering to learn different contexts from the generated MPCRW instances to build a
set of node senses. Finally, Section 6.3.4 describes how we employ skip-gram for learning

SHN embeddings of a region.
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Figure 6.3. Spatiotemporal Context-Aware Network embedding framework

6.3.1. SHN Construction. Due to the heterogeneous nature of large scale SHNs,
it i1s quite challenging to delineate the complex spatial and temporal relationships that
exist between real-world objects. This task becomes even more complex when building
SHNs of a region using its urban mobility data. Nodes in an SHN represent important
geographic locations/Point of Interests (POIs) and the heterogeneous links represent the
multi-class relationships that exist between the nodes. For quantification of a network’s
interconnectedness strength, a great variety of centrality measures have been developed
[52, 53]. Ideally, when building weighted networks we use degree centrality measure for
quantification of its interconnectedness strength. Degree centrality measure is one of the
simplest measures which uses the number of links between nodes as an indicator of a node’s
interconnectedness strength. However, in this case, we have to keep in mind the fact that the
spatiotemporal data is collected from various sources like GPS devices of vehicles, mobile
devices, social media, etc. Also, real-world data are messy, we don’t always have details

about the exact origin location or the destination location. Hence, to overcome this problem
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we develop a probabilistic weighted centrality measure that fits spatiotemporal data from
various sources and does not require the exact origin POI and destination POI information.

We first calculate the probability of a user visiting a POI using A(x):

_B L _x
A(x)—ﬁ2 X -exp (1 ,32) 6.1)

where, x is the distance between the original drop-off point d and the destination POI. 3,
is the maximum probability of a user visiting the destination POI from the drop-off point
under the function A (x). 33 is the optimal walking distance between the drop-off point and
the destination POI with respect to 1 value. 1 and 3, are used as hyperparameters to
control the shape of the function A (x).

We then proceed to calculate the weight of a node based on its diversity and density

aspects. We define density as the total number of times a user visits a POI.

5(pr) = ) A (6.2)
i=1

where, 6(p;) is the density measure of the node p; and A is the number of visits.
We then calculate the diversity aspects based on the total number of different cate-
gories of POIs connected to the node. This measure accounts for the heterogeneity of the

network.
l(z:l Pi(Pi - 1)
Pc(Pc - 1)

y(pi)=1- (6.3)

where, P; is the total number of POls in individual POI categories and P, is the total
number of POI categories.
The weight of the node is then calculated by fusing the density and diversity aspects of the

node.

Wy, =6(pi) - v(pi) (6.4)

where, ‘W), is the weight of the node p,.
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By considering the density and diversity factors of the node, its significance can be quantified
more effectively and also help represent the network structure more accurately.

6.3.2. Meta-path Constrained Random Walks. This section elaborates on meta-
path constrained random walks. Random walks have often been employed by many works
to learn the structural similarities present within the network. The significance of the node
is determined by estimating the likelihood of observing node v; given all the previous nodes
visited so far in the random walk. Meta-path, in general, was developed as a technique
through which meta-structure of the information could be explored. It can also be used to
capture numerous semantic relationships across multiple entities systematically. As meta-
paths carry rich information about the semantic relationships between entities, they can be
used to capture the proximity between nodes in a network using several meta-path-based
similarity measures.

Given an SHN, a meta-path based proximity between two nodes can be calculated

based on meta-path instance p; as:

T (v = D s (v viIP) (6.5)

where, o (v, v;) is the proximity score between nodes v to v,.
This is calculated based on the probability of a PCRW restricted on a meta-path following
the instance p;,,,,,. The probability score between a pair of nodes is calculated vy, v, € V

based on the meta-path instances generated from PCRWs as:

sOevdP) = > s (e vilpy,) (6.6)

Pvg—vy eP

where, s (vg, v|pivs — Vv;) is the proximity score w.r.t meta-path instance p;, ., between
(vSa V[)'
Table 6.1 lists some meta-path instances from Figure 6.1 and gives insight into the

relationships between nodes and their respective semantic meanings. Equation 6.5, is used
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Table 6.1. Meta-paths between POIs in SHN of Figure 6.1

Meta-path Semantic Meanings

POLd — POI POI, and POI, are visited

on the same day (d)

PO - e —>d— POIy POI; and POI14 belong to the
POI category entertainment (e)

and are visited on same day (d)

POl —» ¢ —>d— POIg POI, and POIg on average
have similar check-in (c)
frequency and are visited on the

same day (d)

POIs - ¢ —» POl - i — POIg POIs and PO]Ig are connected
via POI;. POIs and POI;
have similar check-in (c)
frequency, POI; and POIg
belong to the same POI

category industry (i)

to calculate the proximity between two nodes as the sum of proximity scores of all the meta-
paths. Shorter meta-paths tend to be more informative than the longer ones. Meta-paths
with longer lengths are ineffective when indicating the relationship between nodes. The
number of possible meta-paths grows exponentially based on the length of meta-paths. It
can even become infeasible in certain large scale information networks. To overcome this,

we restrict the length of the meta-path using a threshold /.

S vv) = D, sevilP) (6.7)

len(p)<l

We can calculate the proximity based on path constrained random walks as:

51 (visvj) = Z pyi —> v (v',v)) (6.8)
(vi,v')EE

where, pv; — VYO s the probability of a random walk occurring from v; to v’ w.r.t. to

the edge Y (vi,V').
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6.3.3. Learning Contrastive Node Senses. Given the dynamic nature of spatial
and temporal relationships between nodes in an SHN, it is essential to learn their contrastive
node senses for generating effective node embeddings. Each sense of a node in an SHN
corresponds with a particular kind of context it appears in, and the similarity between node
senses can be measured by their corresponding contexts. This problem becomes more
convoluted when attempting to learn the node sense of a node that represents a POI, such
as a Mall that offers multiple services as it incorporates restaurants, theaters, departmental
stores, clothing stores, tech stores, etc. In our model, we use spectral graph clustering to
cluster the multiplex of meta-path instances such that meta-path instances that refer to the
same context appear in the same cluster. By clustering the meta-path instances, we can learn
different contextual node senses of each node based on the multiple meta-path instances
that they occur in. By learning contrastive node senses we can more accurately interpret
the different contexts in which they appear.

Spectral clustering is a technique with roots in graph theory, where the approach
is used to identify communities of nodes in a graph based on the edges connecting them.
Spectral clustering uses information from the eigenvalues (spectrum) of special matrices
built from the graph or the data set. Given the MPCRW based corpus, a spectral graph
clustering algorithm can always generate a division, no matter whether the structure exists
or not.

Following the mathematical procedure, we first define the Laplacian L as:
L=D-A (6.9)

where, Dis the diagonal matrix and A is the adjacency matrix.

We then define the normalized Laplacian as:

L=D LD (6.10)
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Eigenvalues and eigenvectors of L are then calculated. The smallest eigenvalue Ay is
always equal to zero. The multiplicity of zero among the eigenvalues is equal to the number
of connected components in the graph. We consider the eigenvector belonging to the second
smallest eigenvalue A1, also called Fiedler value and Fiedler vector, that correspond to the
nodes in the network. We then sort the Fiedler vector, thus sorting the nodes in the graph.
We then make n — 1 cuts along the Fiedler vector, dividing the elements of the vector into

two sets. We then compute the conductance for each cut as:

0(5.5)

6(8)=dV) g

6.11)

where, d (S) = Y,;cg W,,. Total weight of the edges between S and S is indicated by 8 (S, S).
V =S+ S is the set of all nodes in the graph.
We then choose the cut with the smallest conductance ¢ (S), by deleting the edges between
S and S. The procedure is carried out until the conductance ¢ (S) reaches threshold ¢.

The task of embedding node sense by using the MPCRW corpus as an inventory
of nodes is achieved by clustering MPCRW instances together based on vector similarities.

The centroids of the clusters are inferred as representing node senses.

argmin
Ns (vi) = d (si,vi) (6.12)
v, eV

where, Ng (v;) is node sense of nodes v; and s; is the proximity score of MPCRW.

6.3.4. SHN Embedding. Analysis of the SHN dataset consisting of POIs and the
user’s check-in data showed that the frequency of POI check-ins follows the power-law
distribution similar to word frequency distribution. This aspect motivated us to use the
famous word2vec model skip-gram [11] to learn sequential transition of human mobility
between POIs. Figure 6.3 shows the framework of our developed model and Algorithm 4

shows the steps for generating the SHN embeddings.
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Algorithm 4 SHN Embedding

Input: graph G = (V,E, ¢,¢)
window size w
embedding size d
walks per node y
path constraint C
walk length ¢
meta-path length /
Output: matrix of node representation ® € R

for each vy, € G do
fori =01 vy do
Rlength =0
Mlength = 0
if Rlength <t & & Mlength < [ then
Pv,—v, = select v, with prob 1

[vieCl
Mv < Dvi—v, +1
Mlength «— Mlength + 1
Rlength <« Rlength + 1
end
end

end

compute laplacian matrices { L,(p )}

compute first k eigenvectors uy - - - -uy of £

for eachv; € M, do
| assignv; — cluster ¢

end
for eachv; € M, do

R R
end

for eachv; € M, do

Wy, =M, > M, +1

for eachuy € W,, [j —w:j+w] do
J (D) = —logP_r (ur|®@ (v;))
O=0]—-a=* g—é}

end

end

We use the truncated meta-path constrained random walk instances p of length /

along with path constraint factor C to control the length and the direction of the random

walks. We utilize the two hyper-parameters to generate truncated MPCRW instances
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that effectively capture semantic structural information between nodes. Shorter MPCRW
instances are more informative than the longer ones as longer meta-paths link more remote
nodes that might be less contextually related [14]. The generated meta-path instances are
then infused with node senses that are based on the different contexts than they occur in
using spectral graph clustering.

The goal of the developed spatiotemporal network embedding framework is to create
an SHN embedding using meta-path based corpus given a SHN G = (V, E). To achieve
this, we leverage the use of skip-gram. The corpus comprised of MPCRW instances infused
with node senses is then passed as input to skip-gram. The skip-gram then iterates over all
possible collocations of MPCRW instances that appear within the window w of the corpus
M,. It maps each node v; to its current representation vector ®(v;) € R¢ and generates
SHN embeddings that preserve complex spatial and temporal proximity measures between
nodes in an SHN.

We also employ negative sampling while learning the SHN embeddings using skip-
gram. Negative sampling [11] is aloss function which rewards the estimate of the probability
for nodes that co-occur with each other, while penalizing the estimate of the probability
for random node pairs co-occurring with each other. Negative sampling has proven to be a
very effective alternative to the computationally expensive softmax, where we need to sum
the overall non-zero proximity scores s(v;,v;) for a specific node v;,. Negative sampling
has achieved state of the art results in many Natural Language Processing (NLP) tasks and
plays a major role in substantially speeding up the learning process and helps generate
better embeddings [72]. Equation 6.13 describes the loss function for each node context
occurrence in a SHN corpus generated from our developed model. Here, we consider v € V
as the target node, ¢ € C as a context node and c,, € C as arandom negative sample (indexed

by n) drawn from a noise distribution p (c).

N
Jsg (v,¢) =log (o (') + > Be,-p(e) [log (o (—cv))] (6.13)
n=1
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The total loss is the summation of Equation 6.13 for all pairs of nodes v and ¢ co-occurring

in the corpus, as extracted using a context window of size w.

6.4. EXPERIMENTAL SECTION

This section details the empirical evaluation of the developed framework assessed
on an SHN modeled on real-world urban mobility data procured from multiple sources.
6.4.1. Data Description and Analysis. In this section, we provide details of the

three data sets used for constructing the SHN. Table 6.2 shows the statistics. The Mobike

Table 6.2. Statistics of the datasets.

Data Sources Attributes Statistics
) . # trip records 3,214,096
Mobike Trips # users 349,693

Trip start time
Trip start location
Trip end location

Bike id
. . 05/10/2017 -

Time period of records 05/24/2017

Number of POIs 328,668
POIs # POI categories 20

# Check-In 2,020,967
Weibo & Jiepang | # users 212,362

POI Name

POI Location

POI address

dataset was released as a part of the Mobike big data challenge in 2017 by Mobike. The data
set period ranges from May-10 to May-24 of 2017. It contains details of 3,214,096 trips and
is comprised of attributes like userld, orderld, trip start time, trip start location, and trip end
location. The POI data set for the city of Beijing was obtained from www.dianping.com; it
18 a commercial review and recommendation website. It consists of 328,668 POIs divided
into 20 different categories like Hospitals, Malls, Restaurants, Theaters, etc. The Weibo &

Jeipang are Chinese social media data sets that together include 2,020,967 check-in entries
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of POIs in Beijing. They contain attributes like POI name, POI check-in time, POI address,

and POI <lat, long> location.
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Figure 6.4. Distribution of user visits

Initial analysis of the three data sets revealed that the user check-in activity follows
the power-law distribution. It gives us an insight into how some patterns cover a wide
range of magnitudes. The power-law predicts that most nodes in the network have a few
connections, while a small number of nodes, have a rich local neighborhood. Accordingly,
Figure 6.4 shows that only a few popular POIs have high check-in activity whereas in the
majority of POIs the number of check-ins are close to or below the mean value.

6.4.2. Modeling an SHN Over Urban Mobility Data. To demonstrate the effec-
tiveness of our model on very large and complex SHNs, we construct an SHN by combining
Mobike, POI, and Weibo & Jeipang datasets. We initialize 1,765,025 trip start and end
locations with visits greater than 300 as nodes. We then integrated the POl and Weibo
& Jeipang datasets with the existing 1,765,025 nodes using our developed probabilistic
weighted degree centrality measure to supplement the heterogeneous spatial and temporal

relationship that exists between nodes. Specifically, the constructed SHN encapsulates
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multi-class spatial and temporal relationships like visits per day, visits per hour, geographic
distance, number of individual user visits, high activity time, low activity time, 20 different
POI categories, and their associated hierarchical relationships.

6.4.3. POI Recommendation. We evaluate the effectiveness of our developed
model based on the task of recommending POIs to users. We also test the superiority
of the latent features (LF) learned from our model when compared to the explicit features
(EF) highlighted in Section 6.4.2 extracted directly from the dataset.

6.4.3.1. Baseline algorithms. We chose the following Learning to Rank (LTR)

models as baselines for comparison.

» RankNet (RN) [63]: This approach uses a feedforward neural network to model the

underlying probabilistic cost function.

* RankBoost (RB) [62]: The idea behind RankBoost is to model the learning to rank as
a binary classification problem on instance pairs. RankBoost forms the final ranking
function by first training one weak ranker at each iteration and then combining these

weak rankers.

* ListNet (LN) [59]: This model defines a listwise loss probabilistic function that

involves two probabilities called permutation probability and top one probability.

* LambdaMART (LM) [77]: This approach is a boosted version of LambdaRank [78].
It solves ranking tasks by leveraging gradient boosted decision trees using a cost

function based on LambdaRank.

* AdaRank (AR) [58]: This method uses a linear combination of weak rankers by
performing re-weighted training and then linearly combines all the weak rankers for

making predictions.

* Random Forest (RF) [60]: Random Forest learns the ranking of objects by learning

the prediction from an ensemble of random trees.
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6.4.3.2. Parameter settings. We use the RankLib [79] for implementing the 6 LTR
models. For RankNet we set number of epochs = 100, hidden layers = 1, number of hidden
nodes per layer = 10, and the learning rate = 0.0005. For RankBoost, we set the number of
epochs = 300 and number of threshold candidates = 10. We set number of hidden layers =
5, epochs = 100, number of hidden nodes per layer = 10, and the learning rate = 0.0005 for
ListNet. For LambdaMART, we set number of trees = 500, number of leaves = 10, learning
rate = 0.01, threshold candidates = 200. For AdaRank, we set the number of iterations =
500, tolerance = 0.002, and feature sampling = 5. For Random Forests, we set number of
bags = 300, sub-sampling rate = 1.0, feature sampling = 0.3, learning rate = 0.01. We use
65% of the data for training and remaining 35% is used for testing.

6.4.3.3. Evaluation metrics. We use the following measures for evaluating the

performance of the LTR models.

e Normalized Discounted Cumulative Gain (NDCG): NDCG is calculated based on

Discounted Cumulative Gain (DCG). DCG is given by,

rkperifn=1
DCG [n] =

DCG [n— 1]+ prtifn > 2
Given the ideal DCG, we can calculate NDCG at the n”* position as NDCG [n] =
DCG|n]

pcG ] - Lhe larger the NDCG score is, higher is the top-n ranking accuracy.

* F1-Score: F1-Score considers both precision and recall in a single metric. It is

) precisionxrecall

calculated as F'1 =25————7.
precison+recall

6.4.3.4. Quantifying ranking relevance of POIs. The ranking relevancy of POI
is based on Equation 6.14. We quantify it based on 3 factors: (i) distance between user’s
current location and destination POI location; (ii) frequency of user Check-Ins in a given
time window; (ii1) weight of the node (POI) in the constructed SHN. Due to the sparsity

in urban mobility data, most users do not have recent check-in history. For such users, we
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only consider factors (i) and (iii) to quantify the ranking relevance of a POI visit.

Wy, +lA=d|[ + 3L, Ve iV 21
Qu) = (6.14)

W, + 1A =d||”" ifV=0

where, ‘W, is the weight of the node, d is the distance between user’s current location
and destination POI, A is the robust mean of distance between user’s current location and

surrounding POls, Vis the total number of user check-in between time t and time window T.
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Figure 6.5. Overall performance comparisons of the LTR models on latent and explicit
features in terms of NDCG and F1-Score.
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6.4.3.5. Results and analysis. Figure 6.5(a) and Figure 6.5(b) show the NDCG
and F1-Score of the 6 baseline models for different values of N on both the EF and LF
learned from the developed method. In all baseline models, we can observe significant
improvements in performance when trained on latent features. This shows the effectiveness
of latent features over explicit features.

6.4.4. Embedding Evaluation. The developed framework maps the SHN features
to latent high-dimensional semantic feature space. The learned semantic feature directly
determines the semantic richness of the latent feature. We compare the quality of the
embeddings learned from our model against state-of-the-art network embedding models on
the tasks of classification and clustering.

6.4.4.1. Baseline models. We chose the following three network embedding mod-

els as baselines.

* DeepWalk [9]: DeepWalk uses short truncated random walks to transform a network

into node sequences. It then leverages the use of skip-gram to learn its representations.

* LINE [13]: LINE models node co-occurrence probability and node conditional prob-
ability of a network. By doing so, it can preserve both the first-order and the

second-order proximities of the undirected network.

* Node2vec[10]: Node2vec can strike a balance between local and global properties of a
network by leveraging the use of biased random walks for exploring the neighborhood

of a node.

6.4.4.2. Parameter setting. We implemented the baseline models using the OpenNE
Python toolkit. For DeepWalk and node2vec, we set the number of walks per node = 10,
length of random walk = 20, and window size = 10, respectively. For LINE, we set the

number of negative samples = 5 and order = 3.
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Table 6.3. Accuracy (%) of POI classification on SHN

% Labeled Nodes | 10% 20% 30% 40% 50% 60% 70% 80% 90%
DeepWalk 37.51 | 3324 | 39.53 | 40.39 | 41.63 | 42.17 | 42.82 | 44.12 | 45.08
LINE 26.75 | 27.14 | 28.82 | 29.04 | 30.61 | 31.49 | 3223 | 3398 | 35.67
Macro-F1% | node2vec 38.15 | 4042 | 34.07 | 35.61 36.19 | 37.82 | 39.56 | 41.33 | 42.71
ns2vec 3635 | 39.81 | 4391 | 45.72 | 46.38 | 47.34 | 49.05 | 49.62 | 50.16
DeepWalk 63.14 | 67.01 | 6552 | 69.25 | 7042 | 72.03 | 73.31 | 7485 | 7547
LINE 61.56 | 6198 | 62.74 | 63.62 | 64.07 | 6537 | 6642 | 67.16 | 68.82
Micro-F1% node2vec 67.22 | 65.09 | 68.63 | 66.51 | 67.78 | 68.04 | 68.85 | 69.16 | 69.94
ns2vec 65.73 | 64.87 | 70.81 | 71.43 | 73.18 | 74.62 | 75.84 | 76.36 | 77.31

For our developed model (ns2vec), we set the window size = 10, walk length = 20,
walks per node = 10, and negative sample per input sample = 5. We set the embedding
dimension d = 300. We use Macro-F1 and Micro-F1 scores as evaluation metrics as there is
a class imbalance in the dataset. The number of POIs for each POI category is not equally
distributed.

6.4.4.3. Classification. In network analysis, classification is an important task. We
performed multi-label classification using a logistic regression classifier. For the task of
classification, we used learned embedding as node features, and the POI categories as node
labels. Also, to evaluate how the model deals with data sparsity, we performed classification
with varying percentages of labeled nodes. Table 6.3 shows classification accuracies with
different training ratios on different datasets. The best results are bold-faced.

We observe that our developed model (ns2vec) outperforms the three baseline mod-
els in most of the occasions. However, node2vec performs slightly better than ns2vec on
two occasions where there was a low number of labeled nodes available for our model to
build corpus on and generate quality embeddings. Overall performance also proves that our
developed model can better address the data sparsity problem as it consistently outperforms

other baselines for varying ratios of labeled nodes.
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6.4.4.4. Clustering. We use clustering as a way to group POls into different groups.
Owing to the latent semantics of the generated embeddings, the POIs with the same func-
tional semantics will be more close in the latent semantic space. We perform cosine distance
based k-means clustering to verify the discriminability and validity of the latent semantic
features on the generated embeddings of the baseline models and our developed model.

Here, k is set to 5.  Figure 6.6 shows the results of the clustering task. We have used

R L

i (b') LINE

(a) DeepWalk

(c) node2vec (d) ns2vec

Figure 6.6. Clustering visualization

t-SNE to reduce the high dimensional features vector to 2 dimensions. By using the 2
dimensions as X,y coordinates, the nodes can be plotted. We observe that the embeddings
generated from our developed model helps learn better clustering, separation of the vertices,
and boundaries of each group when compared to the baseline models. The results further
demonstrate that network embedding learned from our model can help preserve spatial and

temporal proximities more efficiently.
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6.5. CONCLUSION

Section 6 develops a spatiotemporal network embedding framework that considers
the users’ current location, the influence of the temporal dimension, and geographic influ-
ence while capturing latent representations of the spatiotemporal networks. In particular,
the model uses a weighted probabilistic measure to effectively represent the importance of
POIs as nodes and sequential transition patterns of human mobility between nodes. It then
employs meta-path constrained random walks to learn the structural similarities present
within the constructed spatiotemporal network observed by weighted random walks. Also,
it captures contrastive node senses based on mutiplex of spatial and temporal contexts that
anode in an SHN can be associated with by leveraging the use of spectral graph clustering.
For embedding the spatiotemporal network, the model employs skip-gram to map node
vectors to their semantic space in the low-dimensional space, effectively preserving the
intrinsic structure of the SHN. The effectiveness of learned embeddings is evaluated by first
testing it on the task of recommending POIs to users by using learning to rank models. To
test the ability of the developed network embedding method to recover the original network
more accurately, it is compared against state-of-the-art network embedding methods over
the data mining tasks of classification and clustering. The experimental results are validated
by comparing them with real-world cases. The POI recommendations results are validated
by checking if the user actually visited any one of the n recommended POIs given his
location [/ at time ¢ in real life. The classification and clustering results are validated by
using POI categories as true labels. The results prove that the developed framework can
be effectively used to capture the relationship between spatial structures and the dynamic

sequential transition patterns of human mobility in an urban region.
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7. SUMMARY AND CONCLUSIONS

The dissertation systematically discusses the novel frameworks developed to effec-
tively learn the representations of a multiplex of spatial and temporal relationships that exist
between nodes in Spatiotemporal Heterogeneous Networks (SHNs). We can summarize
their contribution, limitations, and evolution from one framework to the next as follows:

The collective representation learning framework with features importance intro-
duces a collective network embedding approach that uses autoencoders and Laplacian score
to learn effective embeddings of SHNs of urban communities [80]. Additionally, it also
introduces a new weighted degree centrality measure to more accurately ascertain the node’s
interconnectedness strength. Experimental results show that the embeddings learned from
the developed framework can capture the intrinsic structure of the urban communities more
accurately, and outperforms state-of-the-art alternatives. However, the techniques used by
the framework to learn the embeddings from constructed periodic SHNs render it inefficient
for learning the multimodal correlation that exists between objects in an SHN. This makes
the embeddings learned from the framework unsuitable for spatiotemporal applications
geared towards traffic and smart transportation systems. This drawback is addressed by the
Modality Aware Representation Learning Framework.

The modality aware representation learning framework [81] approaches the problem
of learning the multimodal correlation between objects in an SHN by using the tensor
factorization method. It first models the spatiotemporal data as multi-dimensional tensors.
It then applies the CP decomposition technique to factorize the tensor into a sum of lower-
dimensional rank one tensors. Additionally, the tensor factorization method when used to
reconstruct the compressed tensor can also predict missing data. The framework leverages
these properties to address problems related to traffic and transportation. Specifically, we
use the framework to identify regions with demand and supply shortages of stationless

bicycle and to address the traffic congestion problems caused due to parked bicycles. The
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experimental results prove that the developed framework provides better accuracy while
reconstructing the original tensor from the factorized tensor, and can also keep the number
of parameters to be stored at minimal compared to other baseline models. However,
one of the major disadvantages of the developed framework is its inability to capture the
intrinsic characteristics of the spatiotemporal features like correlation or mutual information
which in turn results in loss of information about spatial and temporal allocations and the
significance of geographical structures. This hinders its ability to efficiently learn human
mobility patterns and raises the need to build an intuitive framework. Also, the performance
of the tensor factorization model in terms of predicting missing data goes down when
handling very high dimensional tensors and becomes computationally expensive. These
disadvantages are addressed by the Distributed Representation Learning Framework.

To address the problem of learning representations of human mobility patterns
encompassed by SHNs, we develop two types of distributed representation learning frame-
works [82] that leverage the power-law distribution associated with human mobility patterns
. (1) Multilingual SHNE (M-SHNE): It leverages the use of random walks along with a
multilingual word embedding technique used in natural language processing (NLP) to col-
lectively learn the spatiotemporal proximity measures of human mobility patterns between
nodes in Spatiotemporal Heterogeneous Networks (SHNs) and preserve it in a low dimen-
sional vector space. (ii) Meta-path Constrained Random walk SHNE (MCR-SHNE): It
combines the advantage of meta-path counting algorithm, path constrained random walks,
and a word embedding technique to generate lower dimensional embeddings that preserve
the spatiotemporal proximity measures of human mobility patterns in SHNs. Experimental
results demonstrate the effectiveness of the two developed models over state-of-the-art al-
gorithms on real-world datasets. However, as both the developed models use skip-gram for
embedding the SHN they suffer from node sense ambiguation problem, i.e. given a node
that occurs in multiple different contexts of human mobility pattern the skip-gram is unable

to deal with it, resulting in the learning of ambiguous representations. This problem is



95

especially challenging to deal with when attempting to learn the representations of SHN's as
most of the nodes appear in multiple contexts and unlike NLP-based algorithms, we cannot
resolve the problem by using a supervised labeling approach. This problem is addressed in
the developed Node Sense Disambiguation Framework.

The state of relationships between nodes in an SHN is everchanging with respect
to spatial and temporal contexts. Thus, to deal with the node sense ambiguation problem
posed by the skip-gram model, we develop a node sense disambiguation framework that
captures the representations of such nodes by learning their contrastive contextual node
senses. Specifically, we use Spectral graph clustering to first calculate the edge weight
between node vectors, and then the conductance for each cut is measured. Similar node
vectors are then clustered into groups, each identifying a sense of the target node. Each node
sense is then mapped to their respective nodes. The new vectors with mapped node senses
are then trained using the skip-gram model to create SHN embeddings that incorporate
contrastive contextual node senses. Experimental results demonstrate the effectiveness
of the node sense disambiguation framework over the developed M-SHNE, MCR-SHNE,
and other baseline models. However, the utilization of Spectral Graph Clustering to learn
contrastive node senses does make the framework more resource and memory intensive
compared to the other two algorithms.

Based on the developed representation learning frameworks for SHNs, possible re-
search direction moving forward could be on developing models that are more interpretable.
Specifically, majority of the existing representation learning models lack interpretability.
This is due to non-intuitive mappings from data features to salient properties of the repre-
sentation. Some possible ways to overcome this would be (i) developing visualization tools
that can help visualize the modeling process; (ii) investigating the causality between the

input and the output.
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Additionally, research in the direction of protecting the privacy & security of the data
can be valuable. Rich Spatiotemporal data collected from various sources, if not protected,
can pose serious privacy and security threats. Therefore, it is essential to handle data of
such nature with great care. We can alleviate risks associated by adapting techniques such
as federated learning. It offers a way to preserve user privacy by decentralizing data from

the central server to end devices.
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